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Abstract
Dr. Reddy's Laboratories rituximab (DRL_RI; Dr. Reddy's Laboratories SA, Basel, 
Switzerland) is under development as a rituximab biosimilar. Study RI- 01- 002 
(Clinical Trials Registry -  India/2012/11/003129), comparing DRL_RI to the refer-
ence medicinal product (RMP) MabThera® (Roche, Grenzach- Wyhlen, Germany), 
demonstrated pharmacokinetic (PK) equivalence and showed comparable pharma-
codynamic, efficacy, safety, and immunogenicity profiles. We used data from the 
same study to perform population PK and PK– pharmacodynamic analyses: first 
exploring possible factors influencing the PK similarity assessment between prod-
ucts and then performing simulations to investigate the impact of tumor size on 
rituximab PK. Nonlinear mixed- effects models for PK, tumor size, tumor size– PK, 
and tumor response were developed independently. The final PK model included 
drug product as a dose- scaling parameter and predicted a 6.75% higher dose reach-
ing the system in RMP- treated patients. However, when tumor size was included 
in the tumor size– PK model, the drug product effect was no longer observed. The 
model rather indicated that patients with larger tumor size have higher clearance. 
Further simulations confirmed that higher baseline tumor size is associated to 
slightly lower rituximab exposure. Tumor response, described by a continuous- time 
Markov model, did not differ between drug products. Both had higher effects dur-
ing the first 20 weeks of treatment. Also, the model described a subpopulation of 
nonresponders to treatment (42%) with faster transitions to a worse state. The differ-
ent rituximab exposure initially detected between drug products (6.75%) was shown 
using PK/PK– pharmacodynamic analysis to be attributed to a tumor size imbalance 
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INTRODUCTION

Rituximab is a chimeric anti- CD20 monoclonal antibody 
used to treat various autoimmune diseases and cancer 
forms. Rituximab binds to CD20, mainly present on B 
cells, and kills both normal and malignant CD20+ cells 
via multiple mechanisms. Rituximab has been proved ef-
fective in patients with various lymphoid malignancies, 
including non- Hodgkin lymphomas (NHL).1,2 Diffuse 
large B- cell lymphoma (DLBCL) is the most common 
histological type of NHL, comprising up to 40% of all 
cases globally.3 It is a heterogeneous, fast- growing, and 
aggressive form of lymphoma and is known to have the 
highest expression of cell- surface CD20 compared with 
other B- cell malignancies.4,5 In patients suffering from 
DLBCL, long- term outcomes have significantly im-
proved after the addition of rituximab to the standard- 
of- care chemotherapy cyclophosphamide, doxorubicin, 
vincristine, and prednisone (CHOP).6,7 The high costs 
of rituximab necessitate the urgent development of new 
biosimilars to allow more patients access to safe and af-
fordable treatment.8,9

Dr. Reddy's Laboratories rituximab (DRL_RI; Dr. 
Reddy's Laboratories SA, Basel, Switzerland) is under 
development as a rituximab biosimilar and has been 

compared with the EU and US reference medicinal 
product (RMP; MabThera®, Roche, Grenzach- Wyhlen, 
Germany).10,11 The results of study RI- 01- 002 (Clinical 
Trials Registry -  India/2012/11/003129) demonstrated 
pharmacokinetic (PK) equivalence between DRL_RI and 
RMP and showed comparable pharmacodynamic, effi-
cacy, safety, and immunogenicity profiles.10 This study 
was powered for demonstrating PK similarity but not sim-
ilarity in efficacy/pharmacodynamics. Previous knowl-
edge shows that rituximab undergoes target- mediated 
drug disposition (TMDD),12 thus determining a recipro-
cal dependence of PK and pharmacodynamics profiles. 
Understanding these drug characteristics may facilitate 
results interpretation. Therefore, population PK and 
PK– pharmacodynamic analyses were conducted to aid 
the evaluation of PK similarity between DRL_RI and 
RMP. Specifically, these analyses aimed to identify and 
explain any differences in PK and/or pharmacodynamic 
between drug products and to characterize the exposure– 
response for selected end points. The population PK and 
PK– pharmacodynamic profiles of rituximab were charac-
terized for several end points, with the aims to (i) explore 
factors influencing the PK similarity assessment of the 
two products and (ii) perform simulations to explore the 
impact of tumor size on rituximab PK.

between treatment groups. PK/PK– pharmacodynamic analyses may contribute to 
PK similarity assessments.

Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
There is an urgent need to develop rituximab biosimilars to enable patient access 
to quality and affordable treatments.
WHAT QUESTION DID THIS STUDY ADDRESS?
Do the pharmacokinetic (PK) and PK– pharmacodynamic profiles of rituximab 
differ between the two drug products here compared, Dr. Reddy's Laboratories 
rituximab and the reference medicinal product? What is the impact of tumor size 
on rituximab PK profiles?
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
The drug product was not a significant predictor of PK, tumor size, or tumor 
response. Larger tumor size is associated to slightly lower rituximab exposure.
HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT, 
AND/OR THERAPEUTICS?
Population PK– pharmacodynamic analyses may contribute to PK similarity 
assessments by evaluating specific issues observed in the studies. Despite the 
current regulations for biosimilarity assessments limiting the use of population 
analysis for this scope, the current analysis is an example of how such a study can 
identify hidden factors generating apparent differences between drug products.
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METHODS

Study design

The population PK and PK– pharmacodynamic analyses 
were based on data from study RI- 01- 002,10 a randomized, 
double- blind, parallel- group clinical study conducted in 
151 patients with DLBCL at 44 centers in India. Patients 
were aged 18 to 60 years, previously untreated, and had 
histologically confirmed CD20- positive disease (Tables S2, 
S3). Patients were randomly assigned to either of the two 
treatment arms: DRL_RI (n = 76) and RMP (n = 75). In both 
arms, patients received rituximab at the approved doses of 
375 mg/m2 body surface area (BSA) as a 4- h intravenous 
infusion on Day 1 of each 21- day rituximab- CHOP cycle, 
for a total of six cycles (Figure S1).10 The Supplementary 
Material includes details on sampling schedules for PK 
and pharmacodynamic end points (Figure S1), study de-
sign, and analytical assessments (Methods S1). The study 
was approved by an independent ethics committee or 
institutional review board at each study center and con-
ducted in accordance with the Declaration of Helsinki, 
International Council for Harmonization Good Clinical 
Practice guidelines, and applicable local regulations. Each 
patient provided written informed consent before study 
entry.

Model development

Nonlinear mixed- effects models for PK, tumor size, tumor 
size– PK, and tumor response were developed indepen-
dently. Three more end points (dropout, event- free sur-
vival, and B- cell counts) were modeled in this analysis 
but, for parsimony, will not be presented here. The rela-
tionship between PK and B- cell counts was explored but 
was not carried forward due to limited improvement in 
model fit and model instability. Furthermore, informative 
dropout was accounted for when evaluating the tumor 
size model using visual predictive checks (VPCs).

In the PK– pharmacodynamic analyses of tumor size 
and tumor response, the individual PK parameters (IPP) 
approach13 was used to predict the continuous rituximab 
concentrations using the final intermediate PK model.

Structural model

Intermediate PK model

The starting point for the PK analysis was a rituximab 
PK model previously described in DLBCL patients:14 a 
linear two- compartment model where BSA was included 

as a covariate on central volume of distribution (Vc). This 
model14 was first evaluated with the PK data from study 
RI- 01- 002 (in NONMEM with MAXEVAL = 0 and a VPC), 
then reestimated based on data from the same study, and 
finally adjusted to describe the current data. Among other 
adjustments, BSA was removed from the model and only 
body weight (WT) was included as a time- varying structural 
covariate using allometric scaling with estimated exponents 
on clearance and volume of distribution terms. At this stage, 
the analysis indicated model misspecifications that could be 
possibly due to TMDD.12 Therefore, a TMDD model15 with 
a quasi- equilibrium (QE) assumption16 was implemented 
assuming a 1:1 binding proportion between rituximab and 
the receptor (Results S1). The TMDD model assumed that 
the target was present in the central compartment and the 
free drug concentrations measured by the PK assay were 
predicted by subtracting the total complex concentrations 
from the total drug concentrations. The model obtained was 
used for the covariate analysis step (Table S1) and thereafter 
considered as the final intermediate PK model.

Tumor size model

Tumor size was assessed as the sum of products of diam-
eters (SPD) for target lesions. To develop the tumor size 
model, two starting points were considered: the Claret 
et al. 2009 model17 and the Stein et al. 2008 model.18 The 
first model had stability issues and was not taken forward; 
therefore, the Stein et al. 2008 model was used. Equations 
were further adapted by adding the parameter Base to de-
scribe complete response (CR), which in DLBCL is defined 
as the lymph node returning to the normal/healthy size:

where TSFD is the time since first dose, TUM0 is the param-
eter describing the estimated baseline tumor size, kkill is a 
first- order net kill rate constant for the susceptible tumor 
fraction, kg is a first- order tumor growth rate constant, and 
presistant is the fraction of the tumor nonsusceptible to treat-
ment described as

where θTUM,resistant is the logit of presistant. The number of tar-
get lesions (NTARG) was explored on θBase as a structural, 
time- varying covariate using the power model:

(1)SPD=TUM0 ⋅
(

1−presistant
)

⋅e−kkill⋅TSFD

+TUM0 ⋅presistant ⋅e
kg ⋅TSFD+Base,

(2)presistant =
eθTUM,resistant

1 + eθTUM,resistant
,

(3)Base=�Base ⋅

(

NTARG

3

)�NTARG−base

,
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where θNTARG– base is a coefficient for number of target le-
sions on θBase. The maximum number of target lesions 
observed was nine. To account for tumor regrowth in a frac-
tion of patients, two subpopulations of kg were specified: 
one with kg of 0 and another for which kg was estimated. 
The addition of exposure– response of rituximab on kkill, 
using the maximum effect (Emax) function, did not improve 
the model and was thus not taken further. Thus, the model 
here described was used for the covariate analysis step.

