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ABSTRACT. Tumor doubling time can significantly affect the outcome of anticancer
therapy, but it is very challenging to determine. Here, we present a statistical approach that
extracts doubling times from progression-free survival (PFS) plots, which inherently contains
information regarding the growth of solid tumors. Twelve cancers were investigated and
multiple PFS plots were evaluated for each type. The PFS plot showing fastest tumor growth
was deemed to best represent the inherent growth kinetics of the solid tumor, and selected
for further analysis. The exponential tumor growth rates were extracted from each PFS plot,
along with associated variabilities, which ultimately allowed for the estimation of solid tumor
doubling times. The mean simulated doubling times for pancreatic cancer, melanoma,
hepatocellular carcinoma (HCC), renal cell carcinoma, triple negative breast cancer, non-
small cell lung cancer, hormone receptor positive (HR+) breast cancer, human epidermal
growth factor receptor-2 positive (HER-2+) breast cancer, gastric cancer, glioblastoma
multiforme, colorectal cancer, and prostate cancer were 5.06, 3.78, 3.06, 2.67, 2.38, 2.40, 4.31,
4.12, and 3.84 months, respectively. For all cancers, clinically reported doubling times were
within the estimated ranges. For all cancers, except HCC, the growth rates were best
characterized by a log-normal distribution. For HCC, the gamma distribution best described
the data. The statistical approach presented here provides a qualified method for extracting
tumor growth rates and doubling times from PFS plots. It also allows estimation of the
distributional characteristics for tumor growth rates and doubling times in a given patient
population.

KEY WORDS: PK/PD modeling and simulation; preclinical-to-clinical translation; progression-free
survival; solid tumor doubling time; tumor growth rate.

INTRODUCTION

Knowledge of tumor doubling time is very important for the
management of cancer. In the clinic, it has been shown that the
knowledge of tumor doubling times allows for the determination
of optimal follow-up times for screening the patients (e.g.,
hepatocellular carcinoma (HCC) (1)). Tumor doubling time has
also been shown to be a good prognostic marker for the survival
and disease progression of various cancers (2–4). For example,

Spratt et al. have demonstrated that for the pulmonary cancers,
there is a reasonable correlation between the growth rates of
tumors and the observed tumor malignancy (5). In addition,
tumor doubling times also allow for the selection of optimal
dosing regimens and assessment of the probability of tumor
growth inhibition in treated patients (6). For example, Shackney
et al. (7) have noted that faster growing tumors are more likely to
respond to the conventional cancer therapies. Tumor doubling
times have also been proposed as a gold standard for selection
between surgical procedure and therapeutic interventions. For
example, Ollila et al. (8) have suggested that for patients
undergoing pulmonary tumor resection, the surgical procedure
is only recommended for patients with tumor doubling times ≥
60 days. Apart from the clinical tumor management, the
knowledge of tumor doubling time and associated variability is
also important for successful preclinical-to-clinical translation of
novel anticancer therapeutics. Using the principles of
pharmacokinetics/pharmacodynamics (PK/PD) modeling and
simulation (M&S), we have shown that clinical predictions of
antibody-drug conjugate (ADC) efficacy are very sensitive to
parameters associated with growth rates of tumors in the clinic
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(9). As such, accurate measurement of tumor doubling times is
essential for the management of cancer.

The method for calculating tumor doubling times in the
clinic was first introduced by Schwartz (10), who derived an
equation for calculating tumor doubling times by assuming
an exponential tumor growth. This method allowed for
tumor doubling time calculations based on the observed
differences in tumor diameters between two serial measure-
ments of tumor volumes, obtained using radiologic imaging.
While this approach is useful for calculating clinical
doubling times of tumors, there are a few limitations of this
approach. In cases where there is infinitesimal change in
tumor volume between the two measurements, or there is a
high degree of uncertainty in the measured volume, the
calculated doubling time for a patient can be erroneous
(11). In addition, the method by Schwartz (10) is also not
efficient for estimating population variability in tumor
growth rates. In fact, Mehrara et al. (11) have conducted
Monte-Carlo simulations and showed that most reported
mean tumor doubling times obtained using Schwartz’s
method are likely overestimated. To overcome these
drawbacks, here, we have presented an alternative method
for estimating doubling times of solid tumors, and associ-
ated population variability, using progression-free survival
(PFS) data.

