The AAPS Journal (2019) 21: 22
DOI: 10.1208/512248-018-0290-x

@ CrossMark

Research Article

Predicting Overall Survival and Progression-Free Survival Using Tumor
Dynamics in Advanced Breast Cancer Patients

Hyeong-Seok Lim," Wan Sun,” Kourosh Parivar,” and Diane Wang*”

Received 3 September 2018; accepted 17 December 2018; published online 30 January 2019

ABSTRACT. Prediction of survival endpoints, e.g., overall survival (OS) and progression-
free survival (PFS), based on early observations, i.e., tumor size, may facilitate early decision
making in oncology drug development. In this paper, using data from six randomized trials
for first- or second-line advanced breast cancer (ABC) treatments with various mechanisms
of action, tumor size change from baseline at different observation time points was evaluated
as a predictor for survival endpoints using different modeling approaches. The aim is to
establish a predictive model where tumor size change from baseline can be used as a
treatment independent predictive marker for PFS and OS in first- and second-line ABC. The
results showed that tumor size change at single time point (TSP) or up to certain time points
as a time-varying covariate (TSTVC) were significant predictors for OS and PFS in the
survival models along with other covariates identified for each line of treatment. TSP and
TSTVC models performed similarly for first-line treatments; TSTVC performed significantly
better for second-line treatments. Eight weeks was selected as the recommended early
evaluation time of tumor size change to predict OS and PFS in both first- and second-line
treatment, while better prediction can be achieved for first-line OS by using 16 weeks tumor
size change. The result of this study is treatment independent and can be used to predict the
outcome of the clinical trials using early readout of tumor size change for the classes of drugs

that have been evaluated in this study.
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INTRODUCTION

Significant effort has been made toward identifying
predictors of oncology efficacy endpoints that are used for
regulatory approval, such as overall survival (OS) and
progression-free survival (PFS), to reduce attrition in late-
phase drug development. Models have been developed to
evaluate the relationships between early response measure-
ments and efficacy endpoints for a variety of tumor types (1-
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8). These analyses have shown that tumor size change from
baseline as an early response measurement and other risk
factors can be predictive markers for OS and PFS. The use of
these models to inform “go/no-go” decisions and trial design
is consistent with recommendations of the United States Food
and Drug Administration and the European Medicines
Agency for drug development (9,10).

Compared to other more aggressive tumor types, breast
cancer patients have a relatively longer PFS and OS given the
disease characteristics. As a result, it requires a longer period
of time to evaluate the efficacy outcome of test therapeutic
agents in clinical trials for breast cancer; thus, a reliable
prediction for the efficacy outcomes using identified prognos-
tic factors becomes even more crucial and useful for trial
design and drug development. Tumor size change from
baseline has been used to predict the clinical outcomes of a
phase 3 trial using a model built based on Phase 2 data with
the same patient population and treatment (2), and simulate
the clinical outcome of a future trial at a different dose level
using a model built based on data from two completed trials
with the same patient population and treatment (6). How-
ever, modeling work including data from multiple drugs,
especially those with different mechanisms of action for
breast cancer treatment to evaluate the prediction value of
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tumor size change from baseline, has not been reported. In
addition, systematic investigations on the predictive perfor-
mance of different modeling approaches of using tumor size
change and different observation times for tumor size change
as a predictor of efficacy outcome are currently not available.
In the present study, models describing tumor size
change over time and its relationship to survival endpoints
were developed using data from six randomized clinical trials
in patients with advanced breast cancer (ABC), including
three first-line trials and three second-line trials. These trials
included various anti-cancer agents with different mecha-
nisms of action including cytotoxic chemotherapies, anti-
angiogenesis, and a targeted therapy. The aim was to
establish a predictive model where tumor size change from
baseline could be used as a treatment independent predictor
for PFS and OS outcome in first- and second-line treatment of
ABC. In this study, we evaluated (1) different ways of using
tumor size change data in the survival model for each line of
treatment, namely tumor size change at single time point as a
covariate (TSP) versus longitudinal tumor size change as a
time-varying covariate (TSTVC) in the survival model; (2)
the timing of the tumor assessment that will provide a
reasonable prediction of PFS and OS as an early treatment
response; and (3) different imputation methods for tumor size
post last tumor evaluation when tumor size change is used as
a time-varying covariate. The result of this study, if it is
treatment independent, can be used to predict the outcome of
the clinical trials using early readout of tumor size change for
the classes of drugs that have been evaluated in this study.

