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ABSTRACT

◥

Purpose: Quantitative relationships between treatmentinduced changes in tumor size and circulating tumor cell (CTC)
counts, and their links to overall survival (OS), are lacking. We
present a population modeling framework identifying and
quantifying such relationships, based on longitudinal data
collected in patients with metastatic colorectal cancer (mCRC)
to evaluate the value of tumor size and CTC counts as predictors
of OS.
Experimental Design: A pharmacometric approach (i.e.,
population pharmacodynamic modeling) was used to characterize the changes in tumor size and CTC count and evaluate them as
predictors of OS in 451 patients with mCRC treated with chemotherapy and targeted therapy in a prospectively randomized
phase III study (CAIRO2).

Introduction
Tumor burden, most frequently evaluated as the sum of longest
diameters (SLD) according to the RECIST (1, 2), may provide a
foundation of evidence for treatment efﬁcacy. However, it is desired
to identify new and preferably early markers of treatment responses
since changes in tumor size is delayed in relation to initiation of
therapy. Circulating tumor cell (CTC) count has emerged as a possible
prognostic and predictive biomarker in oncology over the past couple
of decades. Measurement of the CTC count in blood is generally
referred to as a liquid biopsy, which is minimally invasive and offer a
simple, fast, and cost-efﬁcient way of following disease status (3). CTCs
are tumor cells that circulate in the blood after shedding from the
primary tumor which may, if surviving the hostile environment in the
vasculature and the transport through the narrow blood vessels, invade
a distant location and metastasize a new organ (4). However, not only
do CTCs have a low abundance in the blood (approximately 1 CTC per
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Results: A tumor size model of tumor quiescence and drug
resistance was used to characterize the tumor size time-course, and
was, in addition to the total normalized dose (i.e., of all administered
drugs) in a given cycle, related to the CTC counts through a negative
binomial model (CTC model). Tumor size changes did not contribute
additional predictive value when the mean CTC count was a predictor
of OS. Treatment reduced the typical mean count from 1.43 to 0.477
(HR ¼ 3.94). The modeling framework was applied to explore
whether dose modiﬁcations (increased and reduced) would result in
a CTC count below 1/7.5 mL after 1 to 2 weeks of treatment.
Conclusions: Time-varying CTC counts can be useful for early
predicting OS in patients with mCRC, and may therefore have
potential for model-based treatment individualization. Although
tumor size was connected to CTC, its link to OS was weaker.
1  109 blood cells in an “average” patient), but currently available
assays have low sensitivity to detect all heterogeneous CTC forms.
Therefore, it is common that a large proportion of samples drawn to
measure the CTC count has no detectable CTC (5–9). Detectable CTC
counts has however been related to worse OS and/or progression-free
survival across tumor types in numerous studies (6, 7, 10–13).
The beneﬁt of pharmacometric modeling in oncology has been
frequently reported over the past couple of decades (14–19). This
powerful tool may facilitate drug development in a number of aspects,
including prediction of clinical outcome from preclinical data and
guidance of dosing strategies, as well as optimizing treatment in the
individual patient by applying personalized treatment. Although, there
is still a rather limited use of these models in the clinical oncology
setting, but it could be improved by closer collaborations between the
treating physician and pharmacometricians, and development of userfriendly software. To our knowledge, no pharmacometric analysis has
explored the relationship between changes in tumor size and CTC
count and OS. Therefore, a population tumor size model was developed, on the basis of clinical data from patients with metastatic
colorectal cancer (mCRC) treated with ﬁrst-line chemotherapy and
targeted therapy in the multicenter phase III CAIRO2 trial (20).
Subsequently, a model characterizing dynamic changes in the CTC
count in the same patient population was developed where the tumor
size model was used to explore potential relationships between longitudinal changes in tumor size and CTC counts. Finally, variables
derived from both the tumor size and CTC models were explored as
predictor of OS.

Materials and Methods
Patients and data
To perform the analysis described in the sections below, data from a
relatively large study with longitudinal measurements of CTC counts,
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Translational Relevance
Much attention has been directed to biomarker research in
oncology, especially in the era of personalized treatment. Detailed
understanding of the interplay between potential biomarkers of
response and a clinical endpoint may be obtained by exploring
dynamic biomarker changes following treatment initiation. Circulating tumor cell (CTC) counts have been suggested as an earlier
and simpler method than tumor size scans to evaluate treatment
response. Relationships between drug exposure, tumor size (sum of
longest diameter), CTC count, and overall survival (OS) were
quantiﬁed in patients with metastatic colorectal cancer, using a
population modeling approach. The CTC time-course predicted
OS. Drug treatment, and to a smaller extent, tumor size, predicted
the CTC time-course. The potential value of a modiﬁed dose was
explored with the aim of achieving a mean CTC count <1/7.5 mL,
which indicated clinical beneﬁt by the developed model, after 1 to
2 weeks.