Tumor size– PK model

A tumor size– PK model was then developed and used to 
investigate the impact of tumor size on rituximab total 
clearance. The intermediate PK model, used as starting 
model, was modified by (a) removing the drug product 
scaling effect on the rituximab dose (identified as a covari-
ate), (b) removing the TMDD model15 with a QE assump-
tion,16 and (c) introducing a saturable elimination pathway 
where rituximab clearance (CL) was described by

where CL represents a constant CL term, Vmax is the maxi-
mum elimination capacity, Km is the concentration at half 
maximum elimination capacity, and Cp is the predicted rit-
uximab plasma concentration. The individual, time- varying 
tumor size (predicted by the final tumor size model using 
the IPP approach) was then explored on Vmax with a power 
relationship. Furthermore, assuming that Km>>Cp and 
that Km + Cp ≈ Km, Cp was removed from the tumor size– 
dependent component of CL and Vmax

Km
 was simplified to 

CLTS , leading to a good model fit.

Tumor response model

The continuous time Markov model (CTMM), which has 
been previously applied to model other ordered categori-
cal end points,19– 24 was used to model the tumor response 
data. The categories included were the following: CR, par-
tial response (PR), stable disease (SD), progressive disease 
(PD), and dropout (DO). The response category defini-
tions,25 the CTMM implemented in the current analysis, 
and the related equations are reported as Supplementary 
Material (Methods S1).

Individually predicted drug exposure derived using the 
IPP approach based on the final intermediate PK model 
and TSFD were considered as structural covariates. Adding 
exposure– response using the additive or proportional linear, 
Emax, sigmoid Emax, and power models on the rate constants 

between categories (kSD– PR and kPR– CR) did not significantly 
improve the model. The effect of TSFD (ETSFD) was tested 
on kSD– PR and kPR– CR using the exponential model and the 
sigmoid time to Emax model. To allow for maximum flexibil-
ity, the rate constants were assumed to consist of two parts: 
ki– j,TSFD, dependent on TSFD, and ki– j, time independent.

Finally, a mixture model on kCR– PR, kPR– SD, and kSD– PD 
was tested and assumed that the population who did not 
respond to treatment had higher values for all of these 
transfer- rate constants compared with the population who 
responded to treatment. This base model was further used 
for the covariate analysis step.

Stochastic model

For the PK model, the interindividual variabilities (IIVs) 
initially considered were on CL, Vc, intercompartmen-
tal clearance (Q), and peripheral volume of distribu-
tion (Vp). Furthermore, IIVs were tested on dissociation 
constant, baseline amount of target/receptors (Rtot,0), 
and TMDD- related CL parameters. For the tumor size 
model, IIVs were tested on θBase and kg. For the tumor 
response model, IIVs were tested on the rate constants, 
either taken alone or together, with and without the cor-
relation terms.

Residual unexplained variability (RUV) was included 
in the PK model and the tumor size models as a log- 
additive (exponential) error model.

Covariate model

Missing covariates were imputed with the median (for 
continuous covariates) or most common category (for cat-
egorical covariates) in the data set. If a patient missed one, 
or more, values for a time- varying covariate, these were 
imputed by carrying forward the closest previous value.

Various baseline covariates (Table  S1) were tested 
using the stepwise covariate model building procedure 
(SCM)26– 29 (Methods S1).

For all primary models (intermediate PK, tumor size, 
and tumor response models), after completion of the first 
SCM testing exploratory covariates, a second SCM was 
conducted to specifically test the effects of drug product 
(DRL_RI or RMP). For the tumor size– PK model, no ex-
ploratory covariate analysis was conducted, but the effects 
of drug product were tested. Covariates that were not 
deemed clinically relevant were removed from the final 
model.

(4)CL(t) = CL +
Vmax

Km + Cp
,

(5)ki−j,effective=ki−j+ki−j,TSFD ⋅ETSFD
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Model evaluation

For modeling of continuous end points (i.e., PK, tumor 
size), model evaluation was based on graphical inspec-
tion of goodness- of- fit (GOF) plots, relative standard er-
rors (RSEs) of parameters, and VPCs (Methods S1). For 
the tumor response end point, model evaluation was 
mainly based on RSEs and VPCs. Dropout was accounted 
for when generating VPCs for the tumor size model. The 
detailed methods used for model discrimination and fina-
lization are described in Methods S1.

Simulations

Simulations were performed to evaluate the impact of 
baseline tumor size on rituximab PK (conditions used for 
the simulations are described in Methods S1). All param-
eters from the final tumor size– PK model, except TUM0, 
were used to simulate longitudinal tumor sizes and ex-
posures. Conversely, TUM0 was considered according to 
three possible scenarios based on the median and percen-
tiles of the observed baseline tumor size across all patients:

Low tumor size scenario: TUM0 set to 1070 mm2 (i.e., 
25th percentile).

Median tumor size scenario: TUM0 set to 2615 mm2 
(i.e., median).

High tumor size scenario: TUM0 set to 4681 mm2 (i.e., 
75th percentile).

