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Abstract 

Objectives The incidence of anal squamous cell carcinoma (ASCC) is increasing worldwide, with a signifi-
cant proportion of patients treated with curative intent having recurrence. The ability to accurately predict 
progression-free survival (PFS) and overall survival (OS) would allow for development of personalised treatment 
strategies. The aim of the study was to train and external test radiomic/clinical feature derived time-to-event 
prediction models.

Methods Consecutive patients with ASCC treated with curative intent at two large tertiary referral centres with base-
line FDG PET-CT were included. Radiomic feature extraction was performed using LIFEx software on the pre-
treatment PET-CT. Two distinct predictive models for PFS and OS were trained and tuned at each of the centres, 
with the best performing models externally tested on the other centres’ patient cohort.

Results A total of 187 patients were included from centre 1 (mean age 61.6 ± 11.5 years, median follow 
up 30 months, PFS events = 57/187, OS events = 46/187) and 257 patients were included from centre 2 (mean age 
62.6 ± 12.3 years, median follow up 35 months, PFS events = 70/257, OS events = 54/257). The best performing model 
for PFS and OS was achieved using a Cox regression model based on age and metabolic tumour volume (MTV) 
with a training c-index of 0.7 and an external testing c-index of 0.7 (standard error = 0.4).

Conclusions A combination of patient age and MTV has been demonstrated using external validation to have 
the potential to predict OS and PFS in ASCC patients.

Clinical relevance statement A Cox regression model using patients’ age and metabolic tumour volume showed 
good predictive potential for progression-free survival in external testing. The benefits of a previous radiomics model 
published by our group could not be confirmed on external testing.

Key Points 

• A predictive model based on patient age and metabolic tumour volume showed potential to predict overall survival and  
  progression-free survival and was validated on an external test cohort.
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• The methodology used to create a predictive model from age and metabolic tumour volume was repeatable using external  
  cohort data.

• The predictive ability of positron emission tomography-computed tomography–derived radiomic features diminished when  
  the influence of metabolic tumour volume was accounted for.

Keywords Squamous cell carcinoma, Anal canal, Positron emission tomography computed tomography,  
Event-free survival

Introduction
Anal carcinoma, although rare, is increasing in inci-
dence worldwide with the most common histological 
type being squamous cell carcinoma (ASCC) [1–3]. Since 
three landmark randomised trials between 1987 and 
1994, the gold standard treatment for non-metastatic 
ASCC is chemoradiotherapy with only very early anal 
margin tumours being excised [4–7]. Following the adop-
tion of chemoradiotherapy as the standard treatment, the 
rate of loco-regional failure (LRF) decreased and there 
was improvements in overall survival (OS) and cancer-
specific survival. However, there are still approximately 
16% of patients with LRF, and 5-year mortality remains 
25% [8]. The ability to accurately predict outcome at diag-
nosis could guide more tailored treatment, help stratify 
surveillance plans and ultimately improve outcomes.

European Society for Medical Oncology (ESMO) 
guidelines recommend pre-treatment use of multi-para-
metric magnetic resonance imaging (MRI) and 2-deoxy-
2-[fluorine-18]fluoro-d-glucose (FDG) positron emission 
tomography/computed tomography (PET-CT) to assess 
regional and distant disease [9, 10]. These images pro-
vide the opportunity to extract quantitative data which 
can be used as features within a predictive model, a pro-
cess termed as radiomics [11]. Although use of radiomics 
is widely reported for assessment and prediction in many 
different disease processes, limited data is available on out-
come prediction models in ASCC using radiomic features 
extracted from PET-CT [12]. Brown et al used an elastic 
net model, combining least absolute shrinkage and selec-
tion operator (LASSO) and ridge regression for selection 
of radiomic features to predict progression-free survival 
(PFS) in ASCC patients treated with radiotherapy, mito-
mycin C and 5-fluorouracil regimens [13]. The study was 
based on retrospective data from a large tertiary centre 
with 145 patients in the training dataset and 44 patients 
in the internal test set. The model achieved a training area 
under the curve (AUC), based on the receiver operator 
characteristic (ROC) curve, of 0.74 and a test AUC of 0.73. 
However, the model was not externally validated. This is 
often a limitation in the published literature and means 
that it is not possible to determine how generalisable or 
universally applicable the reported model is [14].

