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ABSTRACT

The 5-year survival rate of Head and Neck Cancer (HNC) has
not improved over the past decade and one common cause of
treatment failure is recurrence. In this paper, we built Cox
proportional hazard (CoxPH) models that predict the recur-
rence free survival (RFS) of oropharyngeal HNC patients.
Our models utilise both clinical information and multimodal
radiomics features extracted from tumour regions in Com-
puted Tomography (CT) and Positron Emission Tomography
(PET). Furthermore, we were one of the first studies to ex-
plore the impact of segmentation accuracy on the predictive
power of the extracted radiomics features, through under- and
over-segmentation study. Our models were trained using the
HEad and neCK TumOR (HECKTOR) challenge data, and
the best performing model achieved a concordance index (C-
index) of 0.74 for the model utilising clinical information and
multimodal CT and PET radiomics features, which compares
favourably with the model that only used clinical information
(C-index of 0.67). Our under- and over-segmentation study
confirms that segmentation accuracy affects radiomics extrac-
tion, however, it affects PET and CT differently.

Index Terms— Head and neck cancer, Medical imaging,
PET/CT, Multimodal, Radiomics

1. INTRODUCTION

1.1. Head and neck cancer

Head and neck cancer (HNC) is the seventh most prevalent
cancer in the world. Approximately 660,000 people are di-
agnosed with the disease annually [1]. Common causes of
treatment failure and death in HNC is distance metastases and
second primary cancers. Survival and treatment outcome of
patients can potentially be improved by identifying prognos-

tic factors that indicate tumour aggressiveness or risk of recur-
rence during diagnosis. In doing so, patients can be stratified
into different risk groups and, this can be taken into account
when chemotherapy regimens and radiation doses are being
planned for patients [2].

1.2. Medical imaging

Medical imaging such as 2-deoxy-2-[18F] fluoro-D-glucose
(FDG) Positron Emission Tomography (PET) and Computed
Tomography (CT) contain large amounts of quantitative
mineable information including clinical information, such
as prognostic features. Radiomics is the process of extracting
quantitative information from images, and using them with
an aim to aid clinical decision making [2, 3, 4].

1.3. Radiomics

Radiomics features are extracted from the segmented region
of interest (e.g. tumour) of the image [5]. These features
are hypothesised to have prognostic power and, analysis by
[4] found that some radiomics features have associations
with gene-expression pattern in tumours. Furthermore, [6]
have also observed that CT and PET based radiomics have
capabilities to predict the control rate of the local tumour in
HNC. These examples demonstrate a wide range of predictive
power radiomics hold. There are different types of radiomics
features, such as shape, first-order and second-order statis-
tics. Shape features represent information such as the volume
and sphericity of the tumour. First-order statistics describe
histogram-based properties of the image such as the skew-
ness. Lastly, second-order statistic features provide textural
information such as tumour heterogeneity [2, 3].



1.4. Aims

This study aims to create multimodal model that can pre-
dict the recurrence free survival (RFS) of patients diagnosed
with HNC (located in the oropharynx region). Our contri-
butions are as follows. First, a novel model was built using
multimodal radiomics extracted from FDG-PET/CT and non-
imaging data (clinical information) [7]. Second, this study
also explored the effects of segmentation accuracy on the
quality of the radiomics features extracted for RFS prediction
to understand the importance of segmentation accuracy in the
multimodal RFS workflow [3, 7]. We were one of the first
studies to explore the impact of segmentation accuracy on
the predictive power of the extracted multimodal radiomics
features for RFS prediction.

2. DATA AND METHODS

2.1. Data

The HEad and neCK TumOR (HECKTOR) challenge [7] pro-
vided FDG-PET and CT images of patients diagnosed with
oropharyngeal HNC. Furthermore, for each patient, the PET
images were registered with CT images. In addition to image
data, clinical information - centre ID, gender, age, weight,
tobacco, alcohol consumption, performance status, HPV sta-
tus, surgery and/or chemotherapy were provided for majority
of the patients. The data included in the challenge was built
from 7 different centres with 524 subjects.