METHODS

The analysis database included six randomized clinical
trials for ABC treatments, with 1133 patients from 3 first-line
treatment trials (one Phase 2 and two Phase 3 trials) and 852

The AAPS Journal (2019) 21: 22

patients from 3 second-line treatment trials (two Phase 2 and
one Phase 3 trials). As shown in Table I, these studies
evaluated various agents with different mechanisms of action,
i.e., cytotoxic chemotherapies (docetaxel, paclitaxel,
bevacizumab, capecitabine), anti-angiogenesis (axitinib and
sunitinib), and targeted therapy (neratinib and lapatinib),
given as first-line or second-line therapies.

First, baseline prognostic factors were screened in a
parametric survival model to identify the factors that had
significant impact on survival outcomes PFS and OS, sepa-
rately for first-line and second-line treatments. The models
included these significant prognostic factors were referred as
semi-final survival models. Then, a tumor size model was
developed to describe the tumor size change over time for
patients with both available baseline and post-treatment
tumor size data. Subsequently, the model-predicted tumor
size change was added to the semi-final models to link tumor
response to PFS/OS time using different approaches.

The goodness-of-fit of the models to observed data was
evaluated using statistical methods, diagnostic plots, and
visual predictive check (VPC). The Wald statistics test was
used for model evaluations, and the likelihood ratio test was
used to compare hierarchical models. All model development
and parameter estimations were performed using NONMEM
7.2 (ICON Development Solutions, Dublin, Ireland). Dataset
organization and plotting were performed using R software,
version 3.11.1 (R Foundation for Statistical Computing,
Vienna, Austria). Data were expressed as the count, percent-
age, mean + standard deviation (SD), or median (range), as
appropriate.

All the study protocols were reviewed and approved by
the Institutional Review Board at every participating hospital,
and all participating patients provided written informed
consent before screening. All these studies were conducted
in compliance with the Declaration of Helsinki and the

Table I. Clinical Trials Included in the Analysis

Study Main inclusion criteria Treatment Patients, Trial
(phase) n/N* registration”
First-line 11227/

1133
Study 1 Metastatic BC Axitinib + docetaxel versus 162/171 NCT00076024
(Phase 2) docetaxel + placebo (11)
Study 2 HER2-negative BC with evidence of unrespectable locally Sunitinib + docetaxel versus 538/538 NCT00393939
(Phase 3) recurrent or metastatic breast docetaxel (12)
Study 3 Advanced BC Sunitinib + paclitaxel versus 422/424 NCT00373256
(Phase 3) bevacizumab + paclitaxel (13)
Second-line 829/852
Study 4 Triple receptor-negative, locally recurrent, or metastatic BC Sunitinib versus standard 191204 NCT00246571
(Phase 2) chemotherapy (14)
Study 5 Locally advanced or metastatic disease Sunitinib + capecitabine versus 407/407 NCT00435409
(Phase 3) capecitabine (15)
Study 6 Stage IIIB, IIIC, or IV HER2-positive breast cancer Neratinib versus lapatinib + 231/241  NCT00777101
(Phase 2) capecitabine (16)
Total 1951/

1985

BC breast cancer, HER2 human epidermal growth factor receptor

“Number of patients included in the survival analysis/total number of patients with measurable disease

b ClinicalTrials.gov (https://clinicaltrials.gov/ct2/home)
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International Conference on Harmonisation Good Clinical
Practice Guidelines.

Evaluation of Prognostic Factors in Parametric Survival
Models

The OS and PFS parametric models were developed
separately for the first- and second-line treatments given the
distingue survival curves in these different patient popula-
tions. The accelerated failure time (AFT) model was adopted
to determine the relationship between covariates and the
clinical outcomes (OS and PFS). Different from the widely
used proportional hazards model that assumes a covariate
affects the hazard, the AFT model assumes that the
covariates affect the predicted survival and provides informa-
tion in the form of a percentage difference in the expected
time to an event according to the values of covariates (17,18).
Furthermore, unlike proportional hazards models, the regres-
sion parameter estimates from AFT models are robust for
omitted covariates and are less affected by the choice of
probability distribution (19-21).