Ever since the Food and Drug Administration (FDA)
moved away from objective response rate (ORR) as the
prime determinant for drug approval, PFS has been
increasingly utilized by the oncologists (12). PFS is defined
as the time from the treatment randomization to the
objective tumor progression, and it has served as a
surrogate for accelerated drug approval in the field of
oncotherapeutics (13). Out of all the commonly used
efficacy endpoints in the clinical trials (i.e., time to
progression, event-free survival, time to next treatment,
progression-free survival, objective response rate, duration
of response, and overall survival), PFS is the only one that
provides information regarding tumor growth. Here, we
have proposed a strategy to exploit this property of PFS.
We have outlined a novel statistical approach that extracts
the exponential growth rates of tumors from published PFS
analyses, and utilizes them to calculate mean tumor
doubling times and associated population variability. Our
approach has been evaluated using 12 different types of
cancers: colorectal cancer (CRC), gastric cancer, glioblas-
toma multiforme (GBM), human epidermal growth factor
receptor-2 positive (HER-2+) breast cancer, hormone
receptor positive (HR+) breast cancer, triple negative
(TN) breast cancer, melanoma, non-small cell lung cancer
(NSCLC), pancreatic cancer, prostate cancer, renal cell
carcinoma (RCC), and HCC.

METHODS

Data Selection

For each of the 12 cancer types, published PFS data
from different clinical trials were collected and all patients
included in these studies were receiving active treatment.
PFS analyses from the trials in which the assigned therapy
had no/negligible effect on the growth of the tumor were

selected to determine the natural growth rate of each
cancer. A total of 47 clinical trials were identified that
reported appropriate PFS data for one of the 12 cancer
types (see Table S1 for references), and the Kaplan-Meier
plots from these trials were digitized using the software
BGrab It!®.^ The digitized data for a given cancer type were
superimposed to allow for visual comparison of all PFS
plots. The final PFS cohort for each cancer type was
selected based on two criteria: (i) median PFS value had
to be the smallest among the cohorts for the same cancer,
and (ii) the terminal slope of progression (i.e., the time from
median PFS to the final observation time point) had to be
higher than other cohorts of the same cancer. The final PFS
plots chosen to estimate the doubling time of each cancer
type and the corresponding reference are provided in
Table S1.

Extraction of Number of Patients with an Event (i.e., Disease
Progression)

For each PFS analysis listed in Table S1, the number of
patients with an event at each observation time point was
extracted. An event was defined as progressive disease (PD),
if the sum of longest diameters (SLD) increased by 20 or 25%
as outlined by either the response evaluation criteria in solid
tumors (RECIST) or the World Health Organization (WHO)
criteria, respectively (14,15). Whether WHO or RECIST
criteria were chosen to define an event depended on which
criteria the authors used in the published study. One of the
two approaches was then implemented to calculate the
number of events at each time point. The first approach was
used if the published studies provided the number of patients
at risk, and determined the number of patient events by
subtracting the sample sizes between observation time points.
The second approach was used when the risk tables were not
provided, and the number of patient events was calculated
using Eq. 1, which is derived from the Kaplan-Meier
estimation of the survival function.

di ¼ ni−1 1−
S tð Þi
S tð Þi−1

� �
ð1Þ

above, di denotes number of deaths (events in this case), ni is
the number of patients at risk, S(t)i is the Kaplan-Meier
estimate for the survival function, n0 is the intent to treat
(ITT) sample size, and S(t)0 is equal to one (see supplemen-
tary material for more information). When censored patients
were reported, they were omitted from the number of
patients calculated to have the event. Using the extracted
data, Kaplan-Meier curves were re-plotted in R (version
3.3.1) (16) and compared with the published plots to verify
the quality of data extraction. Of note, the second approach
to calculate the number of events was employed only for
glioblastoma (17) and gastric carcinoma (18). For glioblas-
toma, Yung et al. (17) evaluated cohort members every
2 months, therefore the number of events was also calculated
every 2 months. For gastric carcinoma, information on the
exact time of tumor evaluation was not reported, and it was
assumed to occur every 2 months.
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Calculation of Exponential Growth Rates

To obtain the tumor growth rates for each patient
reported to have the event, exponential growth rate was
assumed and tumor volume (TV) was defined as:

