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Abstract

Predictive biomarkers can play a key role in individualized
disease monitoring. Unfortunately, the use of biomarkers in
clinical settings has thus far been limited. We have previously
shown that mechanism-based pharmacokinetic/pharmacody-
namic modeling enables integration of nonvalidated biomarker
data to provide predictive model-based biomarkers for response
classification. The biomarker model we developed incorporates
an underlying latent variable (disease) representing (unobserved)
tumor size dynamics, which is assumed to drive biomarker
production and to be influenced by exposure to treatment. Here,
we show that by integrating CT scan data, the population model
can be expanded to include patient outcome. Moreover, we show
that in conjunction with routine medical monitoring data, the
population model can support accurate individual predictions of
outcome. Our combined model predicts that a change in disease

of 29.2% (relative standard error 20%) between two consecutive
CT scans (i.e., 6–8 weeks) gives a probability of disease progres-
sion of 50%. We apply this framework to an external dataset
containing biomarker data from 22 small cell lung cancer patients
(four patients progressing during follow-up). Using only data up
until the end of treatment (a total of 137 lactate dehydrogenase
and 77 neuron-specific enolase observations), the statistical
framework prospectively identified 75% of the individuals as
having a predictable outcome in follow-up visits. This included
two of the four patients who eventually progressed. In all iden-
tified individuals, the model-predicted outcomes matched the
observed outcomes. This framework allows at risk patients to
be identified early and therapeutic intervention/monitoring to
be adjusted individually, which may improve overall patient
survival. Cancer Res; 75(12); 2416–25. �2015 AACR.

Introduction
Lung cancer is the leading cause of cancer-related mortality

around the world (1–3). In the United States and Europe, small
cell lung cancer (SCLC) accounts for 13% to 20% of all new cases
anddeaths from lung cancer (4, 5). Treatment of SCLC is based on
chemotherapy and radiotherapy. In the past 30 years, few ther-
apeutic strategies have been successful in clinical trials (6) and
many important questions regarding effective treatment strategies
remain open (7, 8). These include the duration of the treatment,

the role of maintenance and consolidation therapies, the role
of chemoradiotherapy, alternative combination chemotherapy
agents, and dose intensification. Although response rates (RR) to
first-line treatment (generally combinations of platinum com-
pound and etoposide) are high, RRs to second-line treatment are
generally lower due to rapid onset of resistance (9). Among other
factors, RRs to second-line treatment depend on the time elapsed
between the endoffirst-line treatment and thedetectionof disease
recurrence (9). Therefore, early identificationof the individual risk
of disease recurrence is a key component of effective clinical
management.

Prognosis of untreated patients with SCLC is poor, with a
median survival of 2 to 4 months after diagnosis. Currently, the
main prognostic factor of SCLC is the disease stage at diagnosis
(10). The most widely used staging classification is the dichoto-
mous system developed by the Veterans Administration Lung
Study Group. This method classifies patients with limited-stage
disease (LD; those with tumor confined to the hemithorax of
origin, themediastinum, or the supraclavicular lymphnodes) and
extensive-stage disease (ED; those whose tumor has spread out-
side these limits; ref. 11). SCLC is characterized by its fast growth
and rapid onset of widespread metastases where approximately
30% of patients with SCLC are diagnosed as limited-stage and the
remaining 70% as extensive-stage (4). Themedian survival for LD
SCLC is 14 to 20 months, and the 2- and 5-year survival rates are
30% and 10%, respectively. For ED SCLC, median survival is 9 to
12 months, and survival after 2 years occurs in less than 5% of
patients (4). In addition to stage at diagnosis, performance status
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and other clinical parameters, such as age, gender, and number
and location of metastatic tumors, have been proposed as pre-
dictive and prognostic factors (10, 12–14).