Exponential, Weibull, and log-logistic models were tested
to describe OS and PFS data for first-line or second-line
treatments. Likelihood ratio tests and diagnostic plots were
applied for selection of an appropriate survival function. With
the selected survival function, a univariate analysis was first
performed to screen the potential covariates individually for
OS and PFS in first- and second-line treatments using
statistical significance level of P <0.01, including demographic
factors age, height, race, ethnicity, baseline body weight, and
baseline body surface area; baseline laboratory test variables
ALT, AST, bilirubin, creatinine clearance, serum creatinine,
and lactate dehydrogenase; baseline disease characteristics
ECOG performance status (0 versus > 1), stage of breast
cancer at the time of screening, ER status (negative versus
positive), PR status (negative versus positive), HER2 status
(negative versus positive), baseline sum of the longest
diameters (BSLD), breast cancer subtype (ductal, lobular
carcinoma, or adenocarcinoma); as well as other factors, e.g.,
smoking status, study effect, treatment arm, and concomitant
medications. Next, a stepwise addition process with statistical
criteria of P <0.01 was started to add each significant factor
identified in the univariate analysis, and then a backward
elimination process was followed with statistical criteria of
P <0.001. The multivariate models were obtained from the
last stage of the elimination process and were considered as
semi-final survival models. Missing covariate values were
imputed only if the percentages of missing values were low
for the covariates involved in the analysis (<15%):1) for
categorical covariates, missing values were imputed to the
most common category of non-missing covariate data, and (2)
for continuous covariates, missing values were imputed as the
median of the non-missing values.

Tumor Size Model

Tumor size was defined as the sum of the longest
diameters (SLD) of measurable target lesions by computed
tomography at pre-treatment and post-treatment time points.
Since not all patients had available tumor size data at the
same post-treatment time points due to differences in trial
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design across studies, missed or delayed tumor assessments
for individual patients, and missing values in assessment time,
tumor size models were developed to provide predicted
tumor sizes that were used to correlate with efficacy
endpoints PFS and OS in survival analysis. The main
diagnostic criterion was the match between individual pre-
dicted values and observed data.

Two types of tumor size models were developed, a linear
tumor growth and exponential decay model (1) (linear
model) and a Gompertz growth and exponential decay
model (22) (Gompertz model), shown as Eqs. 1 and 2,
respectively.

IPRED = SLGR x TIME + BSLD x EXP(—KIL x TIME)

(1)

IPRED = TMS x EXP(-DPT x EXP(-GR x TIME))
+ BSLD x EXP(-KIL x TIME) (2)

where IPRED is predicted tumor size; BSLD is the observed
baseline SLD; SLGR and GR are growth rate in the linear
growth model and Gompertz growth model, respectively; KIL
is the exponential tumor shrinkage rate constant; TMS is
maximum tumor size achievable; and DPT is the difference
between baseline tumor size and maximum tumor size in
natural log scale. Inter-patient variabilities of fixed effect
parameters were also taken into account in the form of log
normal error model.

Final Survival Models

Model predicted tumor size change was added to the
semi-final survival models to correlate with PFS or OS using
two different modeling approaches. One approach is to use
tumor size change at single time point as a covariate (TSP);
one approach is to use tumor size change up to certain
evaluated time points as a time-varying covariate (TSTVC).
In the TSP approach, the predicted tumor size proportional
changes (%) from baseline at single time points were
incorporated in the semi-final survival model. In the TSTVC
approach, the time course of tumor size proportional changes
predicted from the beginning of the treatment up to certain
evaluated time point was incorporated into the survival
models as a time-varying covariate. Two different ways of
incorporation were tested: one was to use the predicted
tumor size changes for each patient until after the occurrence
of event, and the other way was to use the predicted tumor
size changes up to the selected evaluation time, such as
8 weeks for second-line PFS and OS, and then use the
prediction at the selected evaluation time (8 weeks for
second-line PFS and OS) for all following time points until
after the occurrence of the event, i.e., last prediction carried
forward (LPCF).

To search for the earliest time when tumor size change
can provide a reasonable prediction of OS and PFS, the
performance of different observation durations in predicting
OS and PFS was evaluated for each approach. The durations
of tumor size change observation evaluated are every 2 weeks
from 8 to 40 weeks post-treatment for OS and from 8 to
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24 weeks post-treatment for PFS. In order to do that, multiple
partial tumor size datasets were created by excluding the data
after each evaluated time point to mimic the actual case
scenario, i.e., study is still ongoing and only short-term tumor
size data are available from interim analysis. For instance,
when evaluating the time point of 16 weeks post-treatment, a
new tumor size dataset excluding data collected after 16 weeks
post-treatment was to be created. Then, based on each of
these partial tumor size datasets, individual tumor model
parameters were obtained as empirical Bayesian estimates,
where the final tumor model parameters estimated based on
all available tumor size data were used as prior information.
Subsequently, these individual tumor size model parameters
were used to predict tumor size data for each patient, which
was to be included in the survival model as a covariate.

The model predictive performance was evaluated by
VPC. For VPC, 100 replicates of survival data were simulated
using uniform distribution for each scenario. Two subgroups
were created according to the identified prognostic factors or
tumor size proportional change at each evaluated time point,
e.g., patients with tumor size change at 16 weeks equal or
smaller than versus larger than the overall median tumor size
change at 16 weeks in the entire population. Median survival
curves and 95% ClIs were then constructed across the 100
simulations for each subgroup and were compared with the
observed survival curves stratified by subgroup in the Kaplan-
Meier plots.

