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Introduction: Federated learning has the potential to perfrom analysis on decentralised data; however,
there are some obstacles to survival analyses as there is a risk of data leakage. This study demonstrates
how to perform a stratified Cox regression survival analysis specifically designed to avoid data leakage
using federated learning on larynx cancer patients from centres in three different countries.
Methods: Data were obtained from 1821 larynx cancer patients treated with radiotherapy in three cen-
tres. Tumour volume was available for all 786 of the included patients. Parameter selection among eleven
clinical and radiotherapy parameters were performed using best subset selection and cross-validation
through the federated learning system, AusCAT.
After parameter selection, b regression coefficients were estimated using bootstrap. Calibration plots

were generated at 2 and 5-years survival, and inner and outer risk groups’ Kaplan-Meier curves were
compared to the Cox model prediction.
Results: The best performing Cox model included log(GTV), performance status, age, smoking, haemoglo-
bin and N-classification; however, the simplest model with similar statistical prediction power included
log(GTV) and performance status only. The Harrell C-indices for the simplest model were for Odense,
Christie and Liverpool 0.75[0.71–0.78], 0.65[0.59–0.71], and 0.69[0.59–0.77], respectively. The values
are slightly higher for the full model with C-index 0.77[0.74–0.80], 0.67[0.62–0.73] and 0.71[0.61–
0.80], respectively. Smoking during treatment has the same hazard as a ten-years older nonsmoking
patient.
Conclusion: Without any patient-specific data leaving the hospitals, a stratified Cox regression model
based on data from centres in three countries was developed without data leakage risks. The overall sur-
vival model is primarily driven by tumour volume and performance status.
� 2022 The Authors. Published by Elsevier B.V. Radiotherapy and Oncology 176 (2022) 179–186 This is an

open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
Federated learning has been shown to solve some of the legal
issues in multi-centre studies [1–4]. The traditional data analysis
method involves collecting all data in one single database, which
is not a trivial option with the current GDPR legislation [5,6]. In
federated learning, the data stay in each local institution and are
made available through an ontology translation to a standard
nomenclature, which specifies the metadata for each parameter
[7]. Only aggregated data are shared with the central server that
develops the relevant model by fitting to all the data in an iterative
approach. The federated learning procedure is described and illus-
trated in Supplementary Fig. 1.

Many standard algorithms, e.g. logistic regression, can be used
directly in a federated learning environment since the likelihood
can be directly separated into centre-specific parts; thus, the
results will be identical to those for pooled data analysis. There
are some obstacles related to a Cox regression analysis since the
calculation requires the ranking of survival for all patients across
the contributing centres; furthermore, the cohort aggregated haz-
ard at each outcome timepoint needs to be accessible at the central
server. This iterative model optimisation with distributed data is
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Fig. 1. Kaplan-Meier survival curves for the three centres for the 786 patients. The
number of patients at risk and the cumulative number of censored events are
shown per centre for each year.

Fig. 2. Cross-validated fitting error minus the value of the null model (a model
without parameters). Each blue dot represents the result from one of the possible
2048 models from the available 11 parameters. The red dots with error bars
represent the best model within the same number of parameters in the models. The
dotted line represents the global best plan plus one STD. The upper x-axis indicates
the number of parameters within the model. The lower x-axis shows the additional
parameter that happens to be added to the previous best model, thereby indicating
the order of importance the parameters are entered.

Larynx cancer survival model using federated learning
not possible without the risk of the entire data set being recon-
structed outside the local institutions, i.e. data leakage [8,9]. Brink
et al. have proposed a solution involving a centre-stratified Cox
model, where all involved predictive parameters are optimised
across the whole decentralised dataset. However, the baseline haz-
ard remains centre-specific, allowing for an analysis of distinct
centre differences that can not be explained based on the Cox
model [10]. This stratified approach, avoiding the potential data
leakage in the model development, was recently used for model
validation of a head and neck survival model [11].