Existing methods to detect disease progression in SCLC and
most solid tumors generally rely on computed CT scans, where
the change in the sum of longest diameters (SLD) is assessed. In
particular, the RECIST criteria define disease progression as
change of 20% in SLD or appearance of new metastases
(15). Recommendations during follow-up of SCLC include a
CT scan every 2 to 3 months (9, 16). This follow-up strategy,
however, means that significant disease progression can already
occur even before the recurrent disease is detected. In a retro-
spective study, Sugiyama and colleagues (17) showed that a
more intensive follow-up strategy in SCLC patients that had
achieved response to first-line treatment resulted in significant-
ly higher postrelapse survival and overall median survival
compared with nonintensive follow-up patients. However,
more intensive follow-up programs may not be necessary for
all patients because early identification of high-risk patients
may enable targeted monitoring programs to ultimately
improve individual patient survival.

The use of circulating biomarkers has been proposed for
predicting patient outcome. However, despite the easy collec-
tion of those biomarkers in many tumor types, their use has
had limited uptake due to the lack of validated markers of
disease progression (18). One of the reasons is that establishing
the link between biomarkers and tumor progression is not a
trivial task. The prevailing strategy has been to use simple
univariate and multivariate analysis to determine biomarker
relevance. With SCLC, elevation of serum lactate dehydroge-
nase (LDH) is found in half of patients, and up to 85% of
patients with ED (10, 19). Some studies have also proposed
other biomarkers that may have prognostic significance, name-
ly neuron-specific enolase (NSE), chromogranin, circulating
tumor cells, and progastrin-releasing peptide (20–22). How-
ever, the prognostic and predictive value of these biomarkers
has not been widely accepted in the context of standard clinical
practice and therefore their use as predictive biomarkers has
been limited (23). The empirical methods used to assess these
biomarkers, however, may not provide an accurate representa-
tion of their utility because appropriate assessment of the
predictive capacity of biomarkers should be in the context of
mechanistic models (24–26). Indeed, we have previously
shown that when these biomarkers are integrated into a mech-
anistic model of disease time-course, model-based disease
predictions showed high correlation with outcome (27). These
models allow for time-dependent and nonlinear relationships
between biomarker and outcome to be accounted, which may
not be detected by a simple assessment of correlation. Mech-
anistic models also allow data from multiple biomarkers to be
integrated together to obtain improved predictors of response.
With SCLC, we found that model-based disease predictions
showed higher correlation with outcome than either biomarker
individually.

The traditional approach for using markers for individual
prediction generally relies on the comparison of biomarker levels
with an established cutoff value (e.g., derived from receiver
operating characteristic curve analysis). Indeed, our previously
developed SCLC biomarker model could have been used in this
manner for individual prediction. However, with cutoff
approaches, individuals with similar disease profiles may have

very different predictions of outcome if they lie close to the cutoff
value. This unsatisfactory situation arises because a cutoff
approach describes risk as a dichotomous rather than continuous
variable. In contrast, a probabilisticmodel-based approach allows
the continuous disease-risk relationship to be accuratelymodeled
and provides quantitative predictions of individual risk. Patients
predicted to have high probabilities of disease progression may
therefore be provided with alternative therapeutic strategies while
patients predicted to have less certain outcomes may be more
intensively monitored.

On the basis of the above considerations, the main objective is
to develop a framework that allows at-risk patients to be identified
early so that therapeutic intervention and monitoring can be
individualized. We use our previously reported biomarker model
(27) to develop and illustrate this framework in SCLC.