RESULTS

Patients and Data

The demographics and baseline disease characteristics of
patients are summarized in Table II. Majority of patients were
female and White with ECOG performance status as 0 or 1.
In first-line treatment trials, majority of patients had ER+
ABC (72.9 versus 25.4%), while in second-line treatment
trials, less than half of patients had ER+ ABC (44.1 versus
54.6%). In second-line trials, approximately 65.6% of patients
were HER2-negative (versus 28.2% for HER2-positive) and
64.3% PR-negative (versus 32.4% for PR-positive).

Semi-Final Survival Model

Among the tested survival functions, Weibull was
superior to exponential in all cases based on the log-
likelihood ratio test. The objective function value (OFV) of
log-logistic was lower than that of Weibull for OS (1717.785
versus 1728.959) and PFS (801.543 versus 993.707) with first-
line therapy and for PFS (459.077 versus 660.077), but not OS
(1703.204 versus 1691.371), with second-line therapy; how-
ever, statistical significance could not be tested. The predic-
tive performance for OS and PFS was similar between the
log-logistic and Weibull models from visual predictive check
plots (data not shown). Thus, the log-logistic model was
selected for the analyses of both OS and PFS.

As shown in Fig. 1, multiple significant covariates were
identified for each endpoint in each line of treatment and
were included in the semi-final model before testing tumor
size change as a predictor. These semi-final models described
the observed survival curve for each subgroup divided based
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on identified covariates reasonably well, which supports the
significant roles of these covariates in predicting the survival
outcomes. The effect of study and type of anti-cancer
treatments patients received were also tested and shown not
to be significant covariates after the above significant
covariates were included.

Tumor Size Model

A total of 9494 tumor measurements from 1985 patients
enrolled in the 6 trials were used to develop the tumor size
model. While both linear and Gompertz models had reason-
able performance and model parameters were estimated with
acceptable precision, Gompertz model provided better pre-
diction to observed longitudinal tumor size data with much
lower OFV (data not shown). Therefore, predicted tumor size
changes based on Gompertz model were to be used as a
predictor in survival models. The goodness of fit plots for final
tumor size model are shown in Fig. S1. In addition, the
individual fitting plot for randomly selected patients based on
partial dataset is also provided in this figure to demonstrate
the reasonable model performance based on very limited
tumor observations.

Inclusion of Tumor Size Change as a Covariate in the
Survival Models

After tumor size change was added into the models,
significant decreases in OFVs from semi-final models were
observed in both first-line and second-line treatments.
Figure 2 shows the OFVs of the OS and PFS models
incorporating model-predicted tumor size change from
baseline at or up to different observation time points as a
covariate. In each of these OFV plots, three scenarios with
different modeling approach were presented, including TSP
as covariate, TSTVC with model-predicted tumor size
change beyond the selected evaluation time as covariate,
and TSTVC with LPCF beyond the selected evaluation time
as covariate.

1. Comparison of approaches for tumor size change
beyond evaluation time as a predictor for TSTVC
modeling approach

When using TSTVC, LPCF approach performed better
than using the predictions beyond the tumor size evaluation
times for all four scenarios demonstrated by consistently
lower OFVs (Fig. 2). Therefore, TSTVC with LPCF approach
was used in final models to further evaluate observation
timing of tumor size change.

2. Comparison of modeling approaches (TSP versus
TSTVC)

As shown in Fig. 2, the OFVs from models with TSP are
either comparable (OS) or lower than those with TSTVC
(PFS) for first-line treatment, while the OFVs from models
with TSTVC are significantly lower than TSP for second-line
OS and PFS. The comparison between these two modeling
approaches was also performed through VPC plots. In this
analysis, patients were divided into two subgroups according
to tumor size change at 16 weeks, and model-predicted
median OS and PFS curves (with 95% prediction intervals)
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Table II. Patient Demographics and Baseline Disease Characteristics

Page 5 of 12 22

Characteristic

First-line treatment (n =1122)

Second-line treatment (n = 829)

Female sex, n (%)
Race/ethnicity, n (%)
White
Black
Asian
Other
Missing
Median age (range), years
Median weight (range), kg
Missing, n (%)
Median body surface area (range), m>
Missing, n (%)

1121 (99.9)

980 (87.3)

55 (4.9)

46 (4.1)

41 (3.7)

0 (0)

55.0 (28.0-92.0)
69.7 (39.0-154.5)
0 (0)