Two more scenarios, considering tumor size and treat-
ment arm, were explored but did not indicate significant 
results (Methods S1). The three scenarios mentioned pre-
viously were simulated to generate the following model- 
based secondary parameters: area under the curve over 
the dosing interval (AUC0– 21), maximum concentration 
(Cmax), and trough concentration (Ctr). These secondary 
parameters were summarized in Cycles 1 and 6 using 
boxplots.

Software and hardware

Model development was conducted using NONMEM 
(Version 7.3; ICON plc).30 The first- order conditional 
estimation method with interaction was used for mod-
eling PK and tumor size. For the CTMM, the Laplacian 
estimation method in NONMEM was used. Perl- speaks- 
NONMEM Version 4.9.026– 28 was used for automation 
and postprocessing purposes. The software R (Version 
3.5.3; R Foundation for Statistical Computing)31 was used 
for data management. R, including the package xpose4 
Version 4.6.1,28,32 was used for GOF analyses and model 
evaluation.

RESULTS

Patient demographics and clinical data

Patient demographics (Tables  S2, S3) were largely simi-
lar between drug products, except for baseline tumor size 
that was slightly higher for the DRL- RI treatment. In total, 
3914 PK samples were collected from 151 patients, 1010 
tumor size observations were recorded from 141 patients, 
and 1003 tumor response observations were recorded 
from 144 patients. The number of observations and pa-
tients were almost equally distributed between DRL_RI 
and RMP treatments.

Graphical analysis

After rituximab administration, a biphasic distribution 
pattern was observed, suggesting that a two- compartment 
disposition model was needed to describe the PK of rituxi-
mab (Figure 1a). No strong signs of TMDD were observed. 
Both drug products appeared to have comparable PK pro-
files. Also, no differences were observed in the PK profiles 
of the five subjects with antidrug antibodies (ADA) posi-
tivity included in the study.

An overall gradual decrease of the tumor size over time 
was observed until a stable size was attained (Figure 1b). 
Although this trend was comparable between drug prod-
ucts, most patients with the highest tumor sizes over time 
were treated with DRL_RI. Nevertheless, the absolute 
and relative change from baseline tumor size was gener-
ally comparable between drug products (Figures  1c,d). 
This observation may be explained by the slightly larger 
baseline tumor size in patients randomly selected in the 
DRL_RI treatment arm (SPD in Table S2).

When considering tumor response during the study 
period, the proportion of patients in each response cate-
gory, as well as the category transitions, were comparable 
between drug products (Figure 1e). The probability for a 
patient to transition to a different response category ap-
peared to be time dependent. Specifically, at Week 6 (the 
first scheduled on- treatment tumor response assessment) 
most patients had transitioned from SD (assumed as the 
state of all patients prior to rituximab administration) to 
PR and then from PR to CR between Weeks 12 and 39. 
From about Week 39 onward, most patients remained in 
the same response category.

Intermediate PK model

The final intermediate PK model was a TMDD model15 with 
a QE assumption16: a two- compartment disposition model 
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with two CL terms, one for the free drug and one for the 
drug– receptor complex (CLcomplex). The structural covariates 
included were drug product and WT, the latter considered as 
an allometric scaling factor on clearance and volume of dis-
tribution terms; among the exploratory covariates, sex was 
included on Vc because Vc was found to be lower for females, 
as previously reported.12 IIV terms were included for Vc, Q, 
and Rtot,0, and a shared IIV was included on CL and CLcomplex.

VPCs of drug concentrations over time (Figure  S2a) 
and concentrations of trough samples (Figure  S2b) as 

well as parameter estimates (Table  S4) are included as 
Supplementary Material. Altogether, these indicate an 
overall good description of the observed data and that pa-
rameters were estimated with reasonable precision by the 
final intermediate PK model despite the rather high RSE 
of CLcomplex (50.7%; Table S4).

Five patients had at least one positive sample for ADA 
at any timepoint during the study. As a sensitivity analy-
sis, the final intermediate PK model was reestimated after 
excluding ADA- positive subjects, which did not lead to 

F I G U R E  1  End point– specific 
graphical exploration. (a) Observed 
free rituximab plasma concentrations 
versus time after last dose, colored by 
drug product and treatment cycle in the 
analysis data set for the pharmacokinetic 
model. The plot includes data after 
Cycles 1 and 6. Each line represents 
data for one patient. The thicker lines 
are loess smooths. Measurements below 
the lower limit of quantification are not 
included in the plot. (b) Observed tumor 
size, measured as SPD, versus time on a 
semilogarithmic scale; data are colored by 
drug product in the analysis data set for 
the tumor size model. Each line represents 
data for one patient. (c) The same data 
shown in plot b but presented as change 
from baseline. (d) The same data shown 
in plot b but presented as relative change 
from baseline. (e) Proportion of patients in 
the observed tumor response categories, 
or dropout, for patients remaining in the 
study at the previous observation time; 
these proportions are plotted versus time 
since first dose for the analysis data set 
for the tumor response model, stratified 
by drug product and colored by tumor 
response category. Only observations from 
visits with scheduled tumor response 
assessments (thus not unscheduled visits) 
are included in the plot. DRL_RI, Dr. 
Reddy's Laboratories rituximab; RMP, 
reference medicinal product; SPD, sum of 
products of diameters.
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relevant differences in the final parameter estimates. In 
addition, the IIVs of the ADA- positive subjects were well 
within the IIV distributions of all subjects.