Materials and Methods
Data

Two datasets were available: a training and an external
dataset. The training data were identical to the data used to
develop and assess the previously reported biomarker model
(27). The external dataset was retrospectively collected from the
medical records of 22 patients diagnosed in the University
Hospital of Navarra (Pamplona, Spain) between 2012 and
2014. We included all treatment-na€�ve SCLC patients (as deter-
mined by histologic examination) receiving first-line chemo-
therapy (i.e., etoposide plus either cisplatin or carboplatin). No
patients satisfying these inclusion criteria were excluded from
the analysis. Figure 1A depicts standard treatment and follow-
up periods. Treatment typically included six chemotherapy
cycles given every 3 weeks. Some patients also received con-
comitant radiotherapy in the primary tumor (hemithorax).
Tumor assessments were performed with CT before the com-
mencement of therapy, between the second and third cycles of
chemotherapy, at the end of the entire course of chemotherapy,
and every second/third month thereafter in follow-up exam-
inations. Clinical outcome was categorized according to mod-
ified RECIST criteria, where the sum of the longest diameters is
compared with the value of the previous CT scan. Because the
medical records did not contain the exact tumor size measure-
ments, only the derived RECIST categories were used in the data
analysis. Biomarker (LDH and NSE) samples used to externally
validate the model were obtained during the treatment period.
The time courses of LDH and NSE are shown in Supplementary
Fig. S1. The external dataset included a total of 137 LDH and 77
NSE observations during treatment period and a total of 78 CT
scans, obtained during both treatment and follow-up periods.
Out of the 22 patients, 7 patients (31.8%) had CT scans with
disease progression (with three patients progressing just after
finishing first-line treatment). A more detailed description of
the data can be found in Table 1 that lists also the patients and
study characteristics of the training dataset.

Overview
We have previously developed a population model describing

the dynamics of LDH andNSE in SCLC patients (27). A schematic
view of the published biomarkermodel andmodel equations can
be found in Supplementary Fig. S2. In this study, we extend this
biomarker model with a logistic model to link model predictions
from the biomarker model with clinical outcome (observed
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disease progression). We then perform an external validation of
both the biomarker and the logistic models. We then used the
combined biomarker/logistic model to predict, at the end of first-
line treatment, individual probabilities of disease progression in
follow-up periods. Figure 1B shows a schematic diagram of the
workflow.

Biomarker model and external validation
Ourpreviously published semi-mechanisticmodel forNSE and

LDHdynamics has not yet been assessed using an external dataset
(27). We therefore used the newly acquired external dataset to
perform an external validation of biomarker predictions in these
new patients.

External validation of the biomarker model at the individual
level was based on basic goodness of fit plots. Individual para-
meters for the new set of patients were obtained in NONMEM 7.2
(28) by evaluating the empirical Bayes estimates (EBE). EBEs are
conditional estimates of an individual's model parameters given
the parameter estimates from the population model (27), the
individualobservations (LDHandNSEconcentrations), and covar-
iate information (radiotherapyandgranulocyte colony-stimulating
factor therapy) from patients in the external dataset.

The external validation at the population level was based on
simulation-based diagnostics, namely prediction- and variabil-
ity-corrected visual predictive checks (pvc-VPC; ref. 29) as
implemented in PsN (30). Briefly, VPCs evaluate the model's
ability to describe the central tendency and variability in the
observed data by comparison of the observed quantiles to the
quantiles of the simulated datasets. We produced pvc-VPCs by
simulating 1,000 replicate datasets with the same characteristics
of the external dataset (i.e., patient numbers, sample times,
intervention, and covariate information) by sampling new sets
of individual parameters from the estimated population
parameter distributions (27).

Model for RECIST outcome
RECIST data were dichotomized into two categories (disease

progression and non-disease progression) and analyzed using by
logistic regression. We fit a linear logit model to relate the
probability of having disease progression at the CT scans to the
model predicted changes in disease (Eq. 1) between each CT scan
and its previous CT scan. The logit transformation (Eq. 2) ensures
that the probability of having disease progression as outcome of a
CT scan will fall between 0 and 1.