This study aimed to derive and externally validate a 
predictive model for OS and PFS in ASCC patients using 
data from two large tertiary centres within the UK, Leeds 
Teaching Hospitals NHS Trust (LTHT) and the Christie 
NHS Foundation Trust (CNFT).

Material and methods
The transparent reporting of a multivariable prediction 
model for individual prognosis or diagnosis (TRIPOD) 
guidelines were adhered to as part of the study (Supple-
mentary Material 1).

Patient selection
Consecutive patients with histological proven ASCC 
who underwent pre-treatment FDG PET/CT at LTHT 
between June 2008 and January 2017, or at CNFT 
between January 2012 and January 2018, were included. 
This allowed sufficient follow-up time for events to pre-
sent in this cohort of patients. Exclusion criteria included 
patients with no definable tracer uptake in the primary 
tumour; treatment prior to PET-CT; patients not treated 
with curative intent; patients with incomplete clinical 
datasets; or if the primary lesion was too small to accu-
rately segment on imaging.

Patient age, gender, clinical history, treatment history, 
clinical outcome and follow-up duration were recorded 
from the electronic patient records. PFS was recorded as 
any relapse, recurrence, or death from any cause. OS was 
recorded as death from any cause.

Ethical consideration
All patients included within the study gave prospec-
tive consent at the time of imaging for their anonymised 
FDG PET-CT imaging data to be used in research and 
service development projects. Formal ethics committee 
approval was waived for this study for LTHT patients, 
as it was considered by the institutional review board 
to represent evaluation of a routine clinical service. For 
CNFT patients, use of data was approved by the institu-
tional UK Computer Aided Theragnostics (ukCAT) eth-
ics committee.
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Radiomic feature analysis
The details of the imaging protocols and who performed 
the segmentation and interpretation of images is avail-
able in Supplementary Material 2.

Image segmentation and resampling
Lesions were segmented with a semi-automated process 
using Local Image Features Extraction software (LIFEx 
v4.0, www. lifex soft. org) [15]. There is no consensus on 
the optimal segmentation methodology in this clinical 
scenario. Whilst a fixed threshold may be easily applied, 
there is growing evidence that thresholding adapted to 
background physiological uptake might be more patient 
specific. In previous work, we have employed this seg-
mentation methodology and have generally found that 
a threshold adapted to background physiological liver 
tracer uptake gives a good representation of lesions 
without background involvement which correlates to 
anatomical volumes on the CT component [13, 16, 17] 
(Fig. 1). Primary tumour region of interests ROI (t-ROI) 
and separate lymph-node ROI (ln-ROI) were contoured 
using a threshold of 1.5 × mean liver standardised uptake 
value (SUV) [18]. PET contours were transposed onto 
the co-registered CT to create CT ROIs. No lesions were 
excluded from analysis using this chosen segmentation 
threshold in the study cohort.

For each PET ROI, the voxel value was resampled into 
64 bins ranging from 0 to 20 SUVs. The CT voxel values 
were resampled into 400 bins ranging from − 1000 to 
3000  Hounsfield units (HU). For the LTHT dataset, the 
voxel dimensions were resampled to 4.0 × 4.0 × 4.0  mm 
for PET images and 2.5 × 1.2 × 1.2 mm (4.0 × 1.2 × 1.2 mm 
before June 2014) for CT images. For the CNFT 
dataset, the voxel dimensions were resampled to 
4.0 × 4.0 × 4.0 mm for PET and CT images. Uniform resa-
mpling has been demonstrated to improve robustness in 
radiomic features when images are acquired using differ-
ent voxel sizes [19].

Feature extraction
Feature extraction was performed using LIFEx software 
which adheres to the image biomarker standardisation 
initiative (IBSI) [20]. Forty-four features were extracted 
for each PET and CT t-ROI, listed in Supplementary 
Material 2. Radiomic features were not extracted from 
the ln-ROI, but the volume of the ROI was used to calcu-
late the total metabolic tumour volume (MTV).

Statistical analysis and predictive modelling
Each model was trained, and hyperparameters tuned 
where applicable, initially on a single site, either LTHT or 
CNFT. Modelling and statistical analysis were performed 
using both R v4.0 and Python v3.7. A significant p value 
was taken as 0.05 except when Bonferroni correction was 
applied. Hazard ratios (HR) with 95% confidence inter-
vals and c-indices with standard error were reported.