Tumor size model

The final tumor size model (Equation 1) was a mixture 
model accounting for two subpopulations with different 
tumor regrowth rates (12.9% of the patients had a kg of 
0.133/week) and included a constant tumor kill rate for 
all patients, that is, no significant rituximab exposure– 
response relationship was included. None of the covari-
ates tested by SCM, including drug product, was found to 
be significant for this model; thus, time- varying NTARG 
was the only structural covariate added (Equation 3). IIVs 
were included on TUM0, kkill, Base, kg, and θTUM,resistant.

The parameters of the final model show reasonably 
precise parameter estimations (Table 1) despite the high 
RSE for the IIV in kg (56.6%). Furthermore, a VPC show-
ing SPD versus time since first tumor size measurement 

(Figure S3) showed that the final model describes the data 
overall well.

Tumor size– PK model

Tumor size effect on PK was then explored (Model S2, 
Figure 2). Two additional parameters were considered but 
did not modify the current model: SPdrug product (describing 
the relative difference between drug products in terms of dose 
reaching the system) and B- cell counts. Because SPdrug product 
was included to scale rituximab dose in the final intermedi-
ate PK model, its effect was retested here using SCM but was 
not found to be significant. Finally, the observed peripheral 
blood B- cell counts were tested as a structural covariate on 
CL (on top of tumor size) but not taken further.

Therefore, the final tumor size– PK model included the 
following components for CL:

(6)CL(t)=CL+CLTS ⋅e
�⋅ln

(

TUM(t)
TUMref

)

,

T A B L E  1  Parameter estimates of the final tumor size model

Final tumor size model

Run 21

OFV −1705.73

Condition number 20.83

Unit Value RSE (%)

TUM0 mm2 1830 10.4

kkill /week 0.322 8.55

θBase
a mm2 313 3.74

θNTARG- base 1.06 3.16

kg
b /week 0.133 12.5

θTUM,resistant
c (logit scale) −4.04 7.84

pmix 0.871 3.91

IIV TUM0 CV 1.08 7.78

IIV kkill CV 0.608 6.92

IIV Base CV 0.124 15.0

IIV kg CV 0.336 56.6

IIV θTUM,resistant (STD, logit scale) 2.10 12.8

RUV CV 0.126 1.82

Note: The RSE for IIV and RUV parameters are reported on the approximate STD scale. The MATRIX = S option was used to obtain the RSEs.
Abbreviations: θNTARG- base, coefficient for number of target lesions on Base; CV, coefficient of variation; IIV, interindividual variability; kg, first- order tumor 
growth rate constant; kkill, first- order kill rate constant; OFV, objective function value; pmix, probability to not have regrowth pattern; RSE, relative standard 
error; RUV, residual unexplained variability; STD, standard deviation; SHR, shrinkage; TUM0, tumor size at baseline.
aθBase is a parameter representing the normal/healthy size of the target lymph nodes (for a subject with three target nodes/lesions) and describes the general 
tumor size level during follow- up in the present patient population. The specific tumor size during follow- up was given by Equation (3), where NTARG is the 
number of target lesions.
bkg is the growth rate for subjects with regrowth pattern (the probability to have regrowth pattern is 1−pmix). kg was set to 0 for subjects without regrowth 
pattern (the probability to not have regrowth pattern is pmix).
cθTUM,resistant was estimated on the logit scale and corresponds to a fraction of resistant tumor burden of 1.73%.
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where TUM(t) is the predicted tumor size at time t, and 
TUMref is the typical predicted tumor size at baseline.

The parameters of the final model show an overall 
low parameter uncertainty (Table 2). VPCs for this model 
were examined based on time since last dose for the com-
plete time- course (Figure  S4a), and for trough samples 
(Figure S4b). According to these, the final tumor size– PK 
model overall described the observed data well. However, 

for most cycles, a slight underprediction was observed in 
the trough samples for the RMP arm (Figure S4b).

Tumor response model

The final model for tumor response (Table  3) was a 
CTMM with five states, that is, CR, PR, SD, PD, and DO 
(Figure  3, Model S3) and with no IIV included. TSFD 
was included as a structural covariate on the SD– PD and 
PR– CR transitions. TUM0 was a significant predictor for 
both kSD– PR,TSFD and kSD– PD: larger TUM0 predicted faster 
transitions between these states. Conversely, drug product 
was not a significant covariate on any parameter.

A relevant characteristic of this model is that it consists 
of a mixture model (with subpopulations of responders/
nonresponders to treatment) with regard to all transitions 
to a worse state (Figure 3). Approximately 42% of patients 
was estimated to have some form of progression.

VPCs for the time course of observed tumor response 
categories (Figure  S5) and the transitions between 

F I G U R E  2  Schematic representation of the tumor size– 
pharmacokinetic model. CL, clearance; Vc, central volume of 
distribution; Q, intercompartmental clearance; Vp, peripheral 
volume of distribution; CLTS, tumor size– dependent CL; TUM, 
individually predicted tumor size.