tumor size, and OS were required. CTC counts were available in 458
patients treated for mCRC in the CAIRO2 trial (13, 20) and included in
the current analysis. The study was conducted in agreement with the
declaration of Helsinki and approved by the Committee on Research
Involving Human Subjects Arnhem-Nijmegen. All patients provided
written informed consent before study entry. Anticancer treatment
was administered in cycles of 3 weeks. Treatment with capecitabine
(1,000 mg/m2, or 1,250 mg/m2 after the sixth cycle as mono-chemotherapy, orally twice daily on days 1–14), oxaliplatin (130 mg/m2 i.v. on
day 1, for a maximum of six cycles) and bevacizumab (7.5 mg/kg i.v. on
day 1) was administered to 230 patients (CB regimen). The same
treatment schedule, with the addition of cetuximab (400 mg/m2 i.v. on
day 1 of the ﬁrst cycle and 250 mg/m2 i.v. on day 1 of the subsequent
cycles) was administered to 228 patients (CBC regimen). Treatment
was continued until the occurrence of disease progression, death, or
unacceptable adverse event. Additional study details are available
elsewhere (20). Individual dosing histories, but no drug concentrations, were available. A summary variable of all administered doses,
that is, the total normalized dose (TND), was created to explore
relationships between drug treatment and tumor size and CTC
changes. Each administered dose was normalized to the nominal dose
level and values below and above 1 therefore corresponded to a dose
lower or higher than the nominal dose level, respectively. Subsequently
each administered normalized dose was added to the TND. The TND
was consequently 3 for a patient that received the nominal dose level
for each of three different drugs.
Tumor size, that is, SLD, was measured before start of treatment and
subsequently every 9 weeks using computed tomographic imaging,
and evaluated with RECIST 1.0 (1). The CTC count was measured
pretreatment and after 1 to 2, 3 to 5, and 6 to 12 weeks after start of
treatment, and subsequently every 9 weeks, that is, at the same time as
SLD evaluation, for up to a year. CTC isolation and enumeration was
performed in duplicates (due to expected low CTC counts) of 7.5 mL
blood each with the CellSearch System (Menarini Silicon Biosystems),
which is the only system cleared by the Food and Drug administration
for CTC enumeration (13, 21).
Tumor size and dropout models
A tumor size model was developed to explore the relationship
between time-courses of both tumor (SLD(t)) and CTC count and OS.
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The primary goal of the tumor size model was therefore to characterize
the individual dynamic changes well in relation to the observed tumor
sizes. The tumor growth inhibition model, as suggested by Claret and
colleagues (22), and the tumor size model of tumor quiescence and
drug-resistance (23, 24), were explored to describe changes in SLD. In
the latter model, a fraction of the total SLD is present as drug-sensitive
tumor while the remaining fraction is drug-resistant. The drugresistant tumor cells are hypothesized to transfer from an initial
quiescent state to a proliferative state (Fig. 1), with either a fast or
slow rate from the quiescent to the proliferating state (kDelay,fast and
kDelay,slow). Linear and exponential growth rates were evaluated. TND
was explored as a predictor of SLD changes. The potential existence of
different patient populations with different patterns in tumor size
change (e.g., those with long and durable tumor response, tumor
response followed by regrowth or tumor growth without response),
together with skewed and bimodal distributions of the random
effects (25), were investigated to account for the time-varying SLD
measurements.
Because dropout from the study and continued measurements did
not occur at random but depended on progression and the observed
tumor size, a dropout model (using logistic regression) was developed
to evaluate the tumor size model with simulation-based diagnostics,
that is, visual predictive checks (VPC; ref. 26). Tumor size-related
variables, derived from observed tumor sizes, described in Table 1
together with time, were explored as predictors of dropout.
CTC model
The distribution of CTC counts was described by estimating the
dynamic changes over time of the mean CTC count in 7.5 mL blood,
that is, lCTC(t), by applying count models of the Poisson type (i.e.,
Poisson, zero-inﬂated Poisson and negative binomial; ref. 27). lCTC(t)
does consequently not reﬂect an actual CTC count (integer), but is a
continuous real number. Model-derived tumor size metrics, described
in Table 1, together with the observed baseline tumor size (BTS) were
explored as predictors of lCTC(t). Effect delays were evaluated and
modeled through addition of an effect compartment (28). A categorical treatment effect, that is, drug or no drug, together with drug effects
based on the TND and kinetic–pharmacodynamic modeling (29)
given the TND, were also tested as predictors of lCTC(t) on top of
potential tumor size-related relationships.
OS model
A parametric time-to-event model approach was used to characterize the OS data. Exponential, Weibull, Gompertz, log-normal, and
log-logistic distributions were explored to describe the event times.
Observed BTS, and other baseline covariates, that is, observed CTC
count (BCTC), age, arm, normal/increased lactate dehydrogenase,
prior chemotherapy, and resection of primary tumor, were ﬁrst
explored as predictors of OS in a stepwise manner, that is, the covariate
that resulted in the largest improvement in the model ﬁt (i.e., lowest P
value) was included in the model in the ﬁrst step and remaining
covariates were subsequently re-evaluated on top of that covariate in
the following step(s). Model-derived tumor size- and CTC-related
metrics (described in Table 1) were explored, and their predictive
properties were hence compared with each other (i.e., the variable
resulting in the lowest P value was included in the OS model), when no
additional baseline covariate improved the model ﬁt statistically
signiﬁcant. The SLD(t) was extrapolated until the event time (censored
or death), to a maximum of 1000 mm to avoid unrealistically large
tumor sizes. Model-derived predictors were ﬁrst explored one by one
and then in combination, in the same way as described above for
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Figure 1.
Schematic representation of the ﬁnal modeling framework, including the CTC (green box) and OS (blue box) models. The lCTC(t) is affected by tumor size- and doserelated effects (TS and TND effects, respectively) and drives the probability of observing a CTC count ¼ n. A log-logistic distribution of the baseline hazard [h0(t)] for
distribution of event times (death or censored) was used in the ﬁnal model together with BTS, age, and lCTC(t) (parametrized as a sigmoidal Emax model with the
maximum effect, ECTCmax, lCTC(t) value that gives half of ECTCmax, ECTC50, and the steepness factor, g CTC) as predictors. Parameters in this ﬁgure that are estimated:
CTC0, bSLD-CTC, D50, ECTCmax, ECTC50, and g CTC. bSLD-CTC, parameter relating SLD(t) to the mean CTC count; CTC0, baseline mean of CTC count per mm SLD; D50,
TND accounting for 50% of the maximum drug-related effect.