TV ¼ TV0 � ekgt ð2Þ

above, TV0 denotes the initial tumor volume, kg is the
exponential growth rate, and t is the time. For simplicity, TV0

was assumed to be 1 cm3 for all the patients (note, the
simulated results are independent of the initial tumor
volume). An event was defined as 20 or 25% increase in
tumor diameter from the baseline (as dictated by either
RECIST or WHO criteria, respectively). Tumors were
assumed to be spherical and the corresponding increase in
tumor volume was found using the volume of a sphere. The
tumor associated with a 20–25% increase in diameter (TV20–

25%) was set to either a 1.728- or 1.953-fold change (see
supplementary information for further details of the
mathematical description and spherical assumption).
Equation 2 was re-written to define kg as:

kg ¼ ln TV20−25%ð Þ
tevent

ð3Þ

where tevent denotes the time at which the event (or PD)
was observed (equivalent to t in Eq. 2). Using Eq. 3, growth
rates were calculated at each observation time point for
patients that experienced the event. Of note, the tevent value
was not the time at which tumors were evaluated, as this
would yield the same growth rates for all the patients with an
event at that time, which is unrealistic. Instead, tevent for each
patient was selected from a random uniform distribution
between the previous and current observation time point.
Thus, allowing the event to take place, with equal probability,
on any day between last follow-up and current evaluation.
This approach provides a unique growth rate for each patient
that progressed over the duration of observation. The method
for determining tevent between the start of the study (tevent = 0)
and the first time of tumor evaluation differed from all
subsequent evaluations, to prevent the random uniform
distribution from selecting event times that would yield
unrealistic growth rates. For example, if the time of PD was
set to 0.1 days the resulting growth rate would be 1.82 day−1,
implying that the patient’s tumor doubled every 9 h, which is
not realistic. Therefore, the earliest possible time for the
progressive of the disease was set to 10 days. This time was
chosen based on the fastest mean doubling times isolated for
all the cancers in this study (6).

Statistical Modeling and Simulation

All analyses were conducted in R (version 3.3.1) (16),
using the following packages: Bgdata,^ Bscales,^ Bfitdistrplus,^
(19) and Bsurvival^ (20).

Growth Rate Evaluation

To evaluate the accuracy of the extracted growth rates,
clinical trials were simulated as follows. For each patient with
PD in the simulated trial (n = 1000), growth rates were
sampled with replacement from the extracted distribution of
kg values. As drug effect was assumed to be negligible and
tumors were assumed to grow exponentially.

Equation 1 was employed to simulate changes in the
patient’s TV at each of the study’s original observation time
points. To identify the patient’s time of progression, simulated
TVs were evaluated to determine the time corresponding to
either 20 or 25% increase in the tumor diameter compared to
the baseline (1 cm), depending on which tumor response
criteria authors used in the published trial (RECIST vs.
WHO). This process was repeated 1000 times, using different
seed numbers to generate 1000 unique clinical trial simula-
tions. The simulated trials were collated and used to construct
Kaplan-Meier visual predictive check (KM-VPC) plots, which
were overlaid with the original published PFS plots. This was
done to evaluate if the simulated median PFS and 90%
confidence interval of the KM-VPC plots were in agreement
with the PFS analysis reported by the respective authors.

Selection of Growth Rate Distribution Model

Cullen and Frey graphs plot kurtosis against the square
of skewness, and were utilized to help identify the true nature
of distribution of the extracted growth rates. The extracted
growth rates were fitted to normal, log-normal, uniform,
gamma, exponential, and Weibull continuous probability
distribution functions. Clinical trials comprised of 1000
patients were simulated for each of the five fitted distribu-
tions. The proportion of patients with reported PD in each
simulated trial was determined from the published PFS curve.
For those with PD, specific growth rates were sampled from
one of the five fitted distributions and TV was tracked over
time (using Eq. 1 as described above) to determine the time
of PD. To determine the most suitable distribution for
characterizing the underlying population variability in the
extracted growth rates, the Akaike information criterion
(AIC) and a series of plots (i.e., PFS, empirical and
theoretical density, Q-Q, empirical and theoretical CDF, and
P-P plots) were generated. To verify the predictive ability of
the identified distribution for each type of cancer, KM-VPCs
were generated as previously described, but kg was sampled
from the best fit distribution.