Peripheral Central

Dose

+TUM

T A B L E  2  Parameter estimates of the final tumor size– PK model

Final tumor size– PK model

Run 57

OFV −4816.60

Condition number 27.59

Unit Value RSE (%) SHR (%)

CL L/h 0.0100 5.84

Vc L 3.87 3.46

Q L/h 0.0226 7.58

Vp L 5.45 2.67

WTa on CL and Qb 0.399 29.8

WTa on Vc and Vp 0.414 11.5

Sex on Vc
c −0.146 31.9

CLTS L/h 0.00310 18.4

Tumor size on CLTS
d 1.06 8.06

IIV CL CV 0.297 8.80 12.3

IIV Vc CV 0.254 5.01 6.78

IIV Q CV 0.506 7.41 23.0

IIV on CLTS CV 1.40 12.2 24.2

RUV CV 0.286 0.323 5.57

Note: The RSE for IIV and RUV parameters are reported on the approximate standard deviation scale. The MATRIX = S option was used to obtain the RSEs.
Abbreviations: CL, clearance; CLTS, tumor size– dependent CL; CV, coefficient of variation; IIV, interindividual variability; OFV, objective function value; Q, 
intercompartmental clearance; RSE, relative standard error; RUV, residual unexplained variability; SHR, shrinkage; Vc, central volume of distribution; Vp, 
peripheral volume of distribution; WT, body weight.
aWT was included on clearances and volumes of distribution using a power relationship with WTref = 75 kg used as reference.
bAllometric scaling was included only on CL, not on the CLTS component.
cSex was included on Vc, with Vc being the typical value for a male subject (θVc) and being an estimated value for females Vc = (θVc * [1 + θsex]).
dTumor size was included on CLTS using a power relationship.
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different tumor response categories confirmed that the 
final PK– pharmacodynamic model for tumor response 
provided an adequate description of the observed data.

Simulations to visualize the impact of 
baseline tumor size on rituximab PK

The simulated PK profiles showed a moderate dif-
ference in rituximab PK: larger baseline tumor size 
resulted in lower rituximab exposure and higher drop-
out (not shown). This was also reflected in the trends 
observed for the simulated AUC0– 21 and Ctr (Figure  4 
and Figure S6), whereas for the simulated Cmax the dif-
ferences between baseline tumor size scenarios were 
negligible.

DISCUSSION

The population PK and PK– pharmacodynamic profiles 
of the two rituximab products (DRL_RI and RMP) were 
characterized with the aims of identifying potential differ-
ences between drug products and assessing the impact of 
these differences on the demonstration of PK similarity. 
Once accounting for the population features, drug prod-
uct was not a significant predictor of PK, change in tumor 
size, or tumor response.

In this analysis, we initially developed separate mod-
els for PK, tumor size, and tumor response, using data 
from study RI- 01- 002, conducted in 151 patients with 
DLBCL. All models described the data reasonably well, 
and drug products appeared comparable. No strong signs 
of TMDD were observed in the initial graphical analysis 

T A B L E  3  Parameter estimates of the final model for tumor response

Final tumor response model

Run 136

OFV 1595.46

Condition number 13.22

Unit Value RSE (%)

kSD– PR /week 0.0500 23.6

Scaling factor kSD– PR,TSFD from kSD– PR
a /week 1000 (FIX)

kPR– CR /week 0.00766 39.4

kPR– CR,TSFD /week 0.0307 36.4

kdecay,SD– PR /week 1.83 39.0

kdecay,PR– CR /week 0.0526 41.7

Presp 0.576 10.0

kCR– PR /week 0 (FIX)

kCR– PR,prog /week 0.0200 31.0

kPR– SD /week 0.00436 43.3

kPR– SD,prog /week 0.0652 22.2

kSD– PD /week 0 (FIX)