CNFT predictive models
Firstly, a multivariable Cox proportional hazards (PH) 
regression model was created using clinical variables, 
tumour (T) stage, lymph node (N) stage, age and MTV 
using only complete cases. T and N-stage, age and 
MTV were considered continuous variables. The pro-
portional hazards assumption was assessed graphically, 
and variables transformed if necessary. Secondly, unsu-
pervised, and supervised learning methods were then 
used to explore the development of a radiomics-based 
Cox model. The unsupervised approach used principal 
component analysis (PCA) on the correlation matrix to 
reduce the dimensionality of the radiomics dataset. The 
leading principal components that accounted for 80% of 
the variability were explored using a Cox PH model with/
without adjusting for MTV for both PFS and OS. The 
supervised learning approach involved exploring each 
radiomic feature in univariable analysis with/without 
adjusting for MTV. Any significant features were adjusted 
for the baseline clinical model for OS or PFS. For each 
final model, calibration plots comparing observed versus 
fitted survival probabilities over time were assessed.

Fig. 1 Axial PET-CT slices demonstrating a primary anal carcinoma 
mass (A) and the overlying mask created from a 1.5 times mean liver 
SUV (B)
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LTHT predictive models
A more automated pipeline with integrated harmonisa-
tion of the data for training and tuning of ML models for 
prediction of OS and PFS was explored. Models were cre-
ated by dummy encoding the categorical clinical features 
(pandas.get_dummies v1.2.1), scaling the continuous fea-
tures (sklearn.preprocessing.standardscaler v0.24.1) and 
harmonising the PET-CT radiomic features by applying 
neuroCombat to the extracted data (https:// github. com/ 
Jfort in1/ ComBa tHarm oniza tion). To avoid redundancy, 
features with a Pearson coefficient of > 0.8 were removed. 
Three different ML models were evaluated on the dataset: 
survival support vector machine (SSVM), survival random 
forest (SRF) and Cox regression (scikit-survival v0.14.0).

A forward wrapper method was implemented for fea-
ture selection using threefold cross-validation (sklearn.
model_selection.repeatedkfold v0.24.1). The optimum 
number of features for the greatest c-index for each ML 
algorithm was selected and hyperparameters were tuned 
using a grid search with a threefold cross-validation with 
10 repeats (sklearn.model_selection.gridsearchcv v0.24.1).

External testing
No data extracted from the images were shared between 
sites. The models with the highest c-index for each 
method created at a single institution were re-tested on 
external data at the other institution. Kaplan–Meier sur-
vival plots were produced from the external test-set.

Repeatability of the methodology
The methodology for the best overall performing predic-
tion model from either site was applied to the dataset of the 
other institution to determine if the same features would be 
selected and if the model would achieve a similar predic-
tion score when trained on a different study population.

Results
Patient demographics
One hundred and eighty-seven patients were included from 
LTHT and 257 patients included from CNFT, with the 
median follow-up time being 30 months (IQR = 38 months) 
at LTHT and 45 months (IQR = 27 months) at CNFT. The 
breakdown of patient demographics is included in Table 1.

CNFT predictive models
Baseline clinical model
All features within the clinical model were significant 
predictors of OS and PFS following univariable analysis 
(Table  2). M stage was not included in the univariable 
analysis due to the low prevalence within the dataset 
(8/257). Treatment regime was not explored as a feature 
in the model due to the insufficient variance to provide 
meaningful information to the models being trained. 

Following multivariable analysis, it was found that only 
MTV and age remained significant predictors of OS 
and PFS. Furthermore, MTV correlated strongly with T, 
N-stage and MRI size (maximum single axis dimension 
recorded following MDT review). Therefore, the final 
clinical model consisted of just age and MTV (Table 3), 
which achieved a c-index of 0.70 and 0.68 for OS and PFS 
on the training data respectively.

