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Abstract 

Objectives  Sinonasal squamous cell carcinoma (SCC) follows a poor prognosis with high tendency for local recur-
rence. We aimed to evaluate whether MRI radiomics can predict early local failure in sinonasal SCC.

Methods  Sixty-eight consecutive patients with node-negative sinonasal SCC (January 2005–December 2020) were 
enrolled, allocated to the training (n = 47) and test sets (n = 21). Early local failure, which occurred within 12 months 
of completion of initial treatment, was the primary endpoint. For clinical features (age, location, treatment modality, 
and clinical T stage), binary logistic regression analysis was performed. For 186 extracted radiomic features, different 
feature selections and classifiers were combined to create two prediction models: (1) a pure radiomics model; and (2) 
a combined model with clinical features and radiomics. The areas under the receiver operating characteristic curves 
(AUCs) were calculated and compared using DeLong’s method.

Results  Early local failure occurred in 38.3% (18/47) and 23.8% (5/21) in the training and test sets, respectively. We identi-
fied several radiomic features which were strongly associated with early local failure. In the test set, both the best-perform-
ing radiomics model and the combined model (clinical + radiomic features) yielded higher AUCs compared to the clinical 
model (AUC, 0.838 vs. 0.438, p = 0.020; 0.850 vs. 0.438, p = 0.016, respectively). The performances of the best-performing 
radiomics model and the combined model did not differ significantly (AUC, 0.838 vs. 0.850, p = 0.904).

Conclusion  MRI radiomics integrated with a machine learning classifier may predict early local failure in patients 
with sinonasal SCC.

Clinical relevance statement  MRI radiomics intergrated with machine learning classifiers may predict early local 
failure in sinonasal squamous cell carcinomas more accurately than the clinical model.

Key Points 

• A subset of radiomic features which showed significant association with early local failure in patients with sinonasal squa 
  mous cell carcinomas was identified.
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• MRI radiomics integrated with machine learning classifiers can predict early local failure with high accuracy, which was 
validated in the test set (area under the curve = 0.838).

• The combined clinical and radiomics model yielded superior performance for early local failure prediction compared to that 
of the radiomics (area under the curve 0.850 vs. 0.838 in the test set), without a statistically significant difference.
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Introduction
Sinonasal malignancies are relatively rare but aggressive 
tumors, accounting for 3–5% of all head and neck cancers 
[1]. The majority of sinonasal malignancies are epithelial 
neoplasms, with squamous cell carcinomas (SCCs) being 
the most common type accounting for approximately 
38% [2]. Despite the continued emergence of new treat-
ment options such as chemotherapy and radiotherapy, 
the 5-year overall survival rates were reported to remain 
at 20–57% [3–6]. Moreover, most patients tend to be in 
an advanced stage of the disease at initial presentation, 
because sinonasal malignancies tend to be asymptomatic 
or have non-specific sinonasal symptoms, until they 
invade adjacent structures.

Surgical resection is preferentially indicated for all 
operable sinonasal SCCs, although no randomized tri-
als have been conducted to devise the optimal treat-
ment strategy for sinonasal tumors because of their rarity 
and heterogeneity. Adjuvant radiotherapy (RT) is also 
indicated in patients with advanced-stage disease and/
or high-risk features [7, 8]. However, local failure is the 
principal cause (approximately 50%) of relapse [8–11], 
since local invasion generally occurs early in the natural 
history of sinonasal cancers and resection is often limited 
by tumor involvement that can result in damage to adja-
cent critical structures. Intensified local therapies such 
as advanced surgical techniques, radiation dose escala-
tion, and modern RT techniques have been investigated 
vigorously [10, 12–14]. Therefore, it is highly desirable to 
identify patients at high risk for local failure at the time of 
diagnosis, since they could be provided with more inten-
sified treatment regimens. Furthermore, patients at low 
risk for local failure can be saved from aggressive inten-
sified treatment to avoid unnecessary treatment-related 
complications.

Radiomics extracts high-dimensional quantitative 
imaging features (such as intensity distributions, spatial 
relationships, textural heterogeneity, and shape descrip-
tors); thus, hidden invisible information based on imag-
ing can be identified using radiomics studies [15, 16]. 
Radiomics has potential as it can reflect intra-tumoral 
heterogeneity using a variety of mathematical methods 
used to quantify gray-level spatial variations within an 
image to derive textural features [17]. Therefore, radi-
omics has also been used in the field of head and neck 

cancers to predict specific molecular markers, recur-
rence, treatment responses, or survival [18]. As for the 
sinonasal tumors, MRI radiomics has proved its values 
for distinguishing SCC from lymphoma [19] or differenti-
ating between benign or malignant tumors [20, 21]. How-
ever, whether radiomics also has prognostic potential to 
predict patient outcome in patients with sinonasal SCCs 
has not been well established.

