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Summary

Tools for survival prediction
for non-small cell lung can-
cer patients treated with
chemoradiation or radiation
therapy are of limited qual-
ity. The gold standard (TNM
staging) was originally
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Purpose: Tools for survival prediction for non-small cell lung cancer (NSCLC) pa-
tients treated with chemoradiation or radiation therapy are of limited quality. In this
work, we developed a predictive model of survival at 2 years. The model is based
on a large volume of historical patient data and serves as a proof of concept to demon-
strate the distributed learning approach.
Methods and Materials: Clinical data from 698 lung cancer patients, treated with cura-
tive intent with chemoradiation or radiation therapy alone, were collected and stored at 2
different cancer institutes (559 patients at Maastro clinic (Netherlands) and 139 at
Department of Radiation

linic), Doctor Tanslaan 12,

1 (0)6-13955891; E-mail:

nt euroCAT and the Dutch

t No. 10696; Radiomics

pplied science division of

k Onderzoek (NWO); the

Economic Affairs; and a

r grant. Financial support

enth Framework program

ant No. 601826), CTMM-

rzoekfonds Limburg from

s-KWF (DESIGN), Dutch

Program H2020-2015-17

(ImmunoSABR, grant No. 733008), an European Research Council

(ERC) advanced grant (ERC-ADG-2015, grant No. 694812; Hypo-

ximmuno), and SME Phase 2 (European Union (EU) proposal 673780,

RAIL). This publication was supported by the Dutch national program

COMMIT (Prana Data project).

Arthur Jochems and Timo M. Deist contributed equally to this

publication.

Conflict of interest: Andre Dekker is funded by Varian Medical Sys-

tems for projects other than that described in this study.

Supplementary material for this article can be found at

www.redjournal.org.

AcknowledgmentsdThe authors would like to thank Varian for

providing the distributed learning manager and Wolfgang Wiessler for

his dedicated support. They would also like to thank Grant Weyburne for

his help in collecting and curating the data used in this study.

, pp. 344e352, 2017
thor(s). Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://

Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
mailto:arthur.jochems@maastro.nl
http://www.redjournal.org
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ijrobp.2017.04.021&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://dx.doi.org/10.1016/j.ijrobp.2017.04.021
http://www.redjournal.org


Volume 99 � Number 2 � 2017 Survival prediction model for NSCLC patients 345
developed for patients un-

dergoing surgery. We devel-
oped a predictive model for
survival in non-small cell
lung cancer patients
following chemoradiation or
radiation therapy. The model
was trained on a large vol-
ume of patients from multi-
ple institutes by use of the
distributed learning
approach. The model out-
performs the gold standard
(TNM staging).
Michigan university [United States]). The model was further validated on 196 patients
originating from The Christie (United Kingdon). A Bayesian network model was
adapted for distributed learning (the animation can be viewed at https://www.youtube
.com/watch?v=ZDJFOxpwqEA). Two-year posttreatment survival was chosen as the
endpoint. The Maastro clinic cohort data are publicly available at https://www
.cancerdata.org/publication/developing-and-validating-survival-prediction-model-nsclc
-patients-through-distributed, and the developed models can be found at www
.predictcancer.org.
Results: Variables included in the final model were T and N category, age, performance
status, and total tumor dose. The model has an area under the curve (AUC) of 0.66 on the
external validation set and an AUC of 0.62 on a 5-fold cross validation. A model based on
the T and N category performed with an AUC of 0.47 on the validation set, significantly
worse than our model (P<.001). Learning the model in a centralized or distributed fashion
yields a minor difference on the probabilities of the conditional probability tables (0.6%);
the discriminative performance of the models on the validation set is similar (PZ.26).
Conclusions: Distributed learning from federated databases allows learning of predictive
models on data originating from multiple institutions while avoiding many of the data-
sharing barriers. We believe that distributed learning is the future of sharing data in health
care. � 2017 The Author(s). Published by Elsevier Inc. This is an open access article un-
der the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Introduction

Learning from large volumes of patient data can greatly
increase our capacity to generate and test hypotheses about
health care (1). To capture and use the knowledge contained
in large volumes of patient data, predictive models are
essential for clinical decision making (1-8). Predictive
models can be trained on large volumes of datadfrom
patients who have been treated in the pastdto make pre-
dictions about survival, disease control, and side effects of
treatment for a patient who has yet to be treated (9, 10).