Previous publications disagree somewhat on the impact of
tumour volume on the overall survival after radiotherapy of lar-
ynx cancer. Some studies have shown the volume to be the most
significant factor for cancer death in head and neck cancer in
general [12,13]. A systematic review on metabolic tumour vol-
ume in head and neck cancer by Rijo-Cedeño et al. found that
it predicts disease-specific survival and overall survival [14]. Sev-
eral survival models for larynx cancer have been proposed over
the years [15], and some of the older studies indicated that
tumour volume had a predictive value in local control after lar-
ynx cancer radiotherapy [16–18]. However, some more recent
studies have not been able to confirm the predictive power of
tumour volume [19–21]. Most of these studies have included rel-
atively few patients, and the tumour volume is often dichoto-
mised or not transformed before analysis which can be
problematic due to the skewed volume distribution. However,
survival models based on TNM status often fail to separate T3
and T4 patients; thus, there is still interest in investigating if
the inclusion of tumour volume might improve the prediction
for the higher T classifications.

The presented study aimed to develop a survival model for lar-
ynx cancer patients following treatment with radiotherapy with
the potential to include tumour volume as an explanatory factor.
The model was trained on data from three collaborating centres
to increase cohort heterogeneity, using an open-source federated
learning platform and a federated stratified Cox algorithm
designed to eliminate patient data leakage risks.
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Methods and materials

Using an open-source federated learning platform developed in
AusCAT (the Australian Computer Assisted Theragnostics network)
[22,23], three centres from three different countries provided
access to their data from all larynx cancer patients treated with
radiotherapy from January 2005 to December 2018.

The inclusion criteria were primary curative radiotherapy and
availability of the GTV volume. A maximum of three missing
parameters were allowed per patient in the statistical analysis plan
(SAP) made before analysis. The CONSORT diagram of the eligible
and included patients is shown in supplementary Fig. 2.
Model parameters

Parameters considered to be potentially clinically important
factors were: patient age, tumour volume, haemoglobin level, T-
classification (T1-T4), N-classification (N0 and N + ), sex, tumour
location (glottic and non-glottic), ECOG performance status (P0,
P1 and P2 + ), current smoker, and the prescribed biological equiv-
alent dose in fractions of 2 Gy corrected for overall expected treat-
ment time at the start of radiotherapy (EQD2T) [15].
GTV volume

The gross tumour volume (GTV) was defined as the total con-
toured GTV, including both GTV primary and GTV node. The
tumour volumes were extracted from the clinical treatment plans.

The GTV volume was transformed with a log function to avoid
large tumour volumes dominating the regression. Supplementary
Fig. 3 shows a histogram over the GTV volume and the transformed
log GTV volume. Due to the lower bounded and very skewed distri-
bution of GTV, the use of log-GTV is expected to be a stronger pre-
dictor than the raw GTV volume.



Fig. 3. Forest plot of the two proposed models, visualising the contributing parameters hazard ratios and 95% confidence intervals. Smoking during treatment has the same
risk profile as a ten-years older non-smoking patient. The stated number of patients are those where imputation was not needed. The remaining values were imputed per
bootstrap as described in the text. The logarithm used for the GTV volume is the natural logarithm.
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Data extraction

At Odense University Hospital, Denmark, the record and verify
system (Mosaiq) and the DAHANCA (Danish Head and Neck Can-
cer) database were used as data sources. Death dates were
obtained from the Danish national death registry and were
updated in June 2021. All data were recorded prospectively but
accessed retrospectively for the study. Data access was granted
by the Danish Patient Safety Authority (ref. 3–3013–1798/1/).

At the Christie NHS Foundation Trust, Manchester, United King-
dom, patient data were extracted from the record and verify sys-
tem (Mosaiq), the local patient electronic record system, and
radiotherapy treatment planning archives (Pinnacle). The last
update was performed in January 2022, and patients alive at that
date were censored. Death data were linked from central NHS
records (Personal Demographics Service) through weekly synchro-
nisation. All research governance requirements and UK informa-
tion followed standard UK policy (UK ethical approval ref. 17/
NW/0060).