Figure 1.
A, schematic representation of
typical pharmacologic and disease
monitoring protocol in SCLC patients.
Vertical rectangles correspond to
CT scans (tumor assessment); gray
vertical arrows correspond to each
chemotherapy (CT) cycle (etoposide
plus cisplatin or carboplatin) and
horizontal gray arrow depicts
concomitant radiotherapy. B,
schematic representation of the
developed framework. Light shaded
area corresponds to already published
work (27) where darker shaded areas
are developed within this article. VPC,
visual predictive check; ROC, receiver
operating characteristic curve.
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DDi;j ¼ Diþ1;j � Di;j

Di;j
ð1Þ

P DPi;j hj
� � ¼ eL

eL þ 1
; L ¼ �1 þ �2 � DDi;j þ hj ð2Þ

whereDi,j is the predicted disease level for patient j at observation
point (CT scan) i, and DDi,j is the predicted change in disease
level for patient j between observation point i and i þ 1
(i.e., the following CT scan, approximately 8 weeks later).
P(DPij j h) represents the probability of disease progression in
the jth individual at the ithmeasurement (CT scan), h is a subject-
level random effect (normally distributed with mean 0 and
variance OMEGA) describing interpatient variability in the prob-
ability of disease progression, u1 is the intercept parameter and
u2 is the slope parameter. To obtain meaningful initial parameter
estimates, u1 and u2, were parameterized in terms of DD80 and
DD50, which describe the DD predicted to cause a 50% and 80%
probability of disease progression [P(DP)], respectively. Thus,
the intercept and the slope take the form of u1 ¼�DD50 � u2 and
u2 ¼ log(4)/(DD80 � DD50).

The logistic model was obtained using the CT scans from treat-
ment and follow-up periods of patients belonging to the training
dataset. Model parameters were estimated in NONMEM 7.2 using
the SAEM algorithm (28). Model evaluation was based on the
construction of VPCs, in a similar manner to the biomarker model
evaluation. The VPC compared the observedproportion of patients
showing disease progression in each CT scan with the model-pre-
dicted distribution of the same proportion attained in 1,000
simulated datasets. Because a model may perform well at the
population level (i.e., itmay predict well the proportion of patients
progressing at each CT scan) but it may perform poorly with indi-
vidual patient prediction, we also evaluated the predictive accuracy
of the model at the individual level. This was achieved by applying

the framework detailed in the next section (individual early
prediction of disease progression) but modified to use all data
available (i.e., biomarker and CT scans outcomes). The final out-
put was a graphical comparison of the predicted individual distri-
bution of P(DP) with the actual outcome of each CT scan.

Individual early prediction of disease progression
To simulate decision making after completion of first-line

treatment, we evaluated P(DP) predictions of the first two fol-
low-up CT scans (i.e., the period 6months after end of treatment)
using data up to the end of first-line treatment, by comparing the
predicted P(DP) distributions at the first and the second follow-
up CT scans with the observed CT scan outcomes.

Biomarker (LDH and NSE) samples from patients in the
external dataset obtained during the treatment period were used
to create patient-specific disease profiles during treatment and
follow-up using the Bayesian algorithm in NONMEM 7.2 (28).
Changes in the distribution of predicted disease levels were
computed in accordance with Eq. 1. The logistic model was then
used to convert predicted changes in disease levels to probabilities
of disease progression at the times where CT scans were collected
(Eq. 2). In order to account for uncertainty in population and
individual model parameters, we obtained the full uncertainty
distribution of P(DP) predictions for each individual using Mar-
kov chain Monte Carlo (MCMC) evaluation in NONMEM 7.2
(28). In total, 1,000 MCMC samples were obtained from the
stationary distribution with Gibbs sampling to obtain individual
uncertainty distributions.