kSD– PD,prog /week 0.0550 27.8

kCR– DO /week 0.00284 32.9

kPR– DO /week 0.00514 23.3

kSD– DO /week 0.00754 45.7

TUM0 on kSD– PD 1.64 23.2

TUM0 on kSD– PR,TSFD 1.71 20.9

Note: The RSE for IIV and RUV parameters are reported on the approximate STD scale. RSE of parameter estimates was derived using the MATRIX = R option 
in NONMEM.
Abbreviations: CR, complete response; DO, dropout from tumor response assessment; kdecay,i– j, first- order exponential decay rate constant for the time since 
first dose effect on the transition from tumor response category i to j; ki– j, first- order transfer rate constant from tumor response category i to j; ki– j,prog, first- 
order transfer rate constant from tumor response category i to j for subpopulation with progression; ki– j,TSFD, first- order transfer rate constant from tumor 
response category i to j that decays with time after first dose; OFV, objective function value; PD, progressive disease; PPD– DO, probability of transition from 
progressive disease to dropout; PR, partial response; Presp, proportion of population with slower transitions to clinically worse states; RSE, relative standard 
error; SD, stable disease; TSFD, time since first dose; TUM0, baseline tumor size.
akSD– PR,TSFD = 1000 * kSD– PR; the scaling factor of 1000 was determined using log- likelihood profiling.
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conducted to guide modeling, and this observation con-
trasts a previous publication reporting that rituximab 
undergoes TMDD.12 At high rituximab concentrations, 
protein catabolism is the dominant CL pathway, and the 
CL becomes apparently linear due to target saturation. 
The inflection point characteristic of TMDD is often ob-
servable at low exposure, for example, at a longer time 
after the last dose. Noteworthy, lower dose levels, which 
are associated with lower rituximab exposure, were not 
considered; a single dose level (the approved dose for 
DLBCL) was tested in this study. A sensitivity analysis 
ruled out an effect of ADA positivity on the PK results. 
The final intermediate PK model included drug prod-
uct as a dose- scaling parameter predicting 6.75% higher 
doses in RMP- treated patients. This initially suggested 
that different drug products may determine different 
rituximab exposures. However, when developing the 
tumor size– PK model, after tumor size was included 
as a predictor for rituximab CL, the drug product was 
not a significant covariate anymore. This indicated that 
the drug product effect on rituximab exposure detected 
earlier may not be a true difference but, rather, a conse-
quence of different baseline and/or time- varying tumor 
sizes. The final tumor size– PK model indicated that pa-
tients with larger tumor size have higher total CL; based 
on the final parameter estimates, the contribution of 
tumor size– dependent CL to the total CL was approxi-
mately 24%.

The final tumor size– PK model was then used to 
perform simulations aimed at exploring the impact 

of differences in baseline tumor size. The simulations 
showed that higher baseline tumor size is associated with 
slightly lower rituximab exposure and a higher dropout 
rate (Figure 4). Although in these simulations the differ-
ence in exposure does not seem to be clinically relevant, 
such a difference may complicate the demonstration of 
PK similarity; that is, the actual difference may be larger 
than that shown due to the association of larger baseline 
tumor size and higher probability to dropout. Therefore, 
differences in baseline tumor size between patients ran-
domly assigned in the DRL_RI and RMP arms (Figure 1b) 
may explain the slight difference in rituximab exposure 
between products (Figures S4).

The final tumor size model had a structure similar to 
that of a tumor growth model for solid tumors18 but was 
adapted to reflect the DLBCL characteristics. In DLBCL, a 
criterion for complete response is the lymph node return-
ing to normal size (rather than a complete tumor shrink-
age, which can be observed in solid tumors). Tumors 
consisted of two fractions: one susceptible to treatment 
and one resistant to treatment.18 The resistant fraction of 
the tumor was able to regrow, causing relapse/progressive 
disease. A mixture model predicted this regrowth to occur 
in a minority of patients (12.9%), whereas no regrowth 
was predicted in the remaining patients.

The sample size of the current study was chosen to 
demonstrate PK equivalence. Although this sample size 
seems sufficient for modeling continuous outcomes, 
such as PK and tumor size, it may not necessarily be 
adequate for modeling tumor response, which is an or-
dered categorical end point. In addition, the lack of both 
PK data for the CHOP components and an additional 
treatment arm using CHOP only limits our understand-
ing of how much rituximab, on top of CHOP, contrib-
utes to changes in tumor size and tumor response. A 
relevant proportion of treated DLBCL patients are cured 
with CHOP therapy.33 A major clinical trial in patients 
aged older than 60 years showed complete response 
rates of 63% with CHOP alone and 76% with the addi-
tion of rituximab.34 Also, a study in younger patients,35 
closer to the age characteristics of this study, reported a 
59% 3- year event- free survival with CHOP- like chemo-
therapies, which increased to 79% by adding rituximab. 
Thus, rituximab is considered a contributor to the al-
ready effective treatment. Altogether, this may contrib-
ute to explain why exposure– response relationships for 
tumor size and tumor response were not identified in 
our analysis. In addition, the single- dose level tested 
might have resulted in rituximab concentrations close 
to, or beyond, the saturation point for effect (where fur-
ther increases in the rituximab concentrations do not 
result in a higher response), contributing to this lack of 
exposure– response relationship.

F I G U R E  3  Schematic representation of the final population 
pharmacokinetic– pharmacodynamic model for tumor response. 
Solid lines represent mass balance relationships, whereas dashed 
lines correspond to functional relationships. The definitions 
of the tumor response categories follow the Cheson et al 2007 
criteria.25 CR, complete response; DO, dropout from tumor 
response assessment; ki– j, first- order transfer rate constant from 
tumor response category i to j; ki– j,TSFD, first- order transfer rate 
constant from tumor response category i to j that decays with time 
since first dose; P(i), probability of tumor response category i; PR, 
partial response; POPprog, subpopulation with faster transitions 
to clinically worse states; PPD– DO, probability of transition from 
progressive disease to dropout; PD, progressive disease; SD, stable 
disease; TSFD, time since first dose; TUM0, baseline tumor size.