Radiation therapy (RT), alone or in combination with
chemotherapy, is a common choice of treatment in
non-small cell lung cancer (NSCLC) patients whose tumors
are inoperable because of metastases to mediastinal lymph
node stations and/or because of patients’ physical condition
(11). The TNM staging system for survival risk stratifica-
tion of this group of patients is, however, inaccurate (12).
The TNM classification has initially been made to look at
operability rather than prognosis after chemoradiation
therapy (CRT). Other prognostic factors have been identi-
fied, such as performance status (13-15), weight loss (13,
14), presence of comorbidity (15), chemotherapy use in
combination with RT (13, 16), radiation dose (13, 17),
tumor size (12, 18-21), and image features, the so-called
radiomics approach (22-26). For other factors such as age
and sex, the results have been inconclusive (14).

Currently, the TNM staging system is the gold standard
for risk stratification. Studies have indicated the TNM
system performs poorly for patients receiving CRT or RT,
creating an increasing need for more reliable prediction
models (27, 28).

In this study, we conducted a level III and IV modeling
effort on historical data, as a proof of concept, conforming
with the TRIPOD (Transparent Reporting of a Multivariable
Prediction Model for Individual Prognosis or Diagnosis)
statement, inwhich validation is performed at an independent
site that has not seen the data (29). Our hypothesis is 2-fold:
Learning from different centers without moving the data is
possible, and by learning from a large volume of patient data,
we can develop a better model for 2-year survival prediction
that is more robust than the existing prognostic tools.
Methods and Materials

Data

Clinical data from 698 lung cancer patients, treated with
curative intent with CRT or RT alone, were collected and
stored at 2 differentmedical institutes (559 patients atMaastro
clinic [Netherlands] and 139 at Michigan University [United
States]). The model was validated on 196 patients originating
from The Christie (United Kingdon). None of the patients
received stereotactic body RT, and all patients had inoperable
stage I through IIIB NSCLC. Patients were treated for their
primary lung tumor and did not receive a diagnosis of another
tumor in the 5 years before treatment. The patient details are
shown in Table 1. Two-year survival, taken from the start of
RT, was used as the outcome of this study. TheMaastro clinic
cohort data are publicly available at https://www.cancerdata
.org/publication/developing-and-validating-survival-prediction
-model-nsclc-patients-through-distributed.

Maastro clinic cohort

The institute 1 data were collected under an institutional
review board (IRB)eapproved and registered clinical trial

https://www.youtube.com/watch?v=ZDJFOxpwqEA
https://www.youtube.com/watch?v=ZDJFOxpwqEA
https://www.cancerdata.org/publication/developing-and-validating-survival-prediction-model-nsclc-patients-through-distributed
https://www.cancerdata.org/publication/developing-and-validating-survival-prediction-model-nsclc-patients-through-distributed
https://www.cancerdata.org/publication/developing-and-validating-survival-prediction-model-nsclc-patients-through-distributed
http://www.predictcancer.org
http://www.predictcancer.org
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://www.cancerdata.org/publication/developing-and-validating-survival-prediction-model-nsclc-patients-through-distributed
https://www.cancerdata.org/publication/developing-and-validating-survival-prediction-model-nsclc-patients-through-distributed
https://www.cancerdata.org/publication/developing-and-validating-survival-prediction-model-nsclc-patients-through-distributed


Table 1 Overview of patient characteristics per hospital

Maastro
clinic

(nZ559)

Michigan
University
(nZ139)