Results
Biomarker model and external validation

Results of the external validation (individual and population
level) of the previously developed biomarker model (27) are

Table 1. Patient characteristics in the training dataset (data used to develop themodel) and the external dataset (data from newpatients, used to externally validate
the approach)

Training dataset External dataset
Limited disease (n ¼ 18) Extensive disease (n ¼ 42) Limited disease (n ¼ 6) Extensive disease (n ¼ 16)

n % n % n % n %

Age, y
Mean (range) 67.8 (48–78) — 61.0 (40–85) — 59.8 (53–81) — 57.4 (44–76) —

Gender
Male 13 72.2 38 90.5 5 83.3 12 75
Female 5 27.8 4 9.5 1 16.7 4 25
�2 0 0 4 9.5 0 0 3 18.8

LDH (UI/L)
Median (range) 237 (176–592) — 322 (163–3,480) — 224 (127–493) — 434 (130–5,696) —

NSE, ng/mL
Median (range) 30.9 (9.85–156) — 67.7 (11.5–2,534) — 11.2 (5.09–30.3) — 14.3 (7.14–377) —

Treatment strategy
Etoposide þ cisplatin 9 50 31 73.8 4 66.7 15 93.8
Etoposide þ carboplatin 9 50 11 26.2 2 33.3 1 6.2
Thoracic irradiation 16 88.9 13 30.9 5 83.3 7 43.7

G-CSF coadministration 9 50 21 50 2 33.3 8 50

CT scans Median (range) weeks # DP Median (range) weeks # DP Median (range) weeks # DP Median (range) weeks # DP

During first-line treatment 8.4 (6–22) 0 8.5 (2.6–21) 0 6.3 (5.9–11) 0 7.0 (6–17) 0
End of first-line treatment 22 (10–27) 0 20 (6.0–23) 4 17 (12–22) 0 13 (11–32) 3
First follow-up 30 (22–48) 3 29 (19–37) 14 28 (22–66) 0 28 (19–45) 3
Second follow-up 42 (32–53) 2 43 (31–92) 6 44 (27–80) 1 44 (36–52) 0

NOTE: ECOG performance status based on the Eastern Cooperative Oncology Group; CT scans report tumor assessments according to RECIST v1.1., defined
according to previous CT scan.
Abbreviation: DP, disease progression.
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shown in Fig. 2 and indicate that individual profiles (Fig. 2A),
typical tendencies, and data dispersion (Fig. 2B) are well captured
by the model.

Model for RECIST outcome
Predicted P(DP) was obtained by logistic regression where

the expression for the logit included a linear function of DDi,j

and DDi,j is the change in predicted disease between two
consecutive CT scans using the biomarker model (27). Estima-
tion of interpatient variability in the logistic model was not

supported by the data. The estimates of the transformed para-
meters (see Materials and Methods) DD50 and DD80 were 0.292
and 0.510 with relative standard errors of 20.2% and 30.2%,
respectively.

Figure 3A shows the relationship between the typical proba-
bility of disease progression and DDi,j. In Fig. 3B, the performance
of the logistic model at the population level is shown for the
training and external datasets. The predictive accuracy of the
model at the individual level is shown in Supplementary Fig.
S3. Results indicate adequate model performance in both cases.

Figure 2.
External model validation at the
individual level (A) and at the
population level (B) using new patient
data (external dataset). A, LDH
observations (green circles), with
individual predictions (green lines) on
the left y-axis, and NSE observations
(orange squares), with the individual
predictions (orange lines) on the right
y-axis for nine selected patients.
Observations and predictions for both
biomarkers are log-transformed.
Vertical black arrows, chemotherapy
administration. B, pcv-VPC of LDH
(left) and NSE (right) for the final
model against chemotherapy cycles.
Cycle F corresponds to follow-up
measurement. Dots, individual
observations (LDH and NSE
concentrations). Solid black lines
represent the 5th, 50th, and 95th
percentiles of the observed data.
Shaded areas are the 95% prediction
intervals based on simulated data
(n ¼ 1,000) for the corresponding
percentiles.
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Individual early prediction of disease progression
P(DP) predictions for follow-up visits were obtained for new

SCLC cancer patients (external dataset) assuming that only treat-
ment period data were available (see Fig. 1). Figure 4 shows the
schematic of the Bayesian framework developed for prediction.
P(DP) uncertainty distributions were obtained using the full
nonparametric distribution of the predicted disease in accordance
with Eq. 2 (Fig. 4B–D).