At Liverpool and Macarthur Cancer Therapy Centres, Sydney,
Australia, unstructured patient data were retrospectively curated
into a structured format and data was then extracted in a struc-
tured format from Mosaiq. The date of death was obtained from
the NSW Registry of Births, Deaths and Marriages until
31/12/2017 and from hospital records until the extraction date
(March 2022) at which point alive patients were censored. Project
approval was granted by the NSW Population and Health Services
Research Ethics Committee (ref. HREC/16/CIPHS/5).
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A predefined ontology was used to convert the centre-specific
nomenclature and map the parameters to a common standard
[7]. Delivered dose and overall treatment time were defined as
the intention to treat at the start of radiotherapy. The first radio-
therapy date was used as time zero. Survival times beyond
60 months were time censored as this is the regular follow-up time
in all three centres.

The patient characteristics are shown in Table 1, the prognostic
index is shown in supplementary Fig. 4, and cumulative character-
istics can be seen in supplementary Fig. 5 to 9. All missing values
were substituted using multiple imputations (followed by one
bootstrap per imputation) by chained equation (MICE), where a
series of successive regressions on the available data is used to
estimate the missing value. This method allows the utilisation of
potential correlations between the different predictors during the
imputation process. Since parameter correlation can be different
among the contributing centres, all imputation was performed
based on data at the local centre.
Statistical methods

Multivariable parameter selection was based on cross-
validation utilising best subset selection. Thus all combinations
of models with the 11 available parameters were tested; in total
211 = 2048 models. This selection process is preferred as compared
to a standard step-wise approach in which there is a tendency for
overfitting due to issues with co-linearity and multiple testing [24,
page 68].



Table 1
Patient characteristics.

Odense Christie Liverpool

Patients 478 % 189 % 119 %

Gender
Female 91 19 % 45 24 % 15 13 %
Male 387 81 % 144 76 % 104 87 %

T-classification
T1 190 40 % 15 8 % 21 18 %
T2 184 38 % 106 56 % 44 37 %
T3 66 14 % 58 31 % 41 34 %
T4 38 8 % 8 4 % 13 11 %
Missing 0 0 % 2 1 % 0 0 %

N-classification
N0 346 72 % 141 75 % 82 69 %
N+ 132 28 % 45 24 % 37 31 %
Missing 0 0 % 3 2 % 0 0 %

Tumour location
Glottic 267 56 % 72 38 % 68 57 %
Non-glottic 211 44 % 77 41 % 51 43 %
Missing 0 0 % 40 21 % 0 0 %

Chemo
No 429 90 % 140 74 % 82 69 %
Yes 49 10 % 49 26 % 37 31 %
Missing 0 0 % 0 0 % 0 0 %

Performance
0 220 46 % 53 28 % 30 25 %
1 145 30 % 65 34 % 21 18 %
2+ 86 18 % 31 16 % 4 3 %
missing 27 6 % 40 21 % 64 54 %

Smoking
Former/never 231 48 % 81 43 % 56 47 %
Current 239 50 % 63 33 % 60 50 %
Missing 8 2 % 45 24 % 3 3 %

Age 66 [37–90] years [range] 65[29–96] years [range] 69[47–90] years [range]
Haemoglobin 8.9 ± 0.9¤ mmol/L ± 1SD 8.5 ± 0.9* mmol/L ± 1SD 8.7 ± 0.9¤ mmol/L ± 1SD
EQD2T 59.5 ± 2.4 Gy ± 1SD 58.6 ± 2.4 Gy ± 1SD 59.5 ± 2.4 Gy ± 1SD
GTV 3.0[0.03–170] cm3 [range] 3.7[0.14–156] cm3 [range] 6.8[0.45–169] cm3 [range]
log(GTV/1cm^3)# 1.1[-3.5–5.1] [range] 1.5[-0.8–5.1] [range] 1.9[-0.8–5.1] [range]

No missing.
* Hemoglobin missing for 28 patients at Christie.
# log was the natural logarithm.