The
Christie
(nZ196)

Age
Mean, y 68 66 66
SD, y 10 10 10
Missing, n 0 (0%) 0 (0%) 2 (1%)

Sex, n
Male 370 (62%) 107 (77%) 89 (45%)
Female 189 (32%) 32 (23%) 117 (60%)
Missing 0 (0%) 0 (0%) 1 (1%)

ECOG
performance
status, n

0 102 (17%) 16 (12%) 40 (20%)
1 301 (50%) 100 (72%) 103 (53%)
2 11 (2%) 21 (15%) 45 (23%)
3 21 (4%) 1 (1%) 4 (2%)
4 4 (1%) 0 (0%) 0 (0%)
Missing 120 (20%) 1 (1%) 4 (2%)

T stage, n
0 83 (14%) 25 (18%) 1 (1%)
1 154 (26%) 33 (24%) 13 (7%)
2 89 (15%) 40 (29%) 54 (28%)
3 198 (33%) 40 (29%) 51 (26%)
4 0 (0%) 0 (0%) 70 (36%)
Missing 35 (6%) 1 (1%) 7 (4%)

N stage, n
0 150 (25%) 33 (24%) 51 (26%)
1 32 (5%) 17 (12%) 14 (7%)
2 214 (36%) 58 (42%) 86 (44%)
3 136 (23%) 31 (22%) 40 (20%)
Missing 27 (5%) 0 (0%) 5 (3%)

M stage, n
0 505 (84%) 139 (100%) 191 (97%)
1 0 (0%) 0 (0%) 0 (0%)
Missing 54 (9%) 0 (0%) 5 (3%)

Chemotherapy
timing, n

No chemotherapy 119 (20%) 25 (18%) 73 (37%)
Sequential 53 (9%) 0 (0%) 62 (32%)
Concurrent 279 (47%) 114 (82%) 60 (31%)
Missing 108 (18%) 0 (0%) 0 (0%)

Stage group, n
IA 44 (8%) 9 (6%) 7 (4%)
IB 26 (5%) 8 (6%) 12 (6%)
IIA 18 (3%) 0 (0%) 0 (0%)
IIB 53 (9%) 16 (11%) 14 (7%)
IIIA 350 (63%) 105 (76%) 153 (78%)
IIIB 0 (0%) 0 (0%) 0 (0%)
Missing 68 (12%) 1 (1%) 10 (5%)

2-y survival, n
No 339 (57%) 72 (52%) 151 (77%)
Yes 220 (37%) 67 (48%) 45 (23%)
Missing 0 (0%) 0 (0%) 0 (0%)

Abbreviation: ECOG Z Eastern Cooperative Oncology Group.
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(NCT01949259). Patients were treated between 2007 and
2014. Three different protocol types were administered to
the patients in this study:

1. One hundred eighty-nine NSCLC patients were treated
according to the new protocol for sequential CRT, which
was introduced in August 2005 (30-32). The individu-
alized radiation dose ranged from 54.0 to 79.2 Gy,
delivered in fractions of 1.8 Gy, twice daily, until the
mean lung dose or maximum dose to the spinal cord was
reached. The minimum interval between the fractions
was 8 hours.

2. Two hundred eighty-three NSCLC patients received
concurrent CRT. A radiation dose of 45 Gy was delivered
in fractions of 1.5 Gy, twice daily. The minimum interval
between the fractions was 8 to 10 hours. This treatment
was followed by an individualized dose ranging from 8
to 24 Gy, delivered in fractions of 2.0 Gy, once daily,
until the normal tissue dose constraints were reached.
Cisplatin and etoposide were given concurrently on days
2, 9, 23, and 30.