Unsupervised radiomics model
The first 5 principal components accounted for 82% of 
the variability. The correlation of the leading components 
is seen in Table 4 and shows that once adjusted for MTV, 
none of the leading components were associated with OS 

Table 1 Basic demographics of both study groups. The 
comparison between the two study groups was performed 
using a t-test for continuous data and a chi-square test for the 
categorical data. OS overall survival, PFS progression-free survival, 
SD standard deviation, VMAT volumetric modulated arc therapy

LTHT CNFT p value

No. of patients 187 257

Age (mean ± SD) 61.6 ± 11.5 62 ± 12.3 0.73

Sex

  Male 62 81 0.79

  Female 125 176

Tumour stage

  T1 8 18

  T2 78 114

  T3 58 49 0.005

  T4 43 67

  Unknown 0 9

Lymph node stage

  N0 88 128

  N1 36 58

  N2 42 35 0.09

  N3 21 33

  `Unknown 0 3

Metastatic stage

  M0 177 249 0.33

  M1 10 8

Treatment

  Chemoradiotherapy 187 244

  Radiotherapy alone 0 10  < 0.001

  Sequential 0 3

Radiotherapy type

  Parallel pair 146 224 0.01

  VMAT 41 33

Events

  OS 46 54 0.97

  PFS 57 70
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or PFS. Therefore, this model was not explored any fur-
ther within the analysis.

Supervised radiomics model
Each individual radiomic variable was individu-
ally explored in univariable analysis before and after 
adjusting for MTV. These results are visualised in 
the volcano plot in Fig.  2. Allowing for multiple test-
ing (Bonferroni adjusted p value of 0.05, green line on 
plots below) but before adjustment for MTV, many 
radiomic features significantly correlate with both 
OS and PFS (black circles). However, the majority 
no longer do so once adjusted for MTV (red circles). 
Of interest, selected lower order PET features, total 
lesion glycolysis (TLG), SUV standard deviation and 
 SUVpeak were close to the Bonferroni threshold for OS 
(TLG) and PFS (SUV standard deviation and  SUVpeak), 
respectively.

Upon adjustment for the clinical OS and PFS models, 
only TLG gave a modest improvement over the clinical 
model with no feature improving the PFS model. There-
fore, a multivariable Cox regression model including age, 
MTV and TLG was created (Table  5) which achieved a 
c-index of 0.70 on the training dataset.

External testing
Both the clinical and combined clinical- and radiomic-
based OS models achieved a c-index of 0.70 on the 
training data and therefore were both tested on the 
LTHT dataset, with the clinical based model achieving 
a slightly higher c-index of 0.70 (S.E. = 0.4) compared to 
0.69 (S.E. = 0.4) for the combined model. For both these 
models, the predictions of the low- and high-risk groups 
follow the actual event rates; however, the medium-risk 
group was either overestimated, age and MTV model, 
or underestimated, age, MTV and TLG. Also, the confi-
dence intervals overlapped between all groups for both 
models, meaning no distinct groups could be defined 
(Fig. 3).

When predicting PFS using a model derived from 
MTV and age, the c-index was 0.70 (S.E. = 0.4) on the test 
data with the model greatly overestimating the number 
of events of the medium-risk group (Fig. 4).

LTHT predictive models
When using a forward wrapper method and Com-
Bat harmonisation to explore three ML methods on 
the LTHT data, it was found that the best predictive 
model for OS was created using a SRF model with the 
parameters CT-derived neighbourhood grey-level 
difference matric (NGLDM) coarseness, age, CT-
derived grey-level run length matrix (GLRLM), high 
grey run emphasis (HGRE), PET-derived grey-level 

Table 2 Univariable and multivariable OS and PFS analysis

Overall survival

Univariable Multivariable

HR (95% CI) p value HR (95% CI) p value

Age in years 1.03 (1.00–1.05) 0.034 1.05 (1.02–1.08) 0.003

T-stage

  4 v 3 v 2 v 1 1.85 (1.38–2.48) < 0.001 1.05 (0.65–1.70) 0.829

N-stage

  3 v 2 v 1 v 0 1.38 (1.09–1.75) 0.007 1.12 (0.85–1.48) 0.432

MRI tumour size 
(maximum single 
axis dimension)

1.24 (1.10–1.39) < 0.001 0.98 (0.76–1.28) 0.896

log(MTV) 1.72 (1.31–2.26) < 0.001 1.49 (1.01–1.42) 0.007

Progression-free survival

HR (95% CI) p value HR (95% CI) p value

Age in years 1.02 (1.00–1.04) 0.033 1.03 (1.01–1.06) 0.006

T-Stage

  4 v 3 v 2 v 1 1.97 (1.52–2.55) < 0.001 1.06 (0.70–1.63) 0.775

N-stage

  3 v 2 v 1 v 0 1.34 (1.09–1.64) 0.006 1.14 (0.89–1.47) 0.301

MRI tumour size 
(maximal single 
axis dimension)