Larynx cancer survival model using federated learning
Parameter selection was performed using 50 bootstraps within
the data sets in each local centre and aggregated globally. In each
boot, all models were fitted on the in-boot patients (approximately
2/3) and cross-validated on the out-of-boot patients (approxi-
mately 1/3 of the patients). The fitting error on the individual
model was then calculated as the average cross-validated likeli-
hood of the 50 boots. Due to the cross-validation approach, the
negative likelihood will decrease if the parameters add ‘‘true”
information to the model. However, when further parameters are
added that only contribute to overfitting, the average of the nega-
tive cross-validated likelihood will start to increase. The model
that maximises the average likelihood (minimises the negative
likelihood) among all 2048 models is the best performing model
and was referred to as the full model. Since numerous models
might be very close in cross-validated likelihood, the simplest
model with a likelihood within one standard error of the likelihood
of the best performing model was also identified. This approach is
in line with the ‘‘one standard error rule” suggested by James et al.
[25, page 214] as a method to select the simplest model that per-
forms almost as well as the full model. This simplest model is
referred to as the reduced model. Following the statistical analysis
plan (SAP), that was made before any analysis, both models were
selected, and their performance was compared.

Since all the patients were treated with radiotherapy and the
prescription dose (described as EQD2T) is one of the few parame-
ters that the oncologist can control, the above parameter selection
was also performed within the subgroup of models that all
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included the dose parameter. This method forces the dose to be
included in the model and is investigated to enable comparison
with other previously published models; thus, this is a secondary
analysis and not the study’s primary endpoint.

Confidence intervals in validation plots are provided as 95 %
confidence intervals and calculated for fixed values of the regres-
sion parameters obtained during model optimisation where 1000
bootstraps were used.
Stratified Cox model

The open-source federated learning used the stratified Cox
regression model, with the centres as the stratification variable.
This model prevents potential data leakage when the model is iter-
atively fitted to the local data across the three centres [10]. A strat-
ified Cox regression utilises strata-specific baseline hazards; thus,
the method produces individual baseline hazards for each con-
tributing centre. For a perfect survival model, the baseline across
the contributing centres will be identical. Therefore, potential dif-
ferences in the baseline hazard between centres indicate differ-
ences in patient cohorts, which the Cox model does not explain.

The validity of the proportional hazard assumption of the Cox
model was visualised by plotting the log–log of the Kaplan-Meier
estimator for each risk group as a function of time. If these groups
have similar baseline hazards, the curves will be similar except for
a translation along the y-axis.
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Federated learning

The federated learning software handled all data extraction and
figure generation, as specified in the pre-analysis statistical analy-
sis plan. The aggregated data bin sizes were defined per centre,
which ensures that the analyses can not be manipulated to harvest
all local data.
Results

In total, 786 patients were included in the model development
out of 1821 potentially eligible patients in the three centres in the
relevant period. Missing GTV was the main exclusion criteria for
which 927 were removed. 108 patients were removed due to hav-
ing more than three missing parameters (Supplementary Fig. 2).

The overall survival for all three centres is shown in Fig. 1. The
95 % confidence intervals, which all overlap, are shown in shaded
colour.

Parameter selection found the best performing model to include
the following six parameters, stated in order of impact on the like-
lihood (largest impact first): log GTV volume, performance status,
age at RT start, smoking during RT, haemoglobin and N-
classification. The reduced model, defined by the one standard
error rule as the model predicting almost as well as the full model,
only contained log GTV and performance status. Fig. 2 shows the
cross-validated likelihood for all 2048 models (more specifically,
the negative cross-validated log-likelihood minus the similar value
for the null model). Each model is indicated by a dot that is placed
according to the number of parameters included in the model (up-
per x-axis). The best performing model within a given number of
parameters is the one with the lowest value (the red dots). The
parameters indicated on the lower x-axis illustrate the order of
importance that the parameters enter the models; hence, the best
model with two parameters has log GTV and performance status.
The best model with three has the age at start RT added.

The hazard ratios are shown in Fig. 3, and the beta-values for
the two models can be found in supplementary table 1. As
expected, increasing tumour volume and performance status are
associated with increased death hazards.

The calibration plots for the three centres are shown in Fig. 4a
for both the full and the reduced model. There is an insignificant
difference in the calibration plot between the models, but the full
model does have a slightly more extensive prediction range (pre-
dicted values have a slightly larger range in the figure). Both mod-
els follow the identity line well in all plots, indicating that both
models match the data in all three centres. For the reduced model
the Harrell C-indices are for Odense, Christie and Liverpool 0.75
[0.71–0.78], 0.65 [0.59–0.71], and 0.69 [0.59–0.77], respectively.
The values are slightly higher for the full model with C-index
0.77 [0.74–0.80], 0.67 [0.62–0.73] and 0.71 [0.61–0.80],
respectively.