baseline covariates. The statistical signiﬁcance of included predictors
(baseline and model-derived) were ﬁnally evaluated in a backward
elimination step. All predictors were added exponentially to h0(t) and
additively to each other. It was also explored if a potential relationship
between CTC and OS depended on if the patient had progressive
disease at any time during the study period.
The performed OS analysis is consequently different compared with
the analysis by Tol and colleagues, where Kaplan–Meier (KM) curves
were compared using the log-ranking test and predictors of OS were
evaluated using Cox proportional hazard models (13).
Data analysis
The current analysis was performed with NONMEM 7.4 (30).
Parameters were estimated with the ﬁrst-order conditional estimation
method with interaction (tumor size model) and the Laplacian estimation method (CTC and OS models). The by NONMEM provided
objective function value (OFV, i.e., 2∙log likelihood) was used to
guide model building, in combination with inspection of VPCs and
parameter uncertainty. A signiﬁcance level of P < 0.05 (tumor size and
CTC models) or P < 0.01 (OS model) were used to discriminate
between nested models. Additional description of the model selection
and evaluation processes is presented in the Supplementary Materials
and Methods.

Results
A schematic representation of the developed modeling framework
(including the CTC and OS models) is presented in Fig. 1. All ﬁnal
parameter estimates and corresponding relative standard errors (RSE)
are presented in Table 2.
Patients and data
Four hundred sixty-seven patients were eligible and enrolled
between August 2005 and December 2006. The median TND across
all administered doses was 3.34 (range: 0.301–23.4). The median TND
in the CB and CBC groups were 2.49 (range: 0.301–23.4) and 3.93
(range: 0.370–8.52), respectively. Nine patients were excluded in the
current analysis since they were lacking SLD and/or CTC measure-
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ments. Inconsistent and unexpected SLD time-courses, that is, multiple phases of increasing or decreasing SLD, were observed in 7
patients during visual inspection of the raw data. An additional 18
SLD measurements in 16 patients deviated more than clinically
plausible from the other SLD observations. It was not possible to
capture these dynamic changes with the explored tumor size models
and these seven patients and 18 observations were therefore deﬁned as
outliers and excluded from the current analysis. There were consequently 451 patients in the analysis data set. The reasons for exclusion
from the original 467 eligible patients, together with the observed SLD
time-courses in the 7 patients that were excluded after visual inspection
of the data, are summarized in Supplementary Fig. S1. The median
SLD at baseline was 87 mm (range: 10–494 mm), the median number
of SLD measurements per patient was 4 (range: 1–20) and the median
follow-up time for SLD evaluation was 33 weeks (range: 0–244 weeks).
The median number of CTC replicates per patient was 5 (range: 1–27)
and the median follow-up time for CTC enumeration was 27 weeks
(range: baseline–104 weeks). The median CTC count across all
evaluable samples was 0 (range: 0–823) and there were 0 CTCs in
76% of all CTC samples. The CTC count was 0 in 51% of the baseline
samples. Baseline characteristics of these 451 patients are available in
Supplementary Table S1. A total of 353 of these patients died during
the follow-up period and 98 were censored. The median OS was
1.7 years and follow-up ranged between 1.5 weeks and 5.1 years.
Tumor size and drop-out models
The tumor size model of tumor quiescence and drug-resistance
resulted in the best model ﬁt to the SLD data (schematically illustrated
in Supplementary Fig. S2). This model did however not describe the
individual dynamic changes well in patients that progressed immediately after start of treatment. None of the evaluated bimodal or
skewed distributions improved the prediction of these patients, whereas addition of a third subpopulation (with a fast growth rate of the
drug-sensitive fraction) resulted in better characterization of the data
from these individuals. A linear growth rate of the drug-sensitive
fraction described the data better than other functions of growth. No
dose–response relationship could be established in the tumor size
model. The individual predictions were in general in good agreement
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Table 1. Description of explored tumor size- and CTC-related predictors.