Moreover, the training dataset images were provided with
the ground truth labels for primary Gross Tumour Volumes
(GTVp) and metastatic lymph nodes (GTVn). A subset of the
cases (n = 488) contained RFS information. As this study
aims to build RFS prediction models, this subset of dataset
was used for the study. This training dataset was further split
into training (85 %), validation (7.5 %) and testing (7.5 %)
sets. Further information about the challenge dataset can be
found in [7].

2.2. Preprocessing

The clinical dataset was pre-processed for survival analysis
as some participants had missing values. For binary data,
(tobacco, alcohol, HPV status and surgery), missing values
were set as zero, negative status, denoted as 0, was replaced
with -1 and positive status, denoted as 1, was kept as it is.
The missing data for weight was set as 75 kg as instructed by
HECKTOR 2022 and performance status and centre ID were
dropped from the dataset [7, 8].

PET, CT, and their annotations (segmentation labels) were
resampled so that they have the same isotropic voxel spacing
of 2 mm × 2 mm × 2 mm. During this process, Bspline and
nearest neighbour interpolator were used for PET/CT and an-
notations respectively. Furthermore, the field of view of PET,
CT and their annotations were different for some patients (e.g.

Fig. 1. An exemplar (a) PET (b) CT and (c) Segmentation of
a patient from HECKTOR challenge [7]

Fig. 1). To ensure uniformity in size, PET, CT and labels were
cropped using bounding boxes. The bounding boxes were de-
termined by finding the field of view that covers both PET and
CT for each patient using code from [7]. Lastly, the annota-
tion of GTVp and GTVn were merged as a single label, so the
radiomics features from GTVp and GTVn could be extracted
together.

2.3. Radiomics workflow

The radiomics workflow (shown in Fig. 2) typically involves,
image acquisition, image segmentation, extraction of ra-
diomics features, feature selection, and model fitting using
the extracted features [5]. The pyradiomics package [10]
was used to extract features from the tumour regions in PET
and CT (107 features each). After feature extraction, the
radiomics features of PET and CT were compared, so that
features with different values could be relabelled as PET- and
CT-specific features. Features that had the same value (e.g.
volume) were considered common features. In the next step,
features were selected using the least absolute shrinkage and
selection operator (LASSO)[11] with 8-fold cross-validation.
The selected features were then fed into the Cox proportional
hazard (CoxPH) model [9, 12].

2.3.1. Cox proportional hazard model

Cox proportional hazard (CoxPH) models are used to model
the effects of an explanatory variable on survival. The math-
ematical expression of the CoxPH model is shown in Eq. (1),
and it expresses the hazard at time t for an individual that have
the set of explanatory variables {X|X = (X1, X2, ...Xp)}.
h0(t) is the baseline hazard function and, the coefficient (βi)



Fig. 2. Radiomics workflow (Image adapted from [5] and method adapted from [9])

of the explanatory variables are estimated by maximising the
likelihood function [12]. The CoxPH model was used in this
study to model the RFS, which is the time without any recur-
rence measured in days after the end of treatment [7].

Here, the dataset was used to evaluate the predictive
power of the model, which was evaluated by calculating the
concordance index (C-index). The C-index takes a value be-
tween 0 and 1, where 1 indicates a perfect concordance [13].
Lastly, different combinations of imaging and non-imaging
features were fed into the LASSO and CoxPH analysis to find
the optimal combinations of features for the prediction model
[9].

h(t,X) = h0(t) exp

(
p∑

i=1

βiXi

)
(1)

2.4. Impact of segmentation quality

As shown in Fig. 2, segmentation is one of the crucial pro-
cesses in the radiomics workflow as features will be extracted
from the region of interest (e.g. tumour area) [5]. There-
fore, to study how the accuracy of segmentation affects the
quality of the radiomics features, morphological operations
of the ground truth annotations were performed to study over-
segmentation (using dilation), and under-segmentation (using
erosion). By changing the extend of dilation/erosion (defined
by r as the radius of structuring element in voxel units), the
resulting segmentations were used to extract the radiomics
features and fed into the LASSO and CoxPH analysis. In
this study, we consider the segmentation accuracy to be rep-
resented by the deviation (erosion/dilation) annotations from
the ground truth, while the quality of the radiomics features is
represented by the C-index value on RFS.