175 (1.26-2.54)
2(02)

825 (99.5)

681 (82.1)

28 (3.4)

88 (10.6)

24 (2.9)

8 (1.0)

53.0 (27.0-81.0)
68.5 (37-126.3)
127 (15.3)

173 (1.24-2.39)
7(0.8)

Median baseline tumor size” (range), cm 6.8 (1.0-65.7) 6.2 (1.0-56.2)
Cancer stage at screening, n (%)

I11B 0(0) 8 (1.0)

1IC 0 (0) 4(0.5)

v 124 (11.1) 219 (26.4)

Recurrent 576 (51.3) 598 (72.1)

Missing 422 (37.6) 0 (0)
ECOG performance status, n (%)

0 598 (53.3) 508 (61.3)

1 475 (42.3) 309 (37.3)

>2 23 (2.0) 11 (1.3)

Missing 26 (2.3) 1(0.1)
ER status, n (%)

ERY 818 (72.9) 366 (44.1)

ER™ 285 (25.4) 453 (54.6)

Missing 19 (1.7) 10 (1.2)
PR status, n (%)

PR* 560 (49.9) 269 (32.4)

PR 372 (33.2) 533 (64.3)

Missing 190 (16.9)° 27 (3.3)
HERR? status, n (%)

HER2" 12 (1.1) 234 (28.2)

HER2™ 936 (83.4) 544 (65.6)

Missing 174 (15.5)° 51 (6.2)

ECOG Eastern Cooperative Oncology Group, ER estrogen receptor, HER2 human epidermal growth factor receptor 2, PR progesterone

receptor

“Sum of the longest diameters of measurable tumor lesions by pre-treatment computed tomography scans
®Due to relatively high percentage of missing values, PR and HER? status could not be tested as covariates for first-line treatment

for each subgroup based on 8- and 16-week evaluation times
were compared with the observed Kaplan-Meier OS and PFS
curves stratified by tumor size change at 16 weeks. In Fig. 3A,
the TSP and TSTVC with LPCF models performed similarly
in predicting OS for first-line treatment for both 8- and 16-
week analyses, consistent with similar OFVs from TSP and
TSTVC with LPCF models for first-line OS in Fig. 3A.
Similar performance was also observed in predicting PFS for
first-line treatment (Fig. 3C) despite lower OFVs from TSP
models relative to those from TSTVC with LPCF models in
Fig. 3. Consistent with comparison of OFVs in Fig. 3, OS and
PFS predictions were significantly improved using the TSTVC
compared to TSP models for second-line treatment (Fig. 3B,
D). Based on this observation, TSP approach was used in the
final models for first-line treatment and TSTVC approach was
used in the final models for second-line treatment.

3. Comparison of the timing of tumor size evaluation as
a predictor

Extensive evaluations were performed to determine the
optimal evaluation time of tumor size change used for PFS
and OS prediction. While there is a general trend of
decreasing OFVs with longer follow-up of tumor size change,
it plateaus beyond certain evaluation times for OS (26 weeks
for first-line OS using TSP and 12 weeks for second-line OS
using TSTVC) (Fig. 3). Using VPC plots, the effect of tumor
evaluation time on OS and PFS prediction was further
evaluated by comparing the predictive performance of
evaluation time at 8, 16, and 24 weeks (data not shown)
(Fig. 3). These time points were selected as possible earlier
evaluation time points that still have predictive value and also
provide reasonable OS and PFS predictions. For first-line OS,
it is observed tumor size change at or up to 8 weeks provided
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a ER status, ECOG status, baseline tumor size and baseline AST included in semi-final model for OS in
the 1st-line treatment

First-line treatment First-line treatment First-line treatment First-line treatment
By ER status By ECOG status By baseline tumor size By baseline AST

Overall Survival

Overall Survival

Overall Survival

9o s 1o 15 20 25 30
Time (years)

b ER status, HER2 status, ECOG status, baseline tumor size and baseline AST included in semi-final
model for OS in the 2nd-line treatment

Second-line treatment Second-line treatment Second-line treatment Second-line treatment Second-line treatment
By ER status By HER2 status By ECOG status By baseline tumor size By baseline AST

10 20 2 o
Time (years) Time (years)

Overall Survival

Overall Survival
Overall Survival
Overall Survival

D6 5cm) -
831855 5em 00

alER ]

00 05 10 15 20 25 30 00 20 25 30
Time (years) Time (vears)

C ER status and baseline AST included in d ER and HER?2 status, ECOG status, and baseline AST included
semi-final model for PFS in the 1st-line treatment in semi-final model for PFS in the 2nd-line treatment