Dealing with Model Misspecification

If structural misspecification was observed, kg was
sampled using a random uniform distribution from a contin-
uous distribution of the calculated growth rates (rather than
sampling kg from the best fit distribution). The intervals to
apply the uniform distribution were determined using the
histogram representations of the calculated growth rates. For
a given interval, histogram bins and densities were used to (i)
identify lower/upper kg values for the uniform distribution to
select from, and (ii) calculate the number of patients to assign
the selected growth rates from the specified interval. This
sampling approach was crucial for determining whether the
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model misspecification occurred because of incorrect growth
rate extraction or inappropriate distributional characteriza-
tion of the extracted growth rates.

Doubling Time Calculation

Growth rates were characterized using either a log-
normal or gamma distribution. If growth rates were log-
normally distributed, Eqs. 4 and 6 were used to calculate the
distribution’s mean (E(x)lnorm), median, and variance
(Var(x)lnorm).

E xð Þlnorm ¼ e μþσ2
2

� �
ð4Þ

median ¼ eμ ð5Þ

Var xð Þlnorm ¼ e 2μþσ2ð Þ• eσ
2
−1

� �
ð6Þ

above, μ and σ denote the mean and standard deviation of
the log-normal distribution. For gamma distributed growth
rates, Eqs. 7 and 8 were used to calculate the distribution’s
mean (E(x)gamma) and variance (Var(x)gamma).

E xð Þgamma ¼
α
β

ð7Þ

Var xð Þgamma ¼
α

β2
ð8Þ

above, α and β denote the shape and rate parameters,
respectively. The median value of a gamma distribution was
found using the qgamma function in R to extract the 50th
quantile.

Mean and variance parameters were used to obtain
summary statistics including the standard deviation (SD) and
coefficient of variation (CV) by applying Eqs. 9 and 10.

SD ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
variance

p
ð9Þ

CV ¼ SD
mean

•100 ð10Þ

The solid tumor doubling times were obtained using Eq. 11.

DBT ¼ ln 2ð Þ
kg

ð11Þ

RESULTS

As shown in Fig. 1, for each cancer type, multiple PFS
analyses were extracted from the literature and superimposed

to identify the clinical trial cohort in which the assigned
treatment had little to no effect on tumor growth. Isolating
these cohorts proved most difficult in the cases of GBM,
RCC, prostate cancer, and HR and HER-2 positive breast
cancer. In each of these cases, either the median PFS or
terminal slopes of many cohorts were similar. However, using
the criteria predefined for comparing median PFS values and
terminal slopes, the PFS shown as dotted lines in Fig. 1 for
each cancer type was selected for further analysis.

Calculation of Number of Patients with an Event

For each cancer type, the number of patients with an
event was extracted from the selected PFS analyses
(Table S1) using one of the two approaches described in the
BMETHODS^ section. The predicted median PFS values
were compared with the published estimates. The first,
simpler approach performed well for all cancers, except
melanoma. In the case of melanoma, the extracted median
PFS value was greater by 3 months and did not match the
published value of 1.8 months (21) (Fig. S2). However, when
the number of patients with an event was extracted using the
second approach, the results predicted a much closer median
PFS value of 1.9 months. The second approach also per-
formed well for gastric cancer and glioblastoma multiforme,
for which the patient risk tables were not available.

Evaluation of Calculated Growth Rates

Figure 2 shows the KM-VPC plots generated for each
cancer type (using 1000 clinical trial simulations)
superimposed over the observed data. As evident from the
figure, the extracted growth rates were able to adequately
capture the literature reported PFS profiles. The predicted
median and 90% confidence interval fell within the published
90% confidence interval for each PFS plots. More impor-
tantly, predicted medians were able to satisfactorily recapit-
ulate the reported PFS plots, and the data points were in
close agreement throughout the time course of the study.