3. Thirty-six NSCLC patients received accelerated high-
dose conformal RT: 66 Gy in 24 fractions (2.75 Gy/
fraction). Some of these patients received chemotherapy.
The concurrent chemotherapy used consisted of intra-
venous administration of 80 mg/m2 of cisplatin and
100 mg/m2 of etoposide on days 1 through 3. The first
cycle was administered before RT, and cycles 2 and 3
were given during RT. In total, 3 cycles of chemotherapy
were given (33). For patients receiving sequential CRT, 3
courses of etoposide (100 mg/m2 on days 1 and 8) and
cisplatin (75 mg/m2 on day 2) were given (34).

The remaining 51 patients received a treatment regimen
tailored specifically to the patients.
Michigan University cohort

The Michigan University data were collected from pro-
spective protocols under IRB approval (UMCC 2006.040
and UMCC 2007.123). All patients were treated with
curative intent between May 2007 and July 2014.

1. The first study treated patients to standard doses (60-
66 Gy) with once-daily fractions of 2 Gy.

2. The second study was a dose-escalation study intensi-
fying doses to persistent positron emission tomography-
avid target volumes during treatment with 2.1 to
2.85 Gy/fraction up to a total dose of 85.5 Gy in 30
fractions.



Fig. 1. Bayesian network structures. The blue nodes
represent outcome. (A) Network structure based on expert
opinion. (B) Network structure built using algorithmic
approach. (C) Network structure adapted from Jayasurya
et al (9). Abbreviations: Chemo Z chemotherapy; GTV Z
gross tumor volume.
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The Christie cohort

One external validation set was used in this study. TheChristie
cohort consisted of 196 anonymized lung cancer patients with
stage I through IIIB NSCLC. The study was conducted under
IRB approval. All patients were treated with curative intent
between December 2008 and May 2013. Two different pro-
tocols were used for treating patients in this dataset.

1. One hundred twenty-one NSCLC patients received
55 Gy in 20 daily fractions (2.75 Gy/fraction), either
without chemotherapy or with sequential chemotherapy.

2. Seventy-three NSCLC patients received 60 to 66 Gy in
30 to 33 daily fractions (2 Gy/fraction) with concurrent
chemotherapy.

The remaining 2 patients received a treatment regimen
tailored specifically to the patients.

Bayesian network

A Bayesian network model was developed to predict sur-
vival at 2 years after RT start. The model used T category,
N category, age, total tumor dose (defined as the prescribed
dose to a reference point according to the International
Commission on Radiation Units & Measurements), and
World Health Organization performance status to make
predictions. (The target dose definition for patients who
received a boost to [positron emission tomography-avid]
tumor subvolumes can be found in the publication of van
Elmpt et al (35).) The network structure of this model was
prespecified by experts and is a balance between the desire
for causal links and the desire for a limit on the number of
incoming links to the survival endpoint. It is shown in
Figure 1. A further elaboration on the method used to
determine the network structure is presented in Appendix
E1 (available online at www.redjournal.org).

The model’s performance is expressed as the area under
the curve (AUC) of the receiver operating characteristic
(ROC) curve. The maximum value of the AUC is 1.0,
indicating a perfect prediction model. A value of 0.5 in-
dicates that patients are only correctly classified in 50% of
the cases, that is, as good as chance.

A Bayesian network is a probabilistic graphical model
that represents a set of variables and their dependencies in a
directed acyclic graph (DAG). Within the DAG, variables
are depicted as nodes and statistical dependencies are
represented as directed edges.

We have determined the DAG dependencies based on
expert knowledge. The conditional probability tables
(CPTs) associated with each variable have been computed
by use of a maximum likelihood technique based on the
expectation maximization algorithm (36). All continuous
variables underwent discretization into either 2 or 3 bins by
use of a method described by Kuschner et al (37). The
developed models can be found at www.predictcancer.org.
Distributed learning

Distributed learning is defined by learning from data from
multiple hospitals without the data leaving the hospitals. To
realize distributed learning for this study, we have used a
formerly adapted method (38, 39).