Figure 5 shows the results comparing the predicted P(DP) with
the observed patient status (i.e., disease progression vs. non-
disease progression) at the first and second follow-up scans. For
demonstration purposes, P(DP) predictions higher than 80%
were deemed "high confidence" or "reliable" predictions of a
disease progression outcome. Similarly, P(DP) predictions lower
than 20% were deemed "high confidence" predictions of a non-
disease progression outcome. Out of 24 CT scan measurements,
75% of the P(DP) predictions were prospectively identified as
"high confidence" predictions. As can be seen in Fig. 5, all "high
confidence" P(DP) predictions correctly predicted follow-up out-
comeswith 100%accuracyusing treatmentonly data. The remain-
ing 25% of the P(DP) predictions were deemed to be of insuffi-
cient confidence to provide a reliable prediction of outcome. A
total of 4 individuals experienced disease progression in the two
follow-up scans. Two of these four outcomes were prospectively
identified as having "high confidence" P(DP) predictions.

Discussion
In the past decade, great advances have beenmade in the area of

personalized medicine, thanks to pharmacogenomics and tar-
geted therapies (31–33). Likewise, great efforts have beenmade to
develop new predictive biomarkers to personalize therapy to
individuals (34, 35). In this work, we used known biomarkers
together with probabilistic nonlinear mixed-effects models
(NLME) within a framework to improve personalized disease
monitoring.

The disease we have investigated together with the current
monitoring strategy would traditionally be viewed as challeng-
ing for prediction due to the heterogeneity in response and
highly dynamic nature of SCLC (36). On a conceptual level, the
predictive capability of the model may be restricted by the
ability to infer underlying disease processes from the available
data. However, our success with predicting SCLC outcome
suggests that the integrated NLME approach (combining indi-
vidual biomarker and scan data) may have wider utility to
other cancers even when available biomarkers have not his-
torically been considered as predictive markers. In fact, NLME
models have been used in the past to describe circulating
biomarker dynamics and clinical outcome in different cancer
indications. Some examples include the use of mathematical
models in prostate cancer to personalize vaccination regimens
to stabilize prostate-specific antigen levels (37, 38), the use of
CA125 as a predictive marker of ovarian cancer (39), the
kinetic modeling of human chorionic gonadotropin as an early
predictor of methotrexate resistance in low-risk gestational
trophoblastic neoplasia patients (40), and the use of soluble
VEGF receptor 3 to monitor adverse events and clinical
response in patients with imatinib-resistant gastrointestinal
stromal tumors (41, 42). A key strength of NLME models is
that they provide a description of individual variability in
population level trends. NLME modeling also provides a
rigorous statistical basis to individual prediction using Bayes-
ian methodology, so that information from available individ-
ual level observations is balanced with knowledge and uncer-
tainty in population level trends (43, 44).

The external dataset was used to evaluate the predictive
accuracy of the previously reported biomarker model (27).
Interestingly, NSE values in Table 1 are lower in the external
dataset compared with the training dataset. This is likely due
to differences in diagnostic techniques used between the
two datasets leading to the Will Rogers phenomenon (45),
where stage migration due to new methods of diagnosis