Growth Rate Fitting and Evaluation

Figure 3 and Fig. S1 show our approach for assessment
of statistical fitting of the PFS data. The Cullen and Frey plot
shown in Fig. S1A provides information about the likely
parent distributions (i.e., normal, log-normal, gamma,
Weibull, or exponential) of the extracted growth rates.
Whereas Fig. S1B shows how well the data fit the potential
distributions. In the representative example shown in Fig. S1,
the Cullen and Frey plot indicates that the data for pancreatic
cancer would best fit a beta distribution (i.e., log-normal,
gamma, or Weibull). This indication was supported by the
plots in Fig. S1B, as when normal or uniform distributions
were fitted the data deviated significantly from the reference
line in QQ/PP/CDF plots. Figure 3 shows the reported and
simulated PFS curves for all cancer types. If we continue with
the example of pancreatic cancer, panel Ba^ in Fig. 3 shows
that while the PFS curves visually support the assertion that
the data would best fit a beta distribution, logistic regression
analysis (data not shown) shows that all the distributions
produced PFS curves that were not significantly different than
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the published PFS curve. Therefore, when multiple distribu-
tions were capable of adequately describing the distribution
of extracted growth rates, the AIC value was used to
determine the Bbest^ fit. For all cancers, except HCC, the
growth rates were best characterized by a log-normal
distribution, as determined by QQ/PP/CDF plots (Fig. S1B)
and AIC values. For HCC, the gamma distribution was found
to describe the data the best (panel Bc,^ Fig. 3).

A comparison of all the panels in Fig. 3 shows a similar
trend, where the exponential distribution (green line) and
normal distribution (red line) underestimate the progression,
and the gamma distribution (purple line), log-normal distri-
bution (blue line), and occasionally Weibull distribution
(orange line) produce PFS plots that closely match the
reported plots. While the distribution with the lowest AIC
value was ultimately identified as the Bbest^ fit, the predictive

ability of the distribution was also verified using KM-VPC
plots (Fig. 5). For most of the cancer types, the simulated PFS
profiles were enclosed within the observed 90% confidence
intervals of the reported PFS profiles. However, for HER-2+
breast cancer (panel Bh,^ Fig. 4) and GBM (panel Bj,^ Fig. 4),
the simulated medians and 90% confidence intervals of the
KM-VPC plot overestimated the rate of disease progression,
as the predicted median and 90% confidence intervals fell
below the reported values.

Doubling Time Evaluation

Using 1000 simulated kg values generated using the
Bbest^ fit distribution, cancer doubling times were calculated
for each patient using the Eq. 11 in two ways. First, the
doubling time was determined from the mean/median kg

Fig. 1. Digitized progression-free survival (PFS) curves extracted from 3 to 4 different published trials for each cancer type. Panels a to l
represent pancreatic, melanoma, hepatocellular carcinoma, renal cell carcinoma, triple negative breast, non-small cell lung, hormone receptor
positive breast, human epidermal growth factor receptor-2 positive breast, gastric, glioblastoma multiforme, colorectal, and prostate cancers,
respectively. Publications from which PFS were obtained are listed in the panel
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reported in Table I to get a corresponding mean/median
doubling time estimate. Then, the doubling times of each
individually simulated growth rate were calculated using Eq.
11 to generate a distribution of 1000 doubling times. The
mean of this doubling time distribution is also reported
Table I. The summary of calculated doubling times is
provided in Table I and Fig. 5. It was found that the model
generated doubling times were very close to the reported
doubling times, with all cancer types showing some degree of
overlap between the simulated and reported doubling times
(Fig. 5). However, the simulations predicted a much broader
range of doubling times than what was implied by the
literature estimates for all cancers, except NSCLC and
GBM. The boxplots in Fig. 5 indicate that the predicted
variability in tumor doubling time was highest for HCC
(varying by 152 months) and lowest for TN breast cancer
(varying by 15 months). Note, the reported doubling time of
GBM is a range (minimum, maximum) and not a 90%

confidence interval, because it is not reported in the
literature.

DISCUSSION

Here, we have sought to build a statistical framework
that can extract the growth rates and doubling times of
tumors from the PFS analysis of a clinical trial. As a result, we
have created a repository of clinical doubling times for 12
different cancer types, and a measure of inter-individual
variability associated with these doubling times. A similar
approach was applied in the clinic by Okazaki et al. (1) for
HCC, where the authors utilized doubling times obtained
from patients that were therapy non-responsive to infer the
cancer’s inherent growth rate. Similarly, Oda et al. (22) have
used doubling times from RCC patients, which were clinically
unresponsive to interferon therapy, to determine the cancer’s
natural growth kinetics. Accordingly, with the help of