Statistical analysis

The Bayesian network model was programmed in Java
(Oracle, Redwood Shores, California) by use of the JSMILE
(Structural Modeling, Inference, and Learning Engine)

http://www.redjournal.org
http://www.predictcancer.org


Fig. 2. Receiver operating characteristic curves for the
Bayesian network model learned using centralized learning
and distributed learning. Validation was done on the insti-
tute 3 cohort. Abbreviation: AUC Z area under curve.
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framework developed by the Dynamic Systems Laboratory
of Pittsburg University (40) and made freely available for
academic purposes by BayesFusion (Pittsburgh, PA; http://
www.bayesfusion.com/).

Analysis of ROC curves was performed in R (version
3.0.0; R Foundation for Statistical Computing, Vienna,
Austria) by use of the pROC package (41). Comparison of
ROC curves and computation of confidence intervals (CIs)
of AUC values were performed with the method described
by DeLong et al (42). Kaplan-Meier curves were made in R
using the survival package (43). The log-rank test with a r
value of 0 was used to evaluate differences in Kaplan-Meier
curves (44). CI estimation of Kaplan-Meier curves was
performed with the method described by Dorey and Korn
(45). Tests for significant differences between groups were
performed with the Wilcoxon rank sum test (46, 47).

Comparison with previous models

Imputation of missing variables was done by taking the
mean for the corresponding variable in the training set. This
mean was used for imputation in the training data and
validation sets. As Bayesian networks rely on Bayesian
inference to do imputation, imputation by taking the mean
was omitted for validating and training these models. The
number of positive lymph node stations (PLNSs) was used
as a variable in the older models, which is unavailable in
our current dataset. Nodal stage was used to impute the
number of PLNSs. In subsequent analyses of the data, we
partitioned the validation set into a young patients’ cohort
and old patients’ cohort. We set the cutoff point at 67 years,
as this most closely partitioned the data into 2 sets of equal
size. To investigate the performance of the TNM staging
variables alone, a logistic regression was performed with
these variables.

A Bayesian network model previously developed by
Jayasurya et al (9) was compared with the model in this
study. PLNS was imputed by nodal stage. The nodal stage
node was removed from the structure because it is obsolete
as a result of the imputation of PLNS. The resulting
network structure is shown in Figure 1C.

Results

The Bayesian network model was learned in a distributed
setting on the Maastro clinic and Michigan University co-
horts. The CPTs of the learned model are shown in Tables
E1-E6 (available online at www.redjournal.org). The AUC
of the model was 0.62 (95% CI, 0.57-0.66) on a 5-fold
cross validation.

To investigate the effectivity of the distributed learning
methodology used, we compared the CPTs of a model
learned on the training data of institutes 1 and 2 in a
centralized manner versus the CPTs of the model learned
on the same datasets in a distributed manner. The average
difference in probability per CPT was 0.6%. The results of
using both models on the validation set of The Christie are
shown in Figure 2. The discriminative performance of both
models on the validation set was similar (PZ.26).

Splitting the The Christie cohort into 2 subgroups, ac-
cording to the mean of the predicted survival probability by
the model for all patients in the training cohort, resulted in
the identification of a group with a high chance of survival
and a group with a low chance of survival. The 2-year
survival rate was 33% (95% CI, 25%-42%) for the
highesurvival chance group and 0% for the lowesurvival
chance group (Fig. 3). A log-rank test on these curves
indicated that they were significantly different (P<.01).

We conducted an external validation on the The Christie
cohort (nZ196). The AUC of the model was 0.66 (95% CI,
0.57-0.74). The support vector machine (SVM) model
developed by Oberije et al was also validated on this
cohort. The AUC of the SVM model developed by Oberije
et al was 0.59 (95% CI, 0.49-0.68). Comparison of the 2
ROC curves indicated they were not significantly different
(PZ.19). The 2 ROC curves are shown in Figure 4. Per-
formance of a model based on the T and N category alone
was compared with the Bayesian network. The T and N
model performed with an AUC of 0.47 (95% CI, 0.37-0.57)
on the external validation set, significantly lower than the
Bayesian network model (P<.001). The T and N model
performed with an AUC of 0.53 on a 5-fold cross validation
on the training set. A model that used stage groups, rather
than T and N category separately, performed with an AUC
of 0.56 on the validation set (95% CI, 0.49-0.63) and an
AUC of 0.54 on a 5-fold cross validation on the training set.