1.23 (1.12–1.36) < 0.001 1.03 (0.82–1.47) 0.775

log(MTV) 1.70 (1.33–2.16) < 0.001 1.69 (1.08–2.64) 0.021

Table 3 Final clinical OS and PFS models

OS: c-index = 0.70 PFS: c-index = 0.68

HR (95% CI) p value HR (95% CI)

Age in years 1.04 (1.01–1.06) 0.004 1.03 (1.01–1.05) 0.012

log(MTV) 1.78 (1.32–2.41)  < 0.001 1.74 (1.34–2.26)  < 0.001

Table 4 Unadjusted and MTV adjusted OS and PFS HRs and p 
values for leading principal components (PC)

Overall survival (N = 208)

HR (95% CI) p value MTV Adj. HR (95% CI) p value

PC1 2.01 (1.16–3.49) 0.013 1.02 (0.59–1.78) 0.939

PC2 2.71 (1.53–4.80) < 0.001 1.01 (0.43–2.37) 0.978

PC3 2.33 (1.40–3.87) 0.001 0.85 (0.36–1.97) 0.700

PC4 2.49 (1.10–5.68) 0.029 1.35 (0.46–3.99) 0.583

PC5 1.12 (0.67–1.87) 0.666 0.63 (0.31–1.32) 0.223

Progression-free survival (N = 208)

HR (95% CI) p value MTV Adj. HR (95% CI) p value

PC1 1.97 (1.22–3.18) 0.006 1.06 (0.64–1.75) 0.823

PC2 2.72 (1.63–4.52) < 0.001 1.16 (0.52–2.56) 0.720

PC3 2.25 (1.43–3.55) < 0.001 0.85 (0.40–1.82) 0.678

PC4 2.04 (0.99–4.20) 0.053 1.04 (0.39–2.77) 0.938

PC5 1.20 (0.77–1.85) 0.422 0.74 (0.40–1.37) 0.340
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co-occurrence matrix (GLCM) entropy log10 and CT-
derived GLRLM short-run high grey-level emphasis 
(SRHGE). The hyperparameters used were random 
state = 0, bootstrap = True, maximum depth = 2, mini-
mum number of samples per split = 4, maximum fea-
tures = 5, minimum samples per leaf = 2, number of 
estimators = 50 and out of bag score = False. This led to 
a mean training c-index of 0.74.

No combination of features, ML model or hyperpa-
rameter selection allowed for the creation of a PFS model 
with a c-index above 0.55 without demonstrating obvious 
signs of overfitting (mean training and validation scores 
having a difference of over 0.20) and therefore no PFS 
model was tested on the external dataset.

External testing
The radiomic-based SRF OS prediction model had a 
test c-index of 0.60 when applied to the CNFT dataset. 
No PFS model was tested on the external dataset due to 
overfitting on the training dataset.

Repeatability of the methodology
When applying the best performing CFNT methodology 
to train a model on the LTHT dataset, the same param-
eters MTV and age were selected from the univariable 
and multivariable analysis. The models produced a test 

Fig. 2 Volcano plots showing the relationship between p value and HR with (red circles) and without (black circles) adjusting for MTV. The blue line 
is the p value of 0.05 and the green line the Bonferroni corrected p value of 0.05

Table 5 Final radiomics OS model. *TLG was standardised—
mean value 654 and standard deviation was 1193

OS: c-index = 0.70

HR (95% CI) p value

Age 1.03 (1.01–1.06) 0.019

log(MTV) 1.97 (1.44–2.71) < 0.001

TLG* 0.80 (0.63–1.02) 0.072

Fig. 3 Plot showing the observed overall survival probabilities 
over time (dotted lines) with 95% confidence intervals (shaded 
region) and the predicted survival probabilities (solid lines) 
for a model created using MTV and age. Green = low-risk group, 
red = medium-risk group and black = high-risk group. Figure derived 
from the results of the testing on the LTHT dataset

3199



Frood et al. European Radiology (2024) 34:3194–3204

c-index of 0.7 (S.E. = 0.04) for both PFS and OS when 
tested on the CNFT test set (Figs. 5 and 6). The predicted 
and observed survival probabilities were in good agree-
ment for OS but not for PFS.