Second-line treatment Second-line treatment Second-line treatment
By ER(-)&HER2(-) versus Others By ECOG status By baseline AST

Time (years)

First-line treatment First-line treatment
By ER status By baseline AST
g - o)

1.0

08

06

04
Progression-free Survival

Progression-free Survival

Progression-free Survival
02

Progression-free Survival

o

00 o5 20 25 o0

"0 1 20 28 0.0 05 1.0 15 20 25 0.0 0s 10 15 20 25 00 0s 10 15
Time (years) Time (years) Time (years) Time (years)

10 s
Time (years)

Fig. 1. Visual predictive check plots for OS and PFS semi-final models (prior to incorporating model-predicted tumor size change as a
covariate). Comparison between observed and predicted survival curves for OS in the first-line treatment (a): subgroups with ER (+) versus
ER (=), ECOG =0 versus ECOG >0, and BSLD > median value versus BSLD < median value, and baseline AST >median value versus
baseline AST < median value; for OS in the second-line treatment (b): subgroups with ER (+) versus ER (=), HER2 (+) versus HER2 (-),
ECOG =0 versus ECOG >0, and BSLD > median value versus BSLD < median value, and baseline AST > median value versus baseline
AST < median value; for PFS in the first-line treatment (c¢): subgroups with ER (+) versus ER (—) and baseline AST > median value versus
baseline AST < median value; for PFS in the second-line treatment (d): subgroups with ER (-) plus HER2 (-) versus others, ECOG =0
versus ECOG >0, and baseline AST > median value versus baseline AST < median value. The solid lines and shaded areas represent the
median predicted survival curves and 95% confidence intervals, respectively. Broken lines represent the Kaplan-Meier survival curves based
on observed data. BSLD, baseline sum of the longest diameter of the tumor; ECOG, Eastern Cooperative Oncology Group; ER, estrogen
receptor; HER2, human epidermal growth factor receptor 2; AST, aspartate aminotransferase; KM, Kaplan-Meier; OS, overall survival; PFS,
progression-free survival

reasonable prediction while 16-week evaluation time had although 16 weeks can be used to achieve even better
better performance, consistent with the lower OFVs at predictions for OS in first-line treatment.

16 weeks (Fig. 3). However, there was no further improve-
ment using 24-week evaluation time (data not shown) despite
further decrease in OFV observed in Fig. 3. For first-line PFS,
although OFV was lower at 16 weeks relative to those at

8 weeks (Fig. 3), using tumor size changes predicted at or up i Table III. These parameters suggest that ER-negative
to 16 weeks did not yield better predictions for PFS compared 41y (versus positive), ECOG score > 1 (versus 0), longer
to 8 weeks from VPC plots (Fig. 3C). For second-line BS| D, and higher baseline AST are associated with shorter
treatments, the models with up to 16 weeks tumor size had g for first- and second-line treatments; HER2-negative
lower OFVs but the improvement in both OS and PFS  tatus (versus positive) is also associated with shorter OS for
predictions was minimum compared to those with up t0  gecond-line treatment. In first-line treatment, ER-negative
8 weeks. Therefore, based on the predictive performance and 51y (versus positive) and higher baseline AST are associ-
also considering the value of early prediction for decision ,ted with shorter PFS; in second-line treatment, ER-negative
making in drug development, 8 weeks was selected as the  3nq HER2-negative status (versus others), ECOG score > 1
recommended evaluation time of tumor size change to predict (versus 0), and higher baseline AST are associated with
OS and PFS for both first-line and second-line treatments  ghorter PFS. In all cases, greater tumor size shrinkage is

associated with longer PFS/OS.

Final Survival Model

The final survival model parameter estimates are shown
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Fig. 2. Objective function value for the OS (a) and PFS (b) models at different observation time points using different
modeling approaches. Dotted line in each figure represents the objective function value for each semi-final model. LPCEF,
last prediction carried forward; OS, overall survival; PFS, progression-free survival

Survival Model Evaluation

Evaluation of the final survival models was conducted
through internal validation. The models were used to predict
the survival curves of each treatment in each study (Fig. 4). It
can be seen that the model simulations provide reasonably
good predictions of the observed survival curves for all
individual treatment arms, confirming that there is no
treatment or study effect.

DISCUSSION

The purpose of this study was to develop models that
could predict OS and PFS based on early tumor response
data in patients with advanced breast cancer receiving various
types of anti-cancer treatments. The tumor size models were
first developed to describe longitudinal tumor size change. As
described in the “RESULTS” section, Gompertz model
predictions were used in the survival analysis because of
better predictive performance based on the current analysis
data. In other cases where only sparse tumor size data are
available, linear model may be more appropriate with fewer
parameters and simpler model structure.