P(CR) P(PR) P(SD)
− −
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−
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The majority of SD– PR and PR– CR transitions oc-
curred at early timepoints during treatment (Figure 1e). 
This suggests a time dependency of the drug effects and/
or that a more susceptible part of the tumor is initially af-
fected by treatment and a more resistant cell population 
may remain or arise due to the loss of CD20 expression at 
later times.4,5,36 The TSFD effect was accounted for using 
an empirical exponential decay model. Because the decay 
half- life of kdecay,SD– PR is 0.379 weeks and that of kdecay,PR– CR 
is 13.2 weeks, the initial drug effect on the SD– PR transi-
tion decays much more rapidly than the initial drug effect 
on the PR– CR transition. Similar to the tumor size model, 
the final tumor response model describes a subpopula-
tion of nonresponders to treatment (42% of the patients) 
with faster transitions to a worse state compared with 
the subpopulation of responders. DLBCL is a condition 
known to have a higher CD20 expression than other B- cell 

malignancies. The subpopulation of nonresponders may 
correspond to patients who develop rituximab resistance 
over time; this may be attributable to therapy- induced 
loss of CD20 expression and/or selection of malignant B- 
cell clones with lower cell- surface CD20 expression.4,5,36 
Finally, larger baseline tumor size was found to be associ-
ated with faster SD– PR transitions right after the first rit-
uximab administration and also faster SD– PD transitions 
in general.

This analysis presents additional limitations. First, the 
age limit for inclusion in the current study is 60 years, 
which is slightly lower than the median age of DLBCL 
diagnosis (64 years).37 This determines a left- skewed age 
distribution in our study (Table S2) and limits the conclu-
sions one can draw for older patients. By comparison, in the 
study by Rozman et al.12 in which patients had an age range 
of 48– 84 years and 58.6% of patients were aged >60 years, 

F I G U R E  4  Boxplot of simulated 
pharmacokinetic metrics for the low, 
median, and high baseline tumor size 
scenarios, stratified by treatment cycle. 
The horizontal line within each box 
represents the median; the box edges 
represent the 25th and 75th percentiles; 
the whiskers extend to the furthest data 
point that is no greater than 1.5 times 
the interquartile range. Each scenario 
was based on 500 simulated subjects. 
The median of pharmacokinetic metrics 
and number of patients contributing to 
each boxplot is shown above each box. 
Low, tumor size = 1070 mm2; median, 
tumor size = 2615 mm2; high, tumor 
size = 4681 mm2. AUC0– 21, area under 
the curve over the dosing interval; Cmax, 
maximum concentration; Ctr, trough 
concentration; N, number of patients.
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age was found to be a significant covariate for linear, non-
specific CL. However, in the study by Candelaria et al.,14 
using an upper age cap at 65 years, age was not a significant 
covariate, as in our study. Of note, the small sample size in 
the study by Rozman et al. (n = 29)12 compared with the 
current study (n = 151) and the study by Candelaria et al. 
(n = 251),14 as well as the different demographics observed, 
may limit effective comparison among these studies. The 
allometric exponents we estimated for clearances and vol-
umes of distribution were smaller than the theoretical val-
ues of, respectively, ¾ and 1. This difference is attributed to 
two factors: first, rituximab being a monoclonal antibody, 
which is frequently reported to have allometric exponent 
estimates that differ from the theoretical values;38 and sec-
ond, the narrow WT range in the current study in adults, 
which is often associated with allometric exponents being 
slightly underestimated.39– 42

Another possible limitation of this study is that 
tumor size is based on computed tomography (CT) eval-
uation (i.e., anatomical) and not on the joint metabolic– 
anatomical evaluation awarded by positron emission 
tomography CT.25 Despite this data limitation, the model 
works well, and the coefficient of variation of RUV was 
only 12.6%. The current analysis does not include genomic 
or proteomic features of the tumors. Also, the analysis 
considered the influence of tumor size on PK, whereas 
the reciprocal dependence of PK and tumor size was not 
accounted for. The final tumor size– PK model shows that 
responding patients undergoing tumor shrinkage will 
have increasing rituximab exposure, and nonresponding 
patients with tumor growth tend to have lower rituximab 
exposure. Finally, our analyses appear to differ from those 
shown by Viswabandya et al.,10 who reported larger dif-
ferences in PK metrics for DRL_RI versus RMP for Cycle 
6 compared with Cycle 1, despite confidence intervals 
broadly overlapping. It is worth noting that the compar-
ison made is based on the population simulations gen-
erated based on the final tumor size– PK model, whereas 
the PK metrics reported by Viswabandya et al.10 are based 
on noncompartmental analysis of individual- level, ob-
served PK profiles. Population analysis allows including 
some patients whose AUC0– 21 cannot be calculated using 
noncompartmental analysis; therefore, these analyses do 
not refer to the exact same population, which may de-
termine other differences. In addition, it is worth noting 
that the reported 90% confidence intervals are largely 
overlapping between Cycle 1 and Cycle 6, suggesting that 
the difference may not be statistically significant. Using 
PK and PK– pharmacodynamic analyses, we found that a 
larger tumor size was associated with slightly lower rit-
uximab exposure. No significant difference was found be-
tween drug products in PK, tumor size change, or tumor 
response. The current study exemplifies how PK and 

PK– pharmacodynamic analyses can be applied to identify 
hidden factors generating apparent differences between 
drug products, therefore contributing to PK similarity 
assessment.
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