To investigate the effect of using different network struc-
tures, we have compared the performance of the model using
the network structure presented in the work by Jayasurya et al

http://www.bayesfusion.com/
http://www.bayesfusion.com/
http://www.redjournal.org


Fig. 3. Kaplan-Meier curves for risk group stratification
for model. A log-rank test indicated that these curves were
significantly different (P<.01).
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(9). In addition, we have learned a network structure on the
data using an algorithmic approach (48). Network structures
are shown in Figure 1B and C. Results are shown in Figure 4.
Neither network structure equaled the performance of the
network structure defined by experts (P<.05 for Jayasurya
et al, P<.001 for the algorithmic approach.

To further evaluate all models tested in this study, we
present their performances in terms of discrimination
Fig. 4. Receiver operating characteristic curves of models
compared in this study. The expert Bayesian network
structure is shown in Figure 1A. The Bayesian network
structure of Jayasurya et al (9) is shown in Figure 1C. The
Patch Condition (PC) algorithm using the Bayesian network
structure is shown in Figure 1B. Validation was done on the
institute 3 cohort. Abbreviations: AUC Z area under curve;
SVM Z support vector machine.
(expressed as AUC), calibration (expressed as the coeffi-
cient of determination, r2), and actual chance (Brier score)
in Tables E7 and E8 (available online at www
.redjournal.org). Comparison of the ROC curves for the
Bayesian network model on the 5-fold cross validation and
external validation indicated that they were not signifi-
cantly different (PZ.33).
Discussion

In this study, we used a distributed learning approach for
Bayesian networks to develop a model using data from 3
hospitals in 3 countries without the need for any data to
leave the individual hospital. Previous work exists on sur-
vival prediction for NSCLC patients receiving CRT (9, 12,
49). Oberije et al found that sex, performance status, forced
expiratory volume in 1 second, number of PLNSs, and
gross tumor volume were relevant predictive factors and
used these in their model (12). Their model was based on a
smaller cohort of patients (nZ377), and we found that
some of our observations are in contrast to theirs. Age was
included in our model as it was significantly correlated with
2-year survival (P<.01). Oberije et al found that there was
no significant trend between survival and age (12). Sex was
found to correlate significantly with survival in the cohort
of Oberije et al. In our study, sex did not significantly
correlate with outcome (PZ.07). Contradictory results
regarding both sex and age have been reported previously
(50, 51).

Dose was included as a parameter in our model. A
clinical trial showed that higher dose decreased overall
survival (52). A meta-analysis suggested there may be an
effect of hyperfractionated and/or accelerated non-
concurrent CRT (53). As most of the patients included in
the model were treated with the highest dose achievable
without exceeding normal tissue constraints, it is possible
that RT dose in our model was a surrogate for low volu-
metric disease burden. To provide conclusive evidence of
whether total tumor dose affects overall survival for spe-
cific patient groups, large multicenter studies are required.
Model comparison

We have compared our model with an SVM model that was
developed previously (49). Although the Bayesian network
did not perform significantly better on the validation set as
a whole, we observed a significant improvement in survival
prediction on the older patients of the validation cohort
(Fig. E1; available online at www.redjournal.org). This
could be because of the larger volumes of patient data on
which we have based our model. As more data are used, a
larger variety of patients are included in the model. This in
turn makes the model more robust. Variables and trends
previously not significant may turn out to be of high value
when larger sample sizes are used, as was the case in this

http://www.redjournal.org
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study for the age variable. Other weakly significant vari-
ables, such as sex, may ultimately be found to be irrelevant.