Fig. 2. Kaplan-Meier visual predictive check (KM-VPC) plots for the evaluation of calculated growth rates. Panels a to l represent KM-VPCs
for pancreatic, melanoma, hepatocellular carcinoma, renal cell carcinoma, triple negative breast, non-small cell lung, hormone receptor positive
breast, human epidermal growth factor receptor-2 positive breast, gastric, glioblastoma multiforme, colorectal, and prostate cancers,
respectively. All observed data were obtained from the references listed in Table S1
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predefined selection criteria outlined in the BMETHODS^
section, we have used PFS analyses of the most rapidly
progressing clinical cohorts of a cancer to characterize the
growth rate of that cancer. Precise selection of these cohorts
was of utmost importance to limit the possibility of growth
rate underestimation or doubling time overestimation. Once
the most suitable cohorts were finalized for each cancer type
(Fig. 1), a mathematical approach was employed for directly
calculating tumor growth rates of solid tumors from PFS.
Being cognizant of the fact that only the patients with PD
provided relevant information about tumor growth in the PFS
analysis, Eq. 1 was applied to calculate the number of patients

that progressed at each time of tumor evaluation. After
determining the number of patients with PD at each time
point, Eq. 3 was used to calculate their respective tumor
growth rates. Rationalizing that patients did not necessarily
experience PD at the time of tumor evaluation, but in fact
could have progressed at any time since the previous
observation time point, a random uniform distribution was
used to select a unique time of PD for each patient that fell
between the previous and current time of evaluation.
Figure S3 demonstrates the robustness of this approach,
where instead of being lumped in accordance with time of
evaluation (panel b) the growth rates were able to take on

Fig. 3. Progression-free survival (PFS) simulations using growth rates obtained from fitted distributions (normal, log-normal, gamma, Weibull,
exponential) overlaid with the reported PFS plot (references listed in Table S1). Panels a to l represent PFS simulations for pancreatic,
melanoma, hepatocellular carcinoma, renal cell carcinoma, triple negative breast, non-small cell lung, hormone receptor positive breast, human
epidermal growth factor receptor-2 positive breast, gastric, glioblastoma multiforme, colorectal, and prostate cancers, respectively
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unique values for each patient (panel c), which more
realistically represented the clinically observed differences in
tumor growth rates between the patients. The predictive
ability of the growth rates extracted using the uniform
distribution approach was evaluated using KM-VPC plots
(Fig. 2), which validated that simulations using the extracted
growth rates were able to reproduce the clinically observed
PFS curves.

We also evaluated the distributional characteristics of
growth rates from each cancer type by fitting different
statistical distributions. The distributional characteristics pro-
vide an ability to define the parent distribution of calculated
growth rates using a few estimated parameters (e.g., location,
shape, scale), which can ultimately relay crucial information
about the tendency and variability of tumor growth kinetics
among different patients and the heterogeneity that can occur
in growth rates of tumors within a patient. Defining the
parent distribution also allows for prediction of the likelihood

of encountering certain growth rates or doubling times, which
can be crucial for scheduling times for tumor screening and
chemotherapeutic intervention (23). This information can
also be used to predict the trends for metastatic onset, as it
has been shown that growth rates can help estimate times of
metastasis (24–27). In addition, the knowledge of doubling
time distribution has been used to determine the benefit of
surgical intervention in metastatic cancers like melanoma (3),
which in turn can have implications on hospital budgeting.
Characterizing the distribution of growth rates for each
cancer type may also provide valuable insight into the relative
heterogeneity in the rates of tumor growth between different
cancers (11), which can ultimately help explain why early
screening of some cancers (e.g., lung and breast cancer) is still
not able to reduce mortality rates in patients (23).

Once the growth rates and their statistical distribution
were extracted from published PFS analyses, we were able to
demonstrate that the fitted growth rates were representative

Fig. 4. Kaplan-Meier visual predictive check (KM-VPC) plots to evaluate the predictive ability of the fitted growth rate distributions. Panels a
to l represent KM-VPCs for pancreatic, melanoma, hepatocellular carcinoma, renal cell carcinoma, triple negative breast, non-small cell lung,
hormone receptor positive breast, human epidermal growth factor receptor-2 positive breast, gastric, glioblastoma multiforme, colorectal, and
prostate cancers, respectively. All observed plots were obtained from the references listed in Table S1
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of the clinically observed patient growth rates (Fig. S1 and
Fig. 3). Our analysis showed that for most of the cancers the
growth rates were best described by a log-normal distribution,
except for HCC, for which the gamma distribution was the
best. For external validation of the estimated doubling times,
our model predictions were compared with the literature
reported values (Table I, Fig. 5). For most of the cancers,
there was a close agreement between the simulated and
reported doubling time values. However, with the exception
of pancreatic cancer, melanoma, NSCLC, and GBM, the
simulated median and interquartile range of doubling times
were consistently faster than reported values, leading to
underestimation of the observed doubling times. This may
be due to the larger number of patients included in our
simulations versus the small number of patients included in