Based on the covariate analyses, ER/HER2 status,
ECOG performance status, BSLD, and baseline AST were
identified as significant covariates for OS or PFS in the first-
line or second-line treatment settings as shown in Fig. 4
among all the potential covariates tested. ER status, ECOG,
and baseline tumor size have consistently been recognized as
prognostic factors in patients with breast cancer from other
studies (23-27). Due to the high percentage of missing values
(>15%), PR and HER?2 status could not be tested for the
first-line treatment.

Consistent with other published models used to predict
efficacy endpoints in cancer patients (1-8,28-30), tumor size
change from baseline was identified as a significant covariate
to predict OS and PFS in the survival models. As it has been
done in the above-published models, tumor size change at a
single time point (TSP) was initially used as a tumor
regression measure to correlate with OS and PFS. The
modeling effort started with one of the Phase 2 trials (first-
line Study 1) for which data became available first. It was
found that there was no significant correlation between TSP
and PFS and OS at any tumor evaluation time point. This is
not very hard to understand as this approach only considers
tumor regression at one single time point. The contribution of
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Table III. Parameter Estimates of the Final Model for Overall Survival and Progression-Free Survival with First-Line and Second-Line
Treatment

First-line treatment Second-line treatment

Parameter” Estimate RSE% Estimate RSE%

(ON
A 2.63 8.97 1.52 7.57
Y 2.10 2.09 1.96 3.49
B (ER=0 [-] versus ER =1 [+]) 0.332 22.11 0.360 19.50
B (HER2=0 [-] versus HER2=1 [+]) - - 0.400 20.20
B (ECOG =0 versus ECOG>1) -0.279 23.30 -0.374 18.90
B (BSLD) -0.160 16.81 -0.143 24.34
B (baseline AST) -0.213 15.31 —0.188 17.50
B (TSP) 0.437 20.98 b -
B (TSTVC) - - 0.793 16.14

PES
A 0.394 7.72 0.382 6.13
Y 2.55 471 2.29 3.15
B (ER=0 [] versus ER=1 [+]) 0.292 18.63 - -
B (Group =0 ER[-] and HER2 [-] versus Group =1 others) - - —0.450 13.58
B (ECOG =0 versus ECOG>1) - - —0.158 36.84
B (baseline AST) -0.0777 36.42 —0.0892 26.68
B (TSP) 1.08 12.22 b -
B (TSTVC) - - 1.88 8.83

Tumor size change (%) at 16 weeks was used as a covariate (TSP) in the final model for overall survival (OS) in first-line treatment and tumor
size change (%) at 8 weeks for progression free survival (PFS). Tumor size change (%) up to 8 weeks was used as a time-varying covariate
(TSTVC) with last prediction carried forward (LPCF) for time points beyond 8 weeks in the final models for OS and PFS in second-line
treatment. In order to report the accurate f estimates for tumor size change in survival model, individual tumor size parameters obtained based
on all available tumor size data were used to provide the tumor size prediction

AST aspartate aminotransferase (centered on 26 U/L), BSLD baseline sum of the longest diameter of the tumor (centered on 6.5 cm), ECOG
Eastern Cooperative Oncology Group performance status (0 versus >0), ER estrogen receptor (— versus +), HER2 human epidermal growth
factor receptor 2 (— versus +), OS overall survival, PFS progression-free survival

“ ). and 7 are scale and shape factors, respectively, in the log-logistic model. s represent the coefficients relating a covariate to OS or PFS in the
form of S(r) = So{t / exp(B)}, where S is survival function and S is baseline survival function

b B (TSTVC) was 0.528 and 1.12 for OS and PFS, respectively, in first-line treatment; 8 (TSP) was 0.402 and 0.848 for OS and PFS, respectively,

in second-line treatment

tumor size change to predict survival endpoints could be same
for patients who are on the regression course and progression
course of the tumor dynamics when TSP is used without
considering the tumor dynamics prior to that particular time
point. The observation and this potential issue behind it led to
the thought of using tumor size change as a time-varying
covariate (TSTVC) in such evaluations. With the same Phase
2 dataset, TSTVC was shown as a significant covariate to
improve the PFS and OS prediction. When sample size
increased with additional data from other trials (first-line
studies 2 and 3) becoming available, TSP contained enough
information and became a significant covariate for PFS and
OS in the survival model. In some situations, such as first-line
treatment model, TSP approach performed as well as TSTVC
approach. However, TSTVC approach provided significantly
better predictions than the TSP model for second-line
treatment. This could be due to the fact that the time course
of tumor size reduction and then re-growth within shorter
period of time could be more profound in second-line
treatment due to more aggressive characteristics of disease
compared to that in first-line patients. The tumor size-time
course which was used by TSTVC approach carried more
information and had stronger correlation with PFS/OS
outcome as demonstrated by the higher f values of TSTVC

approach compared to those of TSP approach, especially for
second-line treatment (Table III).