When investigating MTV and its relationship with 
outcomes, it was demonstrated that both cohorts had a 
non-linear relationship and therefore no definitive cutoff 
could be recommended. Representative plots are pro-
vided in Supplementary Material 3.

Discussion
This study highlights MTV and age as biomarkers for 
predicting outcome in patients with ASCC, with MTV 
having a 1.49 HR and age having a 1.05 HR on multi-
variate analysis for OS and 1.69 HR and 1.03 HR for PFS, 
respectively. When combined in a Cox regression model, 
they had a good predictive ability with a c-index of 0.7 
for both OS and PFS. Our study also illustrates the limi-
tations of more complex radiomic based models when 
applying them to different populations.

The potential use of MTV for outcome prediction in 
this setting was first reported by Bazan et al in a small 
dataset of 39 patients [21]. Subsequent studies have 
explored the use of PET-CT-derived parameters in 
predictive models; however, due to the relatively low 
incidence of ASCC, study cohort sizes and event rates 
have been small. Of note, Rusten et al found that MTV, 

Fig. 4 Plot showing the observed PFS over time (dotted lines) 
with 95% confidence intervals (shaded region) and the predicted 
(solid lines) for a model created using MTV and age. Green = low-risk 
group, red = medium-risk group and black = high-risk group. Figure 
derived from the results of testing on the LTHT dataset

Fig. 5 Plot showing the observed overall survival probabilities 
over time (dotted lines) with 95% confidence intervals (shaded 
region) and the predicted (solid lines) for a model created using 
MTV and age. Green = low-risk group, red = medium-risk group 
and black = high-risk group. Figure derived from the results of testing 
on the CNFT dataset

Fig. 6 Plot showing the observed fraction progression free 
over time (dotted lines) with 95% confidence intervals (shaded 
region) and the predicted (solid lines) for a model created using 
MTV and age. Green = low-risk group, red = medium-risk group 
and black = high-risk group. Figure derived from the results of testing 
on the CNFT dataset
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TLG and the Z-normalised combination of MTV and 
 SUVpeak were predictive of outcomes, but the strong-
est predictors were nodal stage 3 disease and human 
papilloma virus (HPV) status [22]. Unfortunately, due 
to missing data within our cohort, it was not possible 
to explore HPV status further. Jones et al, in a prospec-
tive study, also reported that the predictive ability of 
MTV derived using a 41% SUVmax fixed threshold had 
excellent predictive ability for recurrence with an AUC 
of 0.89; however, this study only included 19 patients 
having a follow-up PET-CT 12  weeks after treatment 
[23]. Conversely, a larger study by Braun et  al assess-
ing outcomes in 60 patients found that MTV when split 
into two groups around the mean correlated well with 
T stage; however, there was no significant difference 
between disease-free survival [24].

There are various semi-automated segmentation tech-
niques reported in the literature based on using a fixed 
SUV threshold, an adaptive threshold related to lesions 
being contoured or related to background physiologi-
cal uptake. As far as we are aware, there is no published 
work comparing different segmentation approaches in 
anal cancer. Recent work defining the optimal method for 
MTV assessment of cervical cancer from pre-treatment 
FDG PET-CT evaluated different fixed and gradient seg-
mentation methods showing excellent inter-observer 
agreement across all thresholds [25].

Our prior study exploring PET-CT-derived predic-
tive modelling using radiomics in ASCC patients used 
the same 189 patient cohort as further analysed here 
[13]. We found that a regression-based model created 
from a combination of 10 different clinical and radi-
omic parameters, including MTV, had an AUC of 0.74 
for the training and validation cohorts when predicting 
PFS. However, in the current study, we were not able to 
replicate this performance level, likely due to the pres-
ence of overfitting in the initial study, which was not 
identified as the model was trained and tested once on 
an internal dataset with a relatively small number of 
events. The issue of overfitting is highlighted in the cur-
rent study whereby creation of models using a forward 
wrapper feature selection method in combination with 
a ML algorithm mean training and validation c-indices 
were > 0.7; however, when tested on external data, the 
c-index dropped to 0.6 at best. This is likely a combina-
tion of the limited number of events and the use of a 
relatively large number of parameters. To improve the 
model, a larger dataset with more events is required, 
which may allow the number of features used to cre-
ate the model to be limited and a greater number of 
repeats of the cross validation could be performed to 
give a better estimation of how the model is performing 
[26]. This also illustrates the need for an external test 