Predictor
Tumor size-related
Progressive disease, based on observed tumor size
Normalized baseline tumor size 1
Normalized baseline tumor size 2
Absolute tumor time-course
Relative change from baseline SLD(t)
Baseline normalized SLD(t)
Relative change from lowest SLD(t)
Time-course of rate of tumor size changes
Categorical effect (before/after regrowth)
Tumor size ratio at week 9

Tumor size ratio at week 18

Time to tumor growth, TTG
CTC-related
Absolute mean CTC count, lCTC(t)
Relative change from baseline lCTC(t)
lCTC(t) at weeks 1, 3, and 6 (lCTC,1w, lCTC,3w and lCTC,6w)

lCTC(t) ratio at weeks 1, 3, and 6

Derivation

Time-varying?

Explored as a
predictor of:

20% and at least 5 mm
increase in tumor size
BTS  BTSmedian
BTS=BTSmedian
SLDðtÞ

Yes

Dropout

No
No
Yes
Yes

Dropout, CTC, OS
CTC
Dropout, CTC, OS
Dropout, CTC, OS

Yes
Yes

CTC, OS
CTC, OS

Yes
No
Yes (until week 9)

CTC, OS
CTC
OS

Yes (until week 18)

OS

Yes (until time of regrowth)

OS

Yes
Yes

OS
OS

Yes (until week 1/3/6)

OS

Yes (until week 1/3/6)

OS

Yes

OS

SLDðtÞSLD0
SLD0

SLDðtÞ  SLD0

SLDðtÞSLDmin
SLDmin

Derivative  SLDðtÞ
Time <9 weeks:
SLDðtÞ=SLD0
Time ≥9 weeks:
SLDðtÞweek9 =SLD0
Time <18 weeks:
SLDðtÞ=SLD0
Time ≥18 weeks:
SLDðtÞweek18 =SLD0
Time <TTG: Time
Time ≥TTG: TTG

lðtÞCTCactual;0
CTCactual;0

Time <1/3/6 weeks:
lðtÞ
Time ≥1/3/6 weeks:
lðtÞweek1=2=3
Time <1/3/6 weeks:
lðtÞ=lactual;0
Time ≥1/3/6 weeks:
lðtÞweek1=2=3 =lactual;0

Categorical effect for lCTC(t) ≥1/2/3/estimated

Abbreviations: BTS, baseline tumor size; SLD0, estimated baseline SLD; SLDmin, lowest SLD; CTCactual,0, estimated baseline mean CTC count given a patient’s baseline
tumor size.

with the observed data. Individual SLD model-predictions in relation
to their observed SLD are presented for 9 patients in Supplementary
Fig. S3.
The probability of dropping out increased when the patient had
progressive disease [uPRD ¼ 2.05; 95% conﬁdence interval (CI), 1.61–
2.50]. No other predictor of dropout was identiﬁed on top of progressive disease. The results (DOFVs and P values) for all explored
dropout predictors are given in Supplementary Table S2. The VPC of
the ﬁnal tumor size model in Supplementary Fig. S4, taking dropout
into account, demonstrates a good agreement between the observed
and simulated data.
CTC model
The negative binomial model, accounting for overdispersion of the
data (i.e., the mean of the data is smaller than the variance of the data),
resulted in the best ﬁt of the evaluated base CTC models. The proportion
of CTC count ¼ 0 over time was however not well characterized in the
base model, as illustrated in the left panel in Fig. 2. An exponential
function of the model-derived absolute SLD(t) improved the model ﬁt
most among the tumor size-related predictors and was therefore related
to lCTC(t) (Eq. A). No delay of the tumor size effect on lCTC(t) could be
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identiﬁed. The TND was related to lCTC(t) as described in Eq. A;