For TSTVC approach, the tumor response beyond the
observation time needs to be included in the model for
survival predictions. For example, if tumor size changes up to
16 weeks are used for prediction, although the tumor size
after 16 weeks is unknown, a value at each event time still
needs to be included in the model for survival endpoint
prediction. Ideally, the tumor model built based on data up to
16 weeks can also predict the tumor size change from
16 weeks to the event time for each patient well, allowing
the model-predicted tumor size change to be used as the
predictor. However, when this approach was compared to
LPCF approach, the latter provided better prediction in all
cases. Inspection of predicted versus observed tumor size data
revealed that the prediction of tumor size time course post
16 weeks based on the tumor model built using only data up
to 16 weeks can be way off for some patients which is likely
the reason for the poor performance when predicted tumor
size beyond evaluation time (16 weeks in this case) was used.
In addition, other treatments were allowed beyond the PFS
event or censoring while patients were followed up for OS in
these trials, and tumor size data was normally unavailable
during this time frame. The switch of treatments could
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Fig. 4. Comparison of survival curves between simulated and observed data for each treatment arm. The red lines and pink-shaded areas
represent the median survival curve and 95% confidence intervals (Cls), respectively, for simulated data. The solid and broken dark blue lines
represent the Kaplan-Meier survival curve and its 95% CI based on observed data

certainly change the pattern of tumor size change from the breast cancer based on OFV changes and predictive perfor-
previous study drug treatment, and this may contribute to the mance shown in VPC plots for first-line PFS, second-line OS,
deviation of model prediction from the actual tumor size. and PFS while 16 weeks provided better prediction first-line
Collectively, these may provide some explanation why using PFS although the prediction using 8 weeks data was also
the last predicted value post observation time in the model is  reasonable.
a more reliable approach. Despite different types of breast cancer treatments
Another question addressed in this analysis was what the included in the current analysis, there was only two targeted
optimal and earliest observation time of tumor response for a  therapies (neratinib and lapatinib) while most of therapeutic
reliable prediction of survival endpoints is. The answer to this agents were cytotoxic chemotherapies due to limited data
question varies with the tumor types and disease stages due to  available at the time of analysis. The analysis would be more
different average duration of survival as well as the frequency comprehensive if more target therapies could be included
of tumor assessment in the clinical trials. Tate et al. reported  especially in recent years small molecule targeted therapies
that change in tumor size at week 8 was a useful predictor of have become one of the mainstay treatment options for
OS in first-line metastatic breast cancer (8), and Claret ef al.  breast cancer. Among patients with advanced breast cancer,
reported that tumor size change from baseline at week 7 was  approximately 17~37% of patients did not have measureable
a significant predictor of OS in patients with metastatic disease, e.g., patients with only bone lesions (31). These
colorectal cancer (2). In our analysis, a comprehensive patients had to be excluded from the current analysis
research on the timing of tumor size observation was evaluating tumor size change as a predictor for OS and PFS.
conducted by predicting the OS/PFS with tumor size change In addition to significant increase in the SLD of target lesions,
at and up to different time points in each test, and 8 weeks presence of new lesion is another sign of disease progression.
was selected as an early optimal time point for advanced Although the prediction for PFS was fairly reasonable based
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on the final survival model especially in second-line treatment
setting, there may still be room to improve the prediction for
disease progression due to new lesions by identifying
additional predictors, so the overall prediction for PFS could
be further improved. Unfortunately, PR and HER2 could not
be tested as covariates in first-line treatment due to relatively
high percentage of missing values, which may compromise the
model performance given the significant prognostic effect of
HER?2/PR expression in ABC.

CONCLUSION

In conclusion, tumor size change from baseline up to
8 weeks can be used to predict OS and PFS in first-line and
second-line treatment of advanced breast cancer for the types
of drugs studied, and tumor size change up to16 weeks can be
used to achieve better predictions for OS in first-line
treatment if feasible. While both the TSTVC model and the
TSP model performed similarly for the prediction of OS and
PFES in first-line treatment, the TSTVC model had better
prediction for second-line treatment than the TSP model. The
lack of treatment effect suggests that such models can be used
to predict the efficacy outcomes for drug classes that have
been studied in this analysis. These findings and the
established models could contribute to drug development
for advanced breast cancer treatment in various ways,
including model-informed study design and early decision
making in clinical drug development.
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