Centre-specific risk groups are formed based on the quartiles of
the locally predicted hazards. The two outer quartiles are one risk
group each, while the two centre quartiles are one combined risk
group. The prognostic index and risk group thresholds are shown
in supplementary Fig. 4. The Kaplan-Meier estimate and the Cox
model prediction for each risk group are shown in Fig. 4b for both
the full and the reduced model. The full model shows a slightly
better separation of the risk groups. A visualisation of the validity
of the proportional hazard assumption is shown in supplementary
figure 10. There is no indication of proportional hazard violation, in
particular not for the two centres contributing most patients
where the shape of the curves is more smooth due to the larger
number of patients.

The baseline hazard for both models at the three centres are
shown in Fig. 5. They are all linear and similar in shape across
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the centres. The Odense baseline tends to cross the baseline for
the two other centres during the latter part of the five years. It
should be noted that the scale of the baseline hazard is different
between the reduced and full model, which is because the absolute
hazard is a product of the baseline hazard and the hazard ratios.
Thus if the latter is changed, the former also needs to change to
keep the absolute hazard similar.
Discussion

This study demonstrates that it is possible to generate a strati-
fied Cox model based on information from multiple international
centres using a federated learning approach, without leaking any
patient data.. Other radiotherapy studies have used federated
learning to model logistic regression [1], support vector machine
[2], Bayesian network [3] and Cox proportional hazard [26]. The
Cox proportional hazard model has a potential data leakage issue,
as the central server needs information about the aggregated local
hazard for all death times. Implementing the stratified Cox model
can avoid data leakage as the local nodes calculate the partial-
likelihood internally; thus, there is no need to share data related
to specific timepoints [10]. The MatLab implementation of the
stratified Coxmodel can be used in any federated learning software
which supports MatLab executable files distribution.

The primary model of overall survival after radiotherapy for
laryngeal cancer from the stratified Cox model contains the log-
GTV and performance status, resulting in a well-calibrated model
(Fig. 3) that separates three risk groups well (Fig. 4). From a clinical
perspective, this model would be simple to use. As larynx cancer
patients may die from comorbid illnesses, it is logical for perfor-
mance status to predict OS. Only a few patients with a performance
status of 3 + were contained in the data; thus, they were combined
with the performance 2 + patients. Therefore, it is not possible
from the current study to separate the effect of performance status
3; however, clinically, these patients are rarely given curative
treatment, but it would be expected that performance status 3
would have a higher survival hazard.

The T-classification was the weakest predictor; however, this
is perhaps unsurprising as it is a parameter related to the tumour
size. When the presumably causal parameter of the GTV volume
is added, a proxy parameter, like T-classification, will naturally be
weakened. As hypothesised, the GTV volume was the main driver
of the larynx survival model in both the reduced and the full
model. As stated in the introduction, some studies have shown
that volume can be used to predict overall survival and disease
control in head and neck cancer [27,28]; this was also observed
in laryngeal cancer. Pameijer et al. and Lee et al. used a tumour
volume larger than 3.5 cm3 to predict lower survival chances in
two groups of approximately 40 patients [16,17]. Dziegielewski
et al. found tumour volume to be a significant univariate factor
in local control prediction in 107 patients from a single centre
[29]. However, more recent studies have not confirmed these
findings for laryngeal cancer. Janssens et al. investigated the local
control and metastasis-free survival in 270 patients using the
GTV primary and GTV node. They did not find the volume to
be a prognostic factor for local control or metastasis-free survival
when analysing the GTV volume as continuous or dichotomised
[21]. De Andrade et al. investigated 145 T3 and T4a laryngeal
tumours and found a correlation between tumour volume and
overall and disease-free survival; however, this was not signifi-
cant in the multivariable analyses [30]. Timmerman et al. used
the volume of the primary GTV as the tumour volume (without
any transformation) in 161 patients. They did not find the vol-
ume to impact local control and overall survival in advanced lar-
ynx cancer [19]. Given these discrepancies, it is likely that the