TND
ðAÞ
lCTC ðtÞ ¼ CTC0  ebSLDðtÞ ðSLDðt Þ1Þ  1 
D50 þ TND
CTC0 is the baseline CTC count for an SLD of 1 mm and in
absence of drug. bSLD(t) is a parameter relating SLD(t) to lCTC(t)
and D50 is the TND accounting for 50% of the maximum drugrelated effect. lCTC(t) and the parameter describing overdispersion
(O) described the probability of observing a CTC count equal to n,
according to Eq. B;
 
n
O1 
G nþ 1
1
lCTC ðtÞ
P ðCTC ¼ nÞ ¼ 1 O 
 1
ðBÞ
1 þ O  lCTC ðtÞ
G O  n!
O þ lCTC ðtÞ
where G and n! represent the gamma function and factorial function
of n, respectively.
Inclusion of SLD(t) as a predictor of lCTC(t) improved the description of the proportion of CTC count ¼ 0 from approximately 30 weeks
after start of treatment and onwards (middle panel in Fig. 2), while
when also adding the dose–response relationship, there was a better
description of the initial increase in proportion of CTC count ¼ 0
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Table 2. Parameter estimates and their corresponding
uncertainty (RSE) in the ﬁnal tumor size, CTC (Eq. A), and OS
(Eq. C) models.
Parameter

Estimate (RSE%)

TS model
SLD0 (mm)
88.3 (4.2)
Box-cox shape (IIV-SLD0)
0.246 (23)
FRlogit
0.279 (25)
FR (%)
56.9
RGrow,sensitive,slow (mm/week) 8.38  105 (11)
RGrow,sensitive,fast (mm/week)
5.02 (28)
kKill (week1)
9.55  103 (7.0)
kDelay,slow (week1)
4.53  103 (0.41)
kDelay,fast (week1)
66.6  103 (0.70)
kGrow,resistant (week1)
55.3  103 (0.32)
q1Mix,logit
0.103 (230)
q2Mix,logit
2.37 (16)
P(Mix 1) %
52.6b (41–64)
P(Mix 2) %
39.7b (26–53)
P(Mix 3) %
7.7b (2.4–22)
Errorproportional
0.0889 (3.7)
Erroradditive (mm)
1.97 (1.45)
CTC model
CTC0
0.704 (11)
O
1.40 (15)
bSLD(t) (mm1)
8.11  103 (11)
D50
0.503 (11)
OS model
b0
15.1 (1.2)
g
0.751 (4.0)
bBTS (mm1)
1.37  103 (37)
bAge (years1)
1.41  102 (26)
ECTCmax
7.59 (4.6)
ECTC50 (mean CTC count)
0.315 (2.8)
g CTC
4.91 (3.8)

IIV %CV (RSE%)
a

0.586 (7.6)

a

2.30 (12.7)

71.4 (7.9)
57.3 (3.0)
83.2 (7.4)

17.1 (11)

1

hðtÞ ¼
274 (4.3)
732 (9.1)
176 (11)

Abbreviations: CV, coefﬁcient of variation; SLD0, baseline SLD; FRlogit, fraction
drug-resistant tumor of SLD0 estimated on logit scale; FR, corresponding actual
fraction of FRlogit; RGrow,sensitive,slow, slow growth rate constant of drug-sensitive
fraction; RGrow,sensitive,fast, fast growth rate constant of drug-sensitive fraction; kKill,
tumor kill rate constant; kDelay,slow, slow transit compartment delay rate constant
from quiescent to tumor to drug-resistant tumor; kDelay,fast, fast transit compartment
delay rate constant from quiescent tumor to drug-resistant tumor; kGrow,resistant,
growth rate constant of drug-resistant fraction; q1Mix,logit, mixture parameter 1 estimatedon logit scale; q2Mix,logit, mixture parameter 2 estimated onlogit scale; P(Mix 1),
proportion of patients in mixture 1 (i.e., kDelay,slow þ Rgrow,sensitive,slow); P(Mix 2),
proportion of patients in mixture 2 (i.e., kDelay,fast þ Rgrow,sensitive,slow); P(Mix 3),
proportion of patients in mixture 3 (i.e., kDelay,slow þ Rgrow,sensitive,fast); CTC0, baseline
mean of CTC count per mm SLD in 7.5 mL blood; O, overdispersion parameter;
bSLD-CTC, parameter relating SLD(t) to the mean CTC count; D50, TND accounting
for 50% of the maximum drug-related effect; b0, scale parameter in the log-logistic
distribution; g, shape parameter in the log-logistic distribution; bBTS, parameter
relating the baseline tumor size to the hazard; bAge, parameter relating age to the
hazard; ECTCmax, maximum CTC effect; ECTC50, mean CTC count that gives half of
ECTCmax: steepness factor in the sigmoidal CTC Emax model, g CTC.
a
IIV is reported as a variance.
b
Corresponding 95% CI, given the uncertainty in q1Mix,logit and q2Mix,logit.