3. RESULTS

The CoxPH regression model for predicting RFS was built us-
ing different combinations of radiomics features and clinical
information and the results are shown in Tab. 1. The best per-
forming model achieved a C-index of 0.74, and this was built
using both PET and CT features and clinical information. Of
all the ground truth models, PET+clinical model had the low-

est performance, C-index of 0.65. This was even lower than
the clinical only model.

One example of radiomics features extracted and selected
for the CoxPH regression model was sphericity, which de-
scribes the roundness of the tumour compared to a sphere.
Another example was gray level size zone matrix small area
emphasis. This can be used to understand how much fine tex-
tures there are within the tumour [10].

The result from the under-segmentation and over-segmen-
tation study is shown in Tab. 1 from the third row onward.
As shown, the eroded CT+clinical model had a compara-
ble performance to the the ground truth CT model, which
suggests that the CT radiomics features were not affected
by under-segmentation. However, CT+clinical model was
more sensitive to over-segmentation. On the other hand,
PET+clinical model performance was affected by under-
segmentation and had the best performance when annotations
were over-segmented by r=2 (with C-index of 0.68).

Lastly, the volume of some tumours was too small when
the ground truth annotations were eroded by r=2 or more,
so radiomics features (both for PET and CT) could not be
extracted, therefore no results are presented.

CoxPH Regression Model C-index (Train) C-index (Test)
Clinical 0.63 0.67

Ground truth (CT + Clinical) 0.77 0.73
Ground truth (PET + Clinical) 0.74 0.65

Ground truth (CT+PET+Clinical) 0.78 0.74
Eroded r=1 (CT + Clinical) 0.76 0.74
Eroded r=1(PET + Clinical) 0.73 0.61

Eroded r=1(CT+PET+Clinical) 0.77 0.69
Dilated r=1 (CT+ Clinical) 0.75 0.68

Dilated r=1 (PET + Clinical) 0.72 0.62
Dilated r=1 (CT+PET+Clinical) 0.76 0.64

Dilated r=2 (CT+Clinical) 0.75 0.68
Dilated r=2 (PET+Clinical) 0.73 0.68

Dilated r=2 (CT+PET+Clinical) 0.77 0.67

Table 1. RFS prediction using different combination of imag-
ing (derived from CT and/or PET) and non-imaging (clinical)
features. Ground truth, eroded (under-segmentation) and di-
lated (over-segmentation) means that the radiomics features
were extracted using the ground truth annotations, eroded,
and dilated annotations, respectively.



4. DISCUSSION

CoxPH model built using PET/CT and clinical features had
the best performance (C-index of 0.74). This performance
was better than the clinical only model (C-index of 0.67),
which shows that additional information from radiomics fea-
tures improved the prediction accuracy of RFS. However, it
is important to note that PET+clinical model performed the
worst out of all the ground truth models. This suggests that
PET radiomics features may not be contributing substantially
to the survival predictions. This can potentially be explained
by a couple of reasons.

The first potential reason is that the bin width used to dis-
cretise the images to extract radiomics. Image discretisation
is done before feature extraction and the default bin width
equal to 25 provided by pyradiomics [10] was used in this
study. However, it is important to remember that PET and CT
have a different range of measurement, and PET has a smaller
range than CT, which means that bin width could have been
too large for PET. If this was the case, we may have lost some
information when extracting PET radiomics features [5]. This
will be further explored and fine-tuned for future extraction
process.

Another potential reason is that many of the ground truth
annotations were initially drawn on the CT of the PET/CT
scan. This means that the ground truth annotations may
not accurately cover the tumours in PET [7]. Interestingly,
this may be true considering how PET radiomics model per-
formed better when annotations were dilated by r=2 (C-index
of 0.68). This result may suggest that the area around the
tumour boundary may contain useful information for survival
prediction. This can be further supported by the fact that
out of all the PET models, the eroded model had the lowest
performance (C-index of 0.61). Normally, the area around the
tumour boundary is quite blurry in PET due to its low reso-
lution and many existing segmentation methods often ignore
the blurred edges [14]. This result suggests that the informa-
tion from PET may contain valuable information and should
be considered when developing a segmentation algorithm for
radiomics analysis.