Figure 3.
A, logistic regression model linking
predicted changes (on the x-axis) in
disease with probability of disease
progression at a CT scan (on the y-
axis). B, VPCs for the combined
biomarker/logistic model where the
observed proportion of patients with
observed disease progression at each
CT scan is compared with proportion
obtained with simulated data (n ¼
1,000) for the training dataset (top)
and the external dataset (bottom). CT
scan #1 was taken during treatment,
CT scan #2 corresponds to the tumor
assessment obtained at the end of
first-line treatment, and CT scans >#2
were obtained in the follow-up period.
Dots represent observed proportion.
Dark gray shared areas are the 90%
prediction intervals, light gray shared
areas are interquartile ranges based
on simulated data, and black line
represents the median of the
simulated data.
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leads to a systemic bias in measures of central tendency.
Patients in the training dataset were staged using imaging
techniques while patients included in the external dataset
(more recently diagnosed) were staged according to the PET
(Positron emission tomography) technique. Due to the highly
metabolic nature of SCLC, it has been shown that the use of
PET can increase staging accuracy, resulting in a higher per-
centage of patients upstaged from limited- to extensive-disease
compared with patients downstaged from extensive- to limit-
ed-disease (46). Nevertheless, the biomarker and the RECIST
model were capable to describe observations from the external
dataset.

After successful external validationof the combinedbiomarker/
logistic model, we investigated the feasibility of using data up to
end of first-line treatment to obtain early prediction of disease
progression in follow-up visits. Although we defined thresholds
for "high confidence" P(DP) predictions to assess overall predic-
tive accuracy in our external dataset, we do not recommend
establishing arbitrary thresholds, such as P(DP)>80%, in clinical
practice. This is because personalized dosing decisions should
account for all available individual information, includingpatient
characteristics, available treatments, and their expected tolerabil-
ity and efficacy. We therefore envisage quantitative prediction of

probability of progression as being one factor for oncologists to
consider.

The surprising result of this investigation was that biomarker
data gathered only during the treatment period was sufficient
to provide reliable predictions for 75% of follow-up tumor
assessment results. Moreover, disease progression was confi-
dently predicted at the end of treatment for two out of the four
cases present in the external dataset. Although the sample size
here is limited, this suggests that the approach can be used to
optimize the timing of commencement of second-line therapy
in a significant proportion of patients. As an example, ID
patient 107 completed first-line treatment on week 13 and
was detected to be in disease progression in week 24. As shown
in Fig. 5, our framework could have confidently predicted this
outcome from the treatment-only data. Figure 6 corroborates
this by showing that the model-predicted disease profile was
increasing up to 13 weeks prior to the follow-up CT scan, a
period where the patient was receiving no treatment. These
model predictions could have been made at the end of first-
line treatment, providing oncologists with the option to con-
tinue first-line therapy or commence second-line therapy
immediately at the end of first-line treatment for this particular
patient.

Figure 4.
Schematic illustration of algorithm used to obtain predicted probabilities of progression at first and second follow-up scans based on biomarker samples
from treatment period. A, LDH and NSE observations from a new patient were obtained during treatment period. B, the full posterior distribution of predicted
disease level for this patient was generated using a Full Bayesian MCMC analysis using the population biomarker model as a prior. C, distribution of changes
in predicted disease levels between two CT scans are computed. D, distribution of predicted changes in disease are translated to distribution of P(PD) at
each CT scan.
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For the 25% of assessments where P(DP) were not deemed to
be of "high confidence" (i.e., 20%<P(DP) <80%), the framework
fails to provide reliable predictions of outcome. However, phy-
sicians can still derive relevant information from themodel: there
is insufficient individual-level information for these patients and
therefore these patients should be considered "at risk." Intensive
monitoring plans can then be followed to gather more individual
level information. For example, for ID 100 (Fig 5), who pro-
gressed at the first follow-up scan, the uncertainty intervals indi-
cate that the true P(DP)may be above 80%, so the decision could
be taken to continue weekly or biweekly visits for additional
biomarker monitoring as a precautionary measure. Another
example of a "non-high confidence" prediction is patient 104,
who had an expected P(DP) at second follow-up scan of 30.3%
and progressed at this scan. Although this P(DP) does not fall into
the P(DP)>80% range, 30.3% is not a small probability of
progression and therefore this patient should also be considered
at risk and monitored carefully. It is the opinion of the authors
that although many patients were predicted not to progress with
high confidence, a reduced monitoring schedule relative to exist-
ing practices would not be advisable due to the reliance of the
RECIST criteria on an approximately fixed interval between CT
scans.