In this study, we postulated that the application of radi-
omics to pretreatment MRI may enable prediction of 
early local failure in patients with sinonasal SCC. There-
fore, this study aimed to evaluate whether MRI radiomics 
can predict early local failure in patients with sinonasal 
SCC to allow opportunities for more intensified local 
treatments in this population.

Materials and methods
Patients
This retrospective study was approved by the Institu-
tional Review Board of our tertiary academic institution 
(9-2021-0111), which waived the requirement for obtain-
ing informed patient consent. A total of 137 patients 
newly diagnosed with node-negative sinonasal SCC at 
OOO between January 2005 and December 2020 were 
identified. Given the purpose of the study, we excluded 
node-positive cases at diagnosis in order to construct a 
homogenous cohort. The exclusion criteria were as fol-
lows: (1) loss to follow-up during the 12-month period 
after initial diagnosis (n = 48); (2) unavailability of either 
T2-weighted (T2) or post-contrast T1-weighted (T1C) 
images (n = 11), and (3) inadequate image quality (n = 
10). Finally, 68 patients who received some form of cura-
tive-intent treatment with a sufficient follow-up period ( 
> 12 months) at our institution and eligible pretreatment 
MRIs were enrolled.

Patients who underwent MRI before January 2017 
were allocated to the training set (n = 47), and those who 
underwent MRI after January 2017 were allocated to the 
test set (n = 21), to perform temporal validation.

Data collection and outcome definitions
The patients’ age and type of treatment were retrieved 
from the electronic medical records. The different types 
of initial treatment were as follows: (1) neoadjuvant RT 
followed by surgical resection; (2) surgical resection only; 
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(3) surgical resection followed by adjuvant RT; and (4) 
definitive RT with or without chemotherapy. Postop-
erative RT was also performed for those at a high risk of 
local recurrence (e.g., advanced T stage, positive margins, 
perineural invasion, and lymphovascular invasion). The 
location of the tumor was also recorded, which included 
the maxillary sinus, nasal cavity, ethmoid sinus, sphenoid 
sinus, or frontal sinus. If the tumor involved multiple para-
nasal sinuses, the epicenter of the tumor was regarded as 
the tumor location. Two dedicated head and neck radiol-
ogists (C.J.P. and J.K., with 5 and 16 years of experience, 
respectively) independently assessed the clinical stage of 
the sinonasal SCCs using the pretreatment MRI accord-
ing to the 8th American Joint Committee on Cancer TNM 
system [22], and the consensus was reached in the event of 
disagreement.

We also reviewed the pattern of initial treatment fail-
ure and time to relapse for the study population. The 
primary endpoint of our study was an early local failure, 
which occurred within 12 months after response to ini-
tial curative treatment. Local failure was defined as any 
failure occurring in structures located in proximity to the 
primary tumor site, either isolated or concomitant with 
regional or distant failures.

Image acquisition
All patients underwent MRI with a 3-T system (Inter-
aAchieva or Achieva TX; Philips Medical Systems) and 
head and neck coil. The detailed MRI parameters are pre-
sented in Supplementary material S1.

Image preprocessing and radiomic feature extraction
First, the T2 and T1C images were resampled to an iden-
tical spatial resolution of 1 × 1 × 1 mm using Nilearn 
(https://​nilea​rn.​github.​io). Second, these images were 
subjected to N4 bias correction to eliminate low-fre-
quency intensity and non-uniformity [23, 24]. Finally, the 
T2 images were registered to identical spatial coordinates 
with T1C as a template using SimpleITK (http://​www.​
simpl​eitk.​org). The signal intensity was normalized using 
the WhiteStripe R package [25] which is implemented 
in R software (version 3.5.1, R Foundation for Statistical 
Computing; www.R-​proje​ct.​org). The ROIs were drawn 
by two dedicated head and neck radiologists (C.J.P. and 
J.K., with 5 and 16 years of experience, respectively) 
and the inter-rater radiomic feature stability was calcu-
lated using the intraclass correlation coefficient (ICC). 
As all the tumors showed variable degrees of contrast 
enhancement, the tumors were well visualized on 3D 
T1C images. The hemorrhagic and necrotic areas of the 
tumor were also included in the ROI. The segmentation 
was performed with a semiautomatic method of signal 
intensity threshold using the Medical Image Processing, 

Analysis, and Visualization software version 7.0 (National 
Institutes of Health; mipav.cit.nih.gov).