clinical trials. For example, melanoma, NSCLC, and prostate
tumor doubling times were reported in multiple literature
sources, and this resulted in a much wider, often overlapping,
range of reported doubling times that are more reflective of
the simulated variability (Fig. 5). Note, for prostate cancer,
Gomez-de la Fuente et al. (28) report PSA doubling times
and Watanabe (29) reports tumor volume doubling times:
both were used to define an event in the reported PFS data
used here for prostate cancer (30). The underestimation of
doubling times may also occur because the model is informed
by PFS curves that more closely reflect the Btrue^ DBT of
tumors in the absence of any efficacious treatment. Whereas
the literature reported values may have been measured in the
presence of efficacious drug, which would result in higher
DBT estimates.

Table I. Estimated Exponential Growth Rates and Doubling Times for Each Cancer, Along with Their Associated Summary Statistics (Mean
and CV%). Distribution Models Used to Statistically Characterize Calculated Growth Rates Are Also Listed

Cancer Distribution Simulated
growth rate, kg
(month−1)

Simulated
DBT,
calculated as
ln(2)/kg
(months)

Mean DBT calculated
from the distribution of
simulated growth rates

CV% Reported DBT (months)a

Mean Median Mean Median

Pancreatic Log-normal 0.251 0.19 2.76 3.68 5.06 88.18 5.30 (3.84, 6.76) [42]
Melanoma Log-normal 0.283 0.23 2.45 3.01 3.78 71.25 4.80 (2.1–8.5)c

2.67 (1.3–13.33)c

1.64 (1.31, 1.96) [112]
6.84 (4.37, 9.31) [76]
1.43 (0.99, 1.86) [87]

HCC Gamma 0.464 0.39 1.49 1.77 3.06 70.10, 165.93b 5.26 (3.78, 6.74) [103]
2.37 (1–4.9)d

RCC Log-normal 0.452 0.35 1.53 2.00 2.67 83.16 15.6 (13.34, 17.86) [18]e

2.98 (2.17, 3.79) [48]f

TN Breast Log-normal 0.482 0.38 1.44 1.83 2.38 78.25 3.43 (2.75, 3.43) [42]
NSCLC Log-normal 0.426 0.35 1.63 1.96 2.40 66.81 1.53 (0.85, 2.21) [96]

22.93 (7.18, 38.69) [192] women
7.80 (0.92, 14.68) [191] men
15.07 (11.88, 18.25) [84]
36.90 (0.13, 11.73) [36]
2.07 (1.60, 2.93) [67]

HR+ breast Log-normal 0.318 0.23 2.18 3.02 4.31 95.65 8.03 (6.25, 9.82) [69]
HER-2+ breast Log-normal 0.409 0.27 1.70 2.59 4.12 115.50 5.40 (4.27, 6.53) [37]
Gastric Log-normal 0.340 0.25 2.04 2.76 3.84 90.95 10.08 (6.48, 13.67) [63]
GBM Log-normal 0.482 0.37 1.44 1.89 2.55 85.09 1.65g

3.17 (0.05–10.63)h

CRC Log-normal 0.441 0.34 1.57 2.05 2.75 83.60 13.91 (4.75, 23.08) [82]
Prostate Log-normal 0.362 0.25 1.91 2.75 4.10 103.28 6.46 (5.28, 7.64) [66]i

12.16 (7.89, 16.43) [65]

a Results show the mean (95% confidence interval of the reported mean doubling time) (reported coefficient of variation (CV%))
b CV% of simulated kg values, CV% of the simulated DBT
cMedian (range)
dMedian (interquartile range)
e Primary tumor
f Pulmonary metastasis
gMedian only
hMean (range)
i Estimate based on prostate-specific antigen (PSA) doubling time and not tumor volume doubling time
CRC, colorectal cancer; GBM, glioblastoma multiforme; HCC, hepatocellular carcinoma; HER-2+, human epidermal growth factor receptor-2
positive; HR+, hormone receptor positive; TN, triple negative; NSCLC, non-small cell lung cancer; RCC, renal cell carcinoma