On a statistical level, the main distinction between the pro-
posed framework and traditional binary classification systems is
that the output is a continuous probability measure associated
with a binary state rather than a binary state itself. The conse-
quence of unreliable predictions in binary classification systems is
the potential for inappropriate treatment decisions for indivi-
duals. As discussed, though the primary strength of the proposed
framework is the ability to identify a priori individuals with
reliable/unreliable predictions and tailor treatment/monitoring
strategies as appropriate, providing value to physicians evenwhen
there is significant individual uncertainty in underlying predictor
variables.

Limitations
Several limitations have already been stated in this discus-

sion section and in the discussion section of Buil-Bruna and
colleagues (27). All limitations applying to the previously
reported biomarker model also apply here. Briefly, the limited
numbers of patients available for the training dataset means

Figure 5.
Predicted probabilities of
progression at the first two follow-
up CT scans for patients in external
dataset obtained from their
biomarker data collected up to end
of first-line treatment. Empty
rhombuses represent patients that
did not have disease progression in
the CT scan and filled squares depict
patients with observed disease
progression at each CT scan. Dotted
and solid lines depict the 25th and
75th quantiles corresponding to the
individual posterior distribution.

Figure 6.
Predicted disease profile for representative patient who had high predicted
probability of progression at the first follow-up CT scan (ID patient 107).
Shaded area represents posterior distribution of disease predictions.
Treatment for this patient was given between time 0 and 13 weeks. Vertical
lines represent CT scans (week 7, CT scan during treatment; week 13, CT scan
at the end of first-line treatment; week 24, first follow-up CT scan).
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that the ability to accurately quantify interpatient variability
effects is reduced. Individual prediction in some instances may
therefore be limited if the patient is atypical of individuals in
the training dataset. A K-PD model was used to describe the
relationship between treatment and drug effects due to the lack
of pharmacokinetic information. The absence of PK informa-
tion likely hampers the interpretation of the variability seen in
the response. There was also insufficient information to incor-
porate differences in radiotherapy administration into the
model.

In this work, the latent disease variable representing tumor
size dynamics that was used to predict disease progression was
inferred from two biomarkers. Although our results suggest that
predictive biomarkers allow inference of the latent disease
variable, actual tumor size measurements, when available,
should be more informative. In fact, a recent review article
summarizes several population models describing tumor
growth dynamics using tumor size measurement data (47).
However, medical records of the SCLC patients did not include
exact tumor size measurements, which is a frequent occurrence
with routinely collected medical data. In addition, there is a
high degree of heterogeneity in the number, time, and frequen-
cy of samples (biomarker and CT scans) between patients,
which translates into heterogeneity in the precision of individ-
ual P(DP) predictions. The proposed framework, however,
accounts for these differences by quantifying the uncertainty
in P(DP) predictions.

Avenues for further research
Optimal designmethodology (48) could be applied to identify

the optimum number and time of measurements to narrow
prediction uncertainty.

We modeled the RECIST endpoint as a binary variable for
simplicity. However, the additional step of modeling the four
different RECIST categories (i.e., complete response, partial
response, stable disease, and disease progression) may further
increase the individual predictive accuracy.

Efficacy and toxicity associated with second-line therapies
have not been formally considered in this analysis. Therefore, it
is currently not possible to quantify what early commencement
of second-line therapy would mean in terms of expected
patient outcome (e.g., increased survival times or remission
rates). In order to quantify the added value of early treatment
in terms of measureable endpoints, a model-based analysis of
efficacy and toxicity endpoints from second-line therapy would
be required.

Summary and Conclusions
We recommend the use of the proposed prediction framework

to support proactive personalized medicine in SCLC patients
during and following first-line treatment. Development of the
model-based framework required only patient medical record
data and did not require commissioning of a new study. The
feasibility of the approach should be investigated with other
cancers.
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