set, as highlighted within the radiomics quality score, 
when evaluating predictive models as it is not pos-
sible to determine how generalisable the models are 
without these even with the use of cross-validation to 
assess stability [27]. However, it is noted that there is a 
relatively small number of ML studies which have pub-
lished external testing [28, 29].

An MTV and age-based predictive model represents 
a simpler model which may be more generalisable than 
a complex model incorporating radiomic features. This 
could be a more pragmatic route to clinical translation 
but requires further validation in a multi-centre study. 
This aligns well with work being undertaken by the Anal 
cancer Treatment Outcome Modelling with Computer 
Aided Theragnositics (AtomCAT) consortium who have 
developed the infrastructure to support testing and vali-
dation of a clinical prediction model in anal cancer [30]. 
This presents an opportunity to test the applicability of a 
combined clinical and MTV-based model across a wide 
range of treatment centres. If proven to be more univer-
sally applicable, the model could have a significant impact 
on patient outcomes by guiding risk-adapted therapy and 
more personalised follow-up.

In our study, it was found that the predictive power 
of radiomics was lost when correcting for MTV and 
that the variation of the radiomic features was largely 
explained by MTV. This relationship was concordant 
across both sites data. However, this does not mean 
radiomic analysis should be discounted from future 
studies. The study limited itself to 44 features extracted 
from both the PET and CT components and used a 
fixed bin number of 64 bins and 400 bins when creating 
the matrix derived parameters for PET and CT, respec-
tively. Numerous additional radiomic features have not 
been explored. There is no consensus on the optimum 
bin number or bin width, especially in ASCC; there-
fore, it may be prudent in future studies to look at the 
robustness of radiomic features in this clinical setting 
when using different bin widths [31, 32]. Also, when 
performing the initial univariable and multivariable 
analysis to assess the relationship of the features with 
outcome, only monotonic relationships were explored. 
Although the use of feature selection with models such 
as kernel version of the SSVM and SRF should negate 
this, the relationships between features and outcomes 
could be explored further.

Interpretation of the clinical significance of a prediction 
model can be challenging, and net benefit analysis can be 
used to determine clinical value [33]. This incorporates 
disease prevalence and weighting for consequences of 
false positive or false negative results and may provide 
a more representative measure of the clinical utility of 
including or excluding a test. Plotting net benefit over a 

3201



Frood et al. European Radiology (2024) 34:3194–3204

range of appropriate weights to derive a decision curve 
could then be performed. This aspect was beyond the 
scope of the current work and is a study limitation.

Another consideration is the choice of outcome met-
rics, as the specific time that an event is recorded/diag-
nosed can vary greatly from when the patient developed 
recurrence or relapsed [34]. The choice of PFS and OS 
as outcome measures aligns with survival metrics being 
evaluated as part of the Core Outcome Research Meas-
ures in Anal Cancer (CORMAC) initiative and multi-
centre prospective anal carcinoma radiotherapy trials 
being carried out at present [35, 36]. In prospective stud-
ies, this can be partially negated by having defined regu-
lar follow-up for all patients; however, this is not possible 
in retrospective series. The use of a binary cutoff value, 
for example 5-year PFS, would allow for a window for an 
event to occur meaning the need for accurate dating of 
recurrence or relapse is not as vital. However, this would 
limit the number of patients who met the minimum fol-
low-up time and therefore limit the number of events; for 
this reason, a time-censored outcome was used in this 
study. In terms of OS, the time to death is more reliable 
and therefore could explain why in general the models for 
OS performed better, but it is based on all-cause mortal-
ity, and it could be argued some causes or mortality can-
not be predicted on PET-CT.

Conclusion
This study has demonstrated with external testing that a 
combination of age and MTV show potential in predict-
ing OS and PFS in ASCC patients. The predictive ability 
of PET-CT-derived radiomic features diminished when 
the influence of MTV was accounted for.
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