The radiomic features were extracted from the ROIs 
drawn on the T2 and T1C images using Pyradiomics 2.0 
(http://​www.​radio​mics.​io/​pyrad​iomics.​html)  [26]. The 
detailed pipelines for image preprocessing and radiomic 
feature extraction are presented in Fig. 1.

Fourteen shapes, 18 first-orders, 24 gray-level co-
occurrence matrices (GLCM), 16 gray-level run-length 
matrices (GLRLM), 16 gray-level size zone matrices 
(GLSZM), and 5 neighborhood gray-tone difference 
matrices (NGTDM) were extracted from the ROIs drawn 
on the T2 and T1C images, constituting a total of 186 
radiomic features.

Feature selection and classification methods
Feature selection and classification were performed using 
the R software (version 3.5.1). To avoid collinearity and 
minimize the potential risk of overfitting while handling 
high-dimensional radiomic features [27, 28], the least 
absolute shrinkage and selection operator (LASSO) and 
recursive feature elimination (RFE) were used to select 
the important features using the “caret” R package [29]. 
Feature selection was performed before model construc-
tion using either LASSO, RFE, or RFE + LASSO, where 
LASSO was performed after RFE to further minimize 
the redundant features. Three subsets of selected fea-
tures were combined with four different machine learn-
ing classifiers: XGboost, support vector machine (SVM), 
linear discriminant analysis (LDA), and adaptive boosting 
(AdaBoost). For each classifier, a grid search method was 
performed in which the hyperparameters with the high-
est area under the curve (AUC) by using the three times 
repeated 5-fold cross-validation were determined. The 
detailed hyperparameter settings of classifiers are pre-
sented in Supplementary material S2.

Statistical analysis
Statistical analysis was performed using the R software 
(version 3.5.1). Two-sided p values < 0.05 were consid-
ered to indicate statistically significant differences.

The inter-observer variability of radiomic features was 
studied using the ICC [30], based on the two-way mixed 
effects model with consistency assumption [31]. We con-
sidered a feature is reproducible if ICC ≥ 0.8, based on 
previous studies which adopted 0.8 as a threshold [32]. 
Only reproducible radiomic features with ICC ≥ 0.8 were 
included in the subsequent analysis.

Random oversampling examples were adopted to 
resolve the imbalance in the training set [33]. Bet-
ter classifier performance than that yielded by only 
undersampling of the majority class was achieved by a 

https://nilearn.github.io
http://www.simpleitk.org
http://www.simpleitk.org
http://www.R-project.org
http://www.radiomics.io/pyradiomics.html
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combination of oversampling of the minority class and 
undersampling of the majority class.

We built two different models using radiomics which 
were developed in the training set: (1) model 1 with 
radiomic features only; and (2) model 2 with both clini-
cal (age, tumor location, type of treatment, and clinical 
T stage) and radiomic features. Twelve combinations 
of the above-mentioned feature selection methods and 
machine learning classifiers were used for the develop-
ment of models 1 and 2. These models were validated in 
the test set. In addition, binary logistic regression anal-
ysis was performed to develop a clinical model includ-
ing age, tumor location, type of treatment, and clinical 
T stage. Receiver operating characteristic curves were 
obtained and the area under the receiver operating 
characteristic curves (AUC) was calculated to meas-
ure the predictive performance. The AUCs of differ-
ent models were compared using Delong’s method and 
multiple comparisons were corrected using the Benja-
mini-Hochberg procedure [34].

Results
The baseline characteristics of 68 patients are presented 
in Table 1. The age, sex, tumor location, treatment type, 
and clinical T stage did not differ significantly between 
the training and test sets. Forty-six patients under-
went surgery first (with additional adjuvant RT for 44 
patients), 3 patients underwent surgery after neoadju-
vant RT, and 19 patients received RT as primary treat-
ment without surgery due to tumor unresectability and 
medical unsuitability. Forty-five patients (68.2%) under-
went chemotherapy alone or in combination with RT.