Furthermore, it is interesting to see that unlike PET fea-
tures, CT features were not affected by under-segmentation.
However, their performance dropped for over-segmentation.
These preliminary findings suggest that in order to build a
successful multimodal prediction model using radiomics fea-
tures, it may be better to have a separate segmentation for PET
and CT images [15]. Further investigation should be done to
understand why over- and under- segmentation affects CT and
PET features differently. One potential way to explore this, is
to find selected features that change in value due to under- and
over- segmentation. This can also give us a better insight into
understanding which features are more sensitive to segmenta-
tion accuracy [5]. Overall, the over- and under-segmentation
study showed that quality of the radiomics features are af-

fected by the segmentation accuracy.

5. CONCLUSION

This study highlights two promising key results. Firstly, it
has shown that the inclusion of multimodal radiomics features
improves the efficacy of the CoxPH model in predicting RFS.
Secondly, it has shown that segmentation accuracy does affect
the quality of the radiomics features extracted. For the first re-
sult, it will be interesting to see if the addition of radiomics
features - handcrafted (e.g. number of tumour masses) [16]
and deep learning features [9] will help improve the model
further. Moreover, it will be intriguing to build a model us-
ing only PET or CT radiomics, so that it can be used under-
stand how well image data is able to predict RFS. For the
second result, the study has shown that the impact of over-
and under-segmentation differs depending on whether the fea-
tures are extracted from PET or CT. Further study should be
done to understand if having a separate segmentation algo-
rithm for PET and CT is better than having one segmentation
for both. This has important consequences for multi-modal
imaging, as it highlights the importance of tailoring segmen-
tation algorithms depending on the type of medical images.
Lastly, further study needs to be done to improve our under-
standing on how exactly segmentation accuracy affects the
radiomics features. Introducing errors that reflect the inter-
and intra-observer segmentation variability seen in real set-
tings will help us give a better insight into the implications
of segmentation accuracy in radiomics studies [5]. This can
be implemented by introducing wide range of segmentation
errors, such as inclusion of reader’s bias and omission errors
[17].
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B. W. Papież, “Multimodal pet/ct tumour segmenta-
tion and prediction of progression-free survival using a
full-scale unet with attention,” in Head and Neck Tu-
mor Segmentation and outcome prediction, second chal-
lenge, HECKTOR 2021, pp. 189–201. Springer, 2022.

[10] J. J. M. van Griethuysen et al., “Computational ra-
diomics system to decode the radiographic phenotype,”
Cancer Res., vol. 77, no. 21, pp. e104–e107, 2017.

[11] R. Tibshirani, “Regression shrinkage and selection via
the lasso,” J. R. Stat. Soc. B (Methodol), vol. 58, no. 1,
pp. 267–288, 1996.

[12] D. G. Kleinbaum and M. Klein, Survival analysis a self-
learning text, Springer, third edition, 1996.

[13] Cameron Davidson-Pilon, “lifelines: survival analysis
in python,” Journal of Open Source Software, vol. 4, no.
40, pp. 1317, 2019.

[14] L. Li, W. Lu, Y. Tan, and S. Tan, “Variational pet/ct
tumor co-segmentation integrated with pet restoration,”
IEEE trans radiat plasma med sci, vol. 4, pp. 37–49,
2019.

[15] S. Steyaert, M. Pizurica, D. Nagaraj, P. Khandelwal,
T. Hernandez-Boussard, A. J. Gentles, and O. Gevaert,
“Multimodal data fusion for cancer biomarker discov-
ery with deep learning,” Nat Mach Intell, vol. 5, pp.
351–362, 2023.

[16] L. Rebaud, T. Escobar, F. Khalid, K. Girum, and I. Bu-
vat, “Simplicity is all you need: out-of-the-box nnunet
followed by binary-weighted radiomic model for seg-
mentation and outcome prediction in head and neck
pet/ct,” in Head and neck tumor segmentation and out-
come prediction in third challenge, HECKTOR 2022,
pp. 121–134. Springer, 2023.
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