Another advantage of our model over the previously
developed model is that it handles missing values better, as
has been shown in previous work (9). Furthermore, the T
and N model performs poorly on the validation set, whereas
both the SVM model of Oberije et al and the current model
perform above the chance level, indicating added value of
this work (12).

Our model outperformed the previous model of Jaya-
surya et al (9) on this validation set. One possible expla-
nation for this finding is that the network structure used by
Jayasurya et al has too many arcs pointing directly to the
outcome node. This in turn means that the CPT for this
node becomes very large. Such a large CPT will be
undersampled, and therefore the model may be subject to
overfitting. Every node pointing toward the outcome will
interact with all the other variables pointing to the outcome.
This is analogous to introducing interaction terms in con-
ventional regression models. For all arrows pointing from
the outcome to a variable, independence is assumed among
these variables. These are the only kinds of connections
observed in naive Bayes classifiers (NBCs). A weakness of
NBCs is that they assume independence among variables.
An advantage of NBCs is that they require fewer data,
because of this independence assumption. In the Bayesian
network presented in this study, we used a partially NBC
structure and combined it with 2 arcs pointing directly to-
ward the outcome. We thereby avoided overfitting while
still enabling enough complexity to allow the model to
perform with high discriminative power.
Limitations

This study has a number of limitations. First, a Bayesian
network structure has been chosen based on expert opinion.
An alternative option is to take an algorithmic approach and
let the data determine the best Bayesian network structure.
Previous work by Sesen et al (54) has shown that structure
learning algorithms outperform structures selected by ex-
perts. However, applying an algorithmic approach proved
ineffective in this work (Fig. E2; available online at www
.redjournal.org). This conflicting finding may be because
of the difference in datasets and variables used. Further
research is necessary to identify the optimal structure given
a certain modeling scenario.

Another weakness of this study is related to the com-
parison of our model with the SVM (49). The SVM model
developed previously used the number of PLNSs to make
predictions (12). This variable was unavailable in our
dataset, making a fair comparison more difficult.

An additional weakness of our study is that the model was
largely trained on historical patients. Such models have less
added value to clinical practice today as RT practice is sub-
ject to continual innovation. Phase III clinical trials provide
high-grade evidence; however, they have a downside, as such
studies take a relatively long time to complete. Distributed
learning can fill the temporal gap by learning from large
volumes of patient data fromdifferent hospitals as soon as the
data are entered into the electronic health record system. A
model trained on historical patients, as was used in this study,
may serve to generate hypotheses for future experiments. In
addition, once the system is in place, distributed learning can
be repeated to include more recent patients and thus update
the model using the latest practice insights with the ultimate
goal to realize a rapid learning health care system.

Although distributed learning is a major stride towards
easier data sharing and learning models on larger volumes
of data, some hurdles remain. It takes several months to set
up the infrastructure in an institution. Furthermore,
retrieving the data from the electronic medical records is
still challenging, as data are often scattered across many
databases and applications. Once the data are retrieved and
the infrastructure is set up, however, distributed learning of
any number of models can be done.

Future work

Our future vision is summarized in an animation at
https://www.youtube.com/watch?v=ZDJFOxpwqEA. As
our methodology permits learning from features of all
kinds, we intend to include variables that could poten-
tially have higher predictive value, such as radiomics and
genomics features, to learn more sophisticated models in
a distributed manner (22, 23). We intend to include these
models in customized patient decision aids and use them
for patient stratification in clinical trials (3, 7, 55).
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53. Mauguen A, Le Péchoux C, Saunders MI, et al. Hyper-

fractionated or accelerated radiotherapy in lung cancer: An in-

dividual patient data meta-analysis. J Clin Oncol 2012;30:2788-

2797.

54. Sesen MB, Nicholson AE, Banares-Alcantara R, et al. Bayesian

networks for clinical decision support in lung cancer care. PLoS One

2013;8:e82349.
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