Page 9 of 12 27The AAPS Journal (2019) 21: 27



The knowledge of clinical tumor growth rates, doubling
times, and associated population variability is the key for
successful preclinical-to-clinical translation of anticancer drug
molecules. One of the main reasons clinical trials in oncology
have such a high failure rate (31,32) is because during
preclinical-to-clinical translation investigators often use the
same dose-response relationships they have derived from the
tumor-bearing animal models to make go/no-go decisions. We
advocate that clinical translation of the preclinical
pharmacokinetics/pharmacodynamics (PK/PD) relationships
using mechanism-based mathematical modeling-and-
simulation (M&S) approaches, which use clinically relevant
parameters like tumor growth rates in patients, can provide
much better prediction of human dose-response relationships.
In fact, using two clinically approved antibody-drug conju-
gates, brentuximab-vedotin (Adcetris®) and trastuzumab
emtansine (Kadcyla®), we have demonstrated that this kind
of PK/PD M&S approach is capable of a priori predicting the
clinical efficacy and PFS of anticancer drug molecules in
cancer patients (9,33). In addition, our mathematical model-
ing work revealed that the predictions of clinical efficacy are
very sensitive to the rate of tumor growth in the clinic and
inter-patient variability associated with this parameter. As
such, the estimated clinical growth rates and associated

population variability presented in this manuscript (Table I)
can serve as a repository for future PK/PD M&S efforts
towards preclinical-to-clinical translational of anticancer
drugs.

While our approach for obtaining solid tumor growth
rates is unprecedented and provides advantage over the older
approaches, our method relies on several assumptions. For
example, PD is typically characterized by either tumor growth
above a predefined threshold or death. However, here, we
have assumed that all patients deemed to have an event
suffered from progression rather than death. This assumption
is based on the fact that there is a strong correlation between
death and cancer growth (3), and if a patient died the tumor
progression would have been likely. It is also important to
note that the method of tumor evaluation used in each study
could affect the calculated growth rates. For example, a
difference in the growth between primary and metastatic
lesions has been observed for many cancers (34–38). How-
ever, during tumor evaluation, multiple lesions are usually
measured and not just the primary lesion, so the growth rates
calculated here may be a hybrid representation of both the
primary and secondary neoplasms. Of note, the reported
doubling time for RCC used for comparison with the
estimated doubling time (Table I) was obtained from patients

Fig. 5. Boxplots demonstrating distribution of simulated doubling times across the 12
cancer types. Each boxplot represents the tumor volume doubling times for 1000 samples
from the best fitted distribution model that was utilized to characterize the calculated
growth rates. The boxplot whiskers represent the upper/lower quartile values plus/minus
1.5 times the interquartile range. All data points outside the whiskers were considered
outliers by the R software. For all cancers (except glioblastoma multiforme (GBM)), the
blue transparent boxes represent the 95% confidence interval (CI) of the mean doubling
time values reported in the literature (Table I). The 95% CI was not reported for GBM
and so the range of reported values (Table I) is shown in the blue transparent box
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with the tumor at M0 stage (37). This is because the reported
doubling times for primary RCC tumor are obtained pre-
dominantly from Bslow type^ tumors (38), and can be as high
as ~ 1.76 years, which could not account for the rate of
progression observed in our selected PFS (39).

Tumor growth is a complex process, often involving a
combination of linear and exponential phases and is likely
best described using a biphasic or Gompertzian models.
However, the information extracted from published PFS
curves does not provide information about a patient’s prior
treatment history or tumor burden to support these complex
growth models. As such, to accomplish the goals of this
research, the most parsimonious model, an exponential
growth, was used. This novel approach provides reasonable
estimates of tumor growth rate and doubling times. In the
future, patient level radiological imaging data could provide
valuable additional information about the patient’s tumor
burden and be used to further validate and perhaps further
refine the model methodology.

CONCLUSION

We have developed a novel statistical approach for
obtaining solid tumor doubling times from PFS plots, without
the use of directly measured radiologic data. The presented
analysis provides insights into the explicit relationships
between tumor doubling time and the likely progression of
disease in patients. The list of growth rates, doubling times,
and population variabilities for 12 different cancer types
presented here is a valuable resource for clinical oncologists
interested in optimizing therapeutic intervention and drug
development scientists interested in a priori predicting the
clinical outcome of novel anticancer therapies.
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