Fig. 4. top. The calibration plots for the three centres with the observed survival shown in six patient groups at two and five years. Due to censoring, the observed values are
measured as the Kaplan-Meier estimate within each of the six groups at the given time point. The reduced model is shown in dark colours and the full model in light colours.
The error bars indicate the 95% confidence interval. Fig. 4 bottom. The Kaplan-Meier estimator and Cox model prediction for each risk group of the three centres. The result of
the reduced model is presented on the top row, while similar values for the full model are shown on the lower row. The shaded colour indicates the 95% confidence interval of
the Kaplan-Meier estimate.
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Fig. 5. The baseline hazard for the three centres across the five years of observations. The shaded colour indicates the 95% confidence intervals. Fig. 5a shows the baseline
hazard for the reduced model and 5b for the full model. The scaling on the y-axes is different.
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reason that volume is seen as the strongest impacting parameter
in the current study performed across three centres is related to
the performed log-transformation of the volume before analysis.
It might also be worth mentioning that a considerable number
of T1 cancers were included in Odense (190 patients), which
was not the case in the two other centres. The primary reason
for the low number of T1 cancers in the two other centres is that
these have not generally been delineated in the treatment plan-
ning system and were therefore excluded from analysis. Never-
theless, the model seems to perform well in all three centres.

Unfortunately, it was not possible to separate the primary
tumour and nodal volumes in the current data, even though it
could be expected that their biological radiation response is differ-
ent[31–33]. This potential difference is, for example, seen in the
better survival prognosis of T3N1 than T1N2/N3 disease. For the
primary tumour, the contour would contain the visible tumour
extent as per definition; however, for the node, the contour would
typically include the entire enlarged lymph node. It is unknown
whether the entire node harbours macroscopic tumour cells or is
a reactive lymph node with few tumour cells. It is assumed that
the tumour cell density would be lower in the lymph node than
in the primary tumour. The biology of the two types of GTV is likely
quite different.

The fact that there is a macroscopic lymph node with tumour
cells could indicate that the cancer is an aggressive type and there-
fore has a lower chance of being cured. This finding is ‘‘confirmed”
by the full model that contains N-classification. However, in the
current study, N-classification adds only limited predictive power
to the model that already included the volume of primary and node
GTV. This result is somewhat different from some former studies
where N-classification plays an important role in survival [34–
37]. Still, that effect diminishes when the GTV-volume is included
in the model. It was impossible to distinguish the different N + clas-
sifications in the current study as there were relatively few
patients in some N + groups.

Although the patient cohorts across the three centres are signif-
icantly different, the baseline hazard (Fig. 5.) indicates that both
models compensate for these differences. The baseline hazards
are very similar, suggesting that the log-GTV volume and perfor-
mance status can predict the outcome quite well for all three cen-
tres. The similar baseline hazard also suggests that the model is
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generalisable; however, this suggestion might need external vali-
dation to be confirmed.

Model selection was also made with the dose parameter forced
into the model to compare with previous studies. The dose models
resulted in dose-related b coefficients of � 0.025 and � 0.02 Gy�1

for the reduced and full models, respectively. It seems plausible
that the reason why dose (EQD2T) is not selected in the primary
model is linked to the homogeneous doses in the data (supplemen-
tary figure 6). However, the b coefficients of the dose are nonethe-
less comparable to those of Egelmeer et al., who reported a
regression constant of � 0.035 Gy�1 [15] (extracted from their
nomograms). In the same model, they reported haemoglobin as a
prognostic parameter, which the full model of this study confirms.
However, compared to the MAASTRO model by Egelmeer et al., the
contribution is halved from a regression constant of 0.4 to 0.2
(mmol/L)-1 [15].

The federated learning approach allowed for a full analysis to be
run with all data stored at the local centres, and as no patient data
left the hospitals, no legal data sharing agreements were required.
In the future, when the overhead of establishing federated learning
at the local hospitals is minimised, executing research projects like
the current study will become much easier than the current stan-
dard that needs data sharing agreements.

In conclusion, a stratified Cox model has been developed, and
performed across three international centres using federated
learning. The simple two-parameter model predicts overall sur-
vival for curative radiation-treated laryngeal cancer patients in
three different cohorts and shows that the models are well-
calibrated with high power of discrimination.
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