(right panel in Fig. 2). A VPC showing nine different proportions of
CTC counts (i.e., equal to 0, 1, 2, 3, >3 and ≤5, >5 and ≤10, >10 and ≤50,
>500, and ≤100 and >100) over time revealed in general a good
agreement between the observed and simulated proportions (Supplementary Fig. S5), given the ﬁnal CTC model as described in Eqs. (A)
and (B), in all nine categories.
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OS model
The log-logistic distribution, parameterized with scale (b0) and
shape (g) parameters, described the event times the best. g was
estimated to a value below 1, meaning that the hazard, that is, h(t), is
ﬁrst increasing with time, t, and then decreasing monotonically.
BTS, BCTC, and age were added as predictors after exploration of
baseline covariates. Most of the model-derived metrics resulted in
statistically signiﬁcant improvement of the model ﬁt. The most
pronounced improvement was observed when lCTC(t) through a
sigmoidal Emax model was used to predict OS (DOFV ¼ 149, P ¼
4.33  1032). Compared with the best tumor size-related variable,
that is, absolute SLD(t), the drop in OFV was lower (DOFV ¼ 66.6,
P ¼ 3.33  1016). No additional model-derived variable (including
dynamic tumor size changes) improved the model ﬁt further (P >
0.01). The tumor size time-course was however indirectly related to
OS since the tumor size, in combination with TND, a predictor of
lCTC(t) as described above. BCTC was removed from the OS model
after the backward elimination step and BTS, age, and the effect
based on lCTC(t) (CTCeffect) were therefore included in the ﬁnal OS
model, which is described in Eq. (C);
1

ðeb0 Þg  t g 1

  eðbBTS ðBTS87ÞþbAge ðAge63ÞþCTCeffect Þ ðCÞ
1
g  1 þ ðeb0  t Þg

where bBTS and bAge are parameters relating the effect of BTS and age
to the hazard, respectively, and the CTCeffect is deﬁned as in Eq. (D);
g

CTCeffect ¼

CTC
ECTCmax  lCTC
ðt Þ

g
ECTC50CTC

g

CTC
þ lCTC
ðt Þ

ðDÞ

where ECTCmax is the maximum effect, ECTC50 is the lCTC(t) value
that gives half of ECTCmax and g CTC is the steepness factor.
No relationship between progressive disease and CTCeffect could be
identiﬁed, that is, CTCeffect was the same in patients with and without
progressive disease.
The KM VPC of the ﬁnal OS model illustrated an acceptable
agreement between the observed KM curve and the 95% CI based on
simulations from the ﬁnal OS model (Fig. 3), with a slight overprediction of the survival from approximately 1 year. The continuous relationships between the relative hazard and the range of the
observed BTS and age are illustrated in Fig. 4. The relative hazard
was 1.39 (95% CI, 1.07–1.80) and 1.23 (95% CI, 1.03–1.47) for a
patient with a BTS of 325 mm (i.e., the 97.5th percentile) or a 78year-old patient, in relation to the typical patient with the median
BTS (i.e., 87 mm) and age (63 years) and lCTC(t) < 1, respectively,
given the ﬁnal parameter estimates of bBTS and bAge (presented
in Table 2). Including BTS and age as predictors of OS resulted in
an improved description of the mean change of these variables in
the population over time (Supplementary Fig. S6). The sigmoidal
Emax model predicted a steep relationship between lCTC(t) and the
prediction of OS (g ¼ 4.91) where the maximum effect was almost
reached already for a lCTC(t) ¼ 1/7.5 mL [i.e., 99.7% of ECTCmax].
Treatment reduced the typical lCTC(t) from 1.43 to 0.477, resulting
in a relative hazard of 3.94.
Impact of dose escalation and reduction
The CTC count was ≥1/7.5 mL in at least one replicate before start of
treatment in 248 patients. The CTC model predicted a majority of the
patients to have a CTC count <1/7.5 mL at 1 to 2 weeks after start of
treatment, whereas 46 of the 248 patients still had a CTC count ≥1.
Because the hazard of dying was higher in patients with a CTC count
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Figure 2.
VPC of the proportions of CTC count ¼ 0 over time in the base CTC model (left), in the model including only a tumor size-related effect (middle) and the ﬁnal CTC
model (including both tumor size- and drug-related effects, right). The dots represent the observed proportions (connected with a line), and the shaded areas are the
95% CI of the simulated data, derived from 200 simulations from the corresponding CTC models.

≥1/7.5 mL, it was investigated if an increase in TND could result in a
CTC count <1/7.5 mL at the ﬁrst measurement after start of treatment
in these patients, because the developed modeling framework suggested clinical value for a CTC count <1/7.5 mL. A 50% higher TND
(range 3.15–8.31), a doubled TND (range 4.20–11.1) and a tripled
TND (range 6.30–16.6) reduced the CTC count to below 1/7.5 mL at
the ﬁrst measurement after start of treatment in 7 of the 46 patients
(15%) when TND was 50% higher and in 16 (35%) and 26 (57%)
patients when the TND was doubled and tripled, respectively. It was
also explored if a reduced TND would be acceptable with respect to
retaining the CTC count <1/7.5 mL in patients with a CTC count
<1/7.5 mL at the ﬁrst measurement after start of treatment (n ¼ 148).

Figure 3.
KM VPC of the ﬁnal OS model. The ﬁgure illustrates the observed KM curve (black
line) in comparison to the 95% CI, generated from 100 simulations (gray-shaded
area). Black vertical lines indicate censored events.

AACRJournals.org

The model predicted the CTC count to stay below 1/7.5 mL in most of
the patients, following a 25% (n ¼ 139) and 50% (n ¼ 125) dose
reduction.

Discussion
To our knowledge, this is the ﬁrst time the relationship between
changes in tumor size, CTC counts over time, and OS have been
quantiﬁed using a pharmacometric approach. Here we present a
modeling framework that identiﬁed and established such quantitative
relationships in patients with mCRC treated with ﬁrst-line chemotherapy (capecitabine and oxaliplatin) and targeted agents (bevacizumab and cetuximab) in the CAIRO2 trial (20). Parts of the data
included in the current nonlinear mixed effects analysis and parametric time-to-event analysis have been analyzed previously, using Cox
proportional hazards models, where the CTC count was also found to
be related to OS (13). However, the current analysis added mechanistic
and quantitative understanding of the relationship between dynamic
changes in SLD and CTC count, as well as how these time-varying
variables are related to OS. The CTC time-course, for which TND and
the model-predicted SLD were covariates (Eq. A), was a better
predictor of OS than the SLD time-course alone. When the modelpredicted CTC time-course was included in the OS model, SLD did not
improve the ﬁt further (P > 0.01). In addition, a dose–response
relationship was identiﬁed which could be applied for dose
individualizations.
The developed tumor size model, using a similar model structure
as suggested by Bender and colleagues (23, 24), was used to drive
the probability of observing a CTC count of a number n, by
applying a count model approach with overdispersion, that is,
SLD was included as a predictor of lCTC(t). A dose–response
relationship, separate from the time-course of tumor size, was
also identiﬁed as a signiﬁcant driver of the CTC time-course. The
TND in a given cycle inhibited the mean CTC count which
captured the rapid increase in proportion of CTC counts ¼ 0 after
treatment initiation. It should however be noted that the drug
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Figure 4.
Relative (to the median patient, i.e., a 63-year-old patient with a BTS of 87 mm and a lCTC(t) <3/7.5 mL) hazard illustrated for a change in BTS (left) and age (right)
given parameter estimates in the ﬁnal OS model (solid black lines). Shaded areas represent the 95% CI, given the corresponding standard error. The relationships are
illustrated for the observed range of the covariate value, and dashed vertical lines represent the 2.5th and 97.5th percentiles of the observed covariate value. The
horizontal gray line indicates no change in relative hazard.

effect was not separated within or between the different therapies,
that is, they were equally weighted. The ﬁnal CTC model described
the observed data well, including the large proportion (i.e., 76% of
all samples) of undetectable CTCs. However, it differed in several
aspects in comparison to a previously developed CTC count
model (8). Wilbaux and colleagues used a lifespan model to
describe the CTC kinetics and related a latent variable (to represent
an underlying tumor burden) to changes in CTC counts and
prostate-speciﬁc antigen (PSA; ref. 8). No direct link between PSA
and CTC could however be identiﬁed. Because the addition of an
effect compartment did not improve the model ﬁt statistically signiﬁcant,
no further attempts were implemented to explore the lifespan model
in the current analysis. Also, the latent variable in the Wilbaux model
was related to virtual drug amounts in hypothetical drug compartments whereas no improvement was observed when a kinetic–
pharmacodynamic model was explored in our model. Furthermore,
the Wilbaux analysis did not include an analysis of OS. Although, by
simulating the kinetics of PSA, CTC, and the latent variable, Wilbaux
and colleagues demonstrated that the CTC count was more sensitive to
changes in the latent variable compared with PSA and concluded CTC to
be an earlier biomarker than PSA. Even though the models diverge on
several aspects, the Wilbaux model and the CTC model presented here
are similar in the sense that both use a negative binomial model to
describe the dynamic changes in CTC counts. The overdispersion
parameter was above 1 in both the Wilbaux model (4.9) and the current
analysis (1.40), indicating that the difference between the mean CTC
count and the variability in the CTC count is large. The current analysis
is consequently not only the ﬁrst to quantify the relationship between the
longitudinal CTC time-course and OS but also to explore the predictive
value of changes in tumor size and CTC count, in relation to each other,
with respect to OS in a population model.
It was found that all explored tumor size-related variables in the
current analysis improved the OS model ﬁt statistically signiﬁcant
in the univariable analysis (i.e., with baseline covariates included
only). These ﬁndings are supported by previous reports of time-
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varying tumor size-related model-derived variables associated to OS
across both tumor and treatment types (18, 22, 31–35). However,
the mean CTC time-course was the best model-derived predictor of
OS and no tumor size-related variable contributed to the model ﬁt
on top of the CTC-related predictor (P > 0.01). It should however be
noted that since SLD was related to CTC it could be regarded as an
indirect predictor of OS. Both the mean CTC count and dichotomized time-courses (i.e., time-varying variables) were explored as
predictors in the current analysis. The mean CTC count, parameterized as a sigmoidal Emax model demonstrated best model
improvement. This model suggested that already for a mean CTC
count of 1/7.5 mL the maximum CTC-induced increase in the
hazard was reached. This threshold is however lower than what has
been found previously in patients with mCRC (13, 36–38). Several
studies have demonstrated evidence for the CTC count as a predictive and prognostic biomarker in oncology. The CTC count has
commonly been dichotomized as above or below a threshold in such
studies. Worse survival has been observed in patients with a CTC
count at or above a threshold (both at baseline and as a change at a
speciﬁc time after start of treatment) in patient populations including breast (≥5 CTCs/7.5 mL; ref. 39), prostate (≥5 CTCs/7.5 mL;
ref. 40), colorectal (≥3 CTCs/7.5 mL; refs. 13, 36–38), and non–
small cell lung cancer (≥50 CTCs/7.5 mL; ref. 41). Being the third
most common cancer type as of 2018 with 1.8 million estimated new
cases and 862 000 estimated deaths (42), there is an unmet need for
clinically valuable biomarkers of treatment efﬁcacy in colorectal
cancer (43). However, the results in this analysis support the
evidence for the CTC count as a predictive biomarker in mCRC.
The use of CTC count as a biomarker to evaluate treatment
response is beneﬁcial in comparison to SLD, partly because a
response is often observed earlier in the CTC count but also because
CTCs reﬂect the total tumor burden (including target, nontarget,
and new lesions) whereas SLD only represents the size (and not
morphological changes which has been related to pathologic
response and OS in mCRC; ref. 44) of target lesions. However, the
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clinical utility to guide clinical decision making and evaluate
response to treatment has been questioned (45, 46).
Liquid biopsies enable not only measurements of CTCs but also
other analytes such as circulating tumor DNA (ctDNA), which is a type
of circulating cell-free DNA that may reﬂect the tumor genome (3, 47).
It has been suggested that both CTCs and ctDNA can be used to
facilitate treatment decisions and that the information they provide
complement each other (48). As mentioned previously, the CTC
count correlates with survival, whereas ctDNA serves as a biomarker of early detection of relapse (3, 49). Exploration of relationships
between dynamic changes in tumor size, CTC count, and ctDNA
therefore serves as a potential extension to the here proposed
modeling framework. Also, because CTC counts are commonly
detected in a low number, especially in mCRC, novel biomarkers,
that can be measured at a higher frequency than CTCs while also
correlating with CTC counts, are being studied as a potential
alternative/addition to CTC, for example, tumor-derived extracellular vesicles (tdEV). tdEVs are tumor microparticles and CTC
fragments that correlate with poor prognosis across tumor types,
including mCRC (50). Therefore, it would be interesting to also
include tdEVs in the proposed modeling framework and explore
potential relationships between tdEV and tumor size and OS, in
comparison to CTC count.
Because the current modeling framework indicated that a CTC
count below 1/7.5 mL, compared with ≥1/7.5 mL, is related to a better
OS, it is of interest to explore if individual dose-adjustment (of the
TND) would be beneﬁcial in reducing tumor size and lead to a
subsequent sufﬁcient reduction in CTC count. Therefore, the potential
utility of the developed modeling framework was explored by evaluating how increased and reduced TNDs affected the lCTC(t) at the ﬁrst
measurement after start of treatment (i.e., 1–2 weeks). The CTC model
predicted that 15%, 35%, and 57% of patients with a lCTC(t) ≥1/7.5 mL
at baseline and ﬁrst measurement after start of treatment could achieve
CTC count <1/7.5 mL at the ﬁrst measurement after start of treatment
with a 50% higher, doubled and tripled TND, respectively. Clinically,
the risk of severe toxicity should of course be considered prior to
any dose-escalation. Therefore, the impact of a reduced TND was
also explored. The model predicted the CTC count to be retained below
1/7.5 mL in a majority of the patients when the TND was reduced by
25% and 50%.
The current modeling framework added mechanistic and quantitative understanding of relationships between the dynamic changes in
tumor size and CTC counts and OS in patients with mCRC treated
with ﬁrst-line chemotherapy and targeted therapy. A positive rela-

tionship was established between the tumor size and CTC timecourses, as well as a dose–response relationship. Furthermore, the
model-derived mean CTC ≥1/7.5 mL was related to worse survival,
suggesting that the CTC count during treatment may be used as an
indicator of treatment efﬁcacy. However, further studies are warranted
to evaluate the applicability of the models with other anticancer agents
and in other cancer types.
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