The median follow-up duration was 32.5 months 
(range, 12–167.3). There were 38 instances of failure 
(55.9%) after the first primary treatments, of which 
35 occurred within 12 months after completion of the 
initial curative treatment (defined as “early failure”). 
Among them, 23 patients had early local failure; 17 
patients only had local failure, while the remaining 6 
patients had both local and regional/distant metastases. 
Eighteen (18/47, 38.3%) and 5 (5/21, 23.8%) patients 

Fig. 1  Workflow of image preprocessing, radiomics feature extraction, and machine learning
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from the training and test sets, respectively, experi-
enced early local failure.

The mean ICC of radiomic features was 0.950, and of 
the radiomic features with ICC ≥ fea was 178/186 (95.7%). 
In the training set, 26, 30, and 13 features were selected 
through LASSO, RFE, and RFE + LASSO, respectively, 
which showed a significant association with early local 
failure. Three features, i.e., one shape feature (flatness) 
and three texture features (High Gray Level Zone Empha-
sis, Cluster Prominence, and coarseness from T2 images), 
were consistently selected in all three methods.

All the AUCs of model 1 (radiomic features only) with 
different combinations of feature selection methods and 
classifiers for the training and test sets, respectively, are 

presented in Fig. 2. The confidence interval for each AUC 
is presented in Supplementary material S3. In the train-
ing set, model 1 accurately predicted early local failure in 
sinonasal SCC with high AUCs, ranging from 0.901 to 1. 
In the test set, the AUCs of model 1 ranged from 0.369 
to 0.838. The combination of LDA with RFE showed the 
highest predictive performance with an AUC of 0.838 
(95% CI, 0.615–1.000).

All the AUCs of model 2 (combination of clinical and 
radiomic features) with different combinations of feature 
selection methods and classifiers for the training and 
test sets, respectively, are presented in Fig. 3. The confi-
dence interval for each AUC is presented in Supplemen-
tary material S3. In the training set, model 2 accurately 

Table 1  Patients’ clinical characteristics

Data are expressed as medians with interquartile range in parentheses, or number of patients with the percentage in parentheses

RT radiotherapy, CTx chemotherapy
a Comparisons between the training set and the test set using the Student t-test for continuous variables and chi-squared test for categorical variables

Training set (n = 47) Test set (n = 21) p valuea

Age (years) 56.0 (49.0–64.5) 61.0 (57.0–67.0) 0.172

Sex Male 38 14 0.334

Female 9 7

Tumor location Maxillary sinus 37 (78.7%) 17 (81.0%) 0.833

Ethmoid sinus and nasal cavity 8 (17.0%) 4 (19.0%)

Sphenoid sinus 2 (4.3%) 0 (0.0%)

Clinical T stage T2 4 (8.5%) 3 (14.3%) 0.220

T3 24 (51.1%) 6 (28.6%)

T4 19 (40.4%) 12 (57.1%)

Treatment Neoadjuvant RT (± CTx) + surgery 1 (2.1%) 2 (9.5%) 0.643

Surgery only 1 (2.1%) 1 (4.8%)

Surgery + adjuvant RT (± CTx) 30 (63.8%) 14 (66.7%)

Definitive RT (± CTx) 15 (31.9%) 4 (19.0%)

Fig. 2  Heatmaps illustrating the predictive performance (AUCs) of the different combinations of feature selection methods (rows) and classifiers 
(columns) from model 1 (radiomic features only) in the training and test sets. SVM support vector machine, LDA linear discriminant analysis, 
AdaBoost adaptive boosting, LASSO least absolute shrinkage and selection operator, RFE recursive feature elimination
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predicted early local failure in sinonasal SCC with high 
AUCs, ranging from 0.919 to 1. In the test set, model 2 
predicted early tumor recurrence with AUCs ranging 
from 0.425 to 0.850. The combination of LDA with RFE + 
LASSO showed the highest predictive performance with 
an AUC of 0.850 (95% CI, 0.623–1.000)). Regarding the 
best-performing models, 15 different AUCs from 3 rep-
etitions of 5-fold cross-validation are presented in Sup-
plementary material S4.

The AUCs of the clinical model were 0.597 (95% CI, 
0.467–0.727) and 0.438 (95% CI, 0.215–0.660) in the train-
ing and test sets, respectively. We compared the AUCs of 
the best-performing model 1 (radiomic features only) and 
model 2 (combination of clinical and radiomic features) to 
that of a clinical model in the test set. The best-performing 
model 1 showed significantly higher performance compared 
to the clinical model (AUC, 0.838 vs. 0.438, p = 0.020). The 
best-performing model 2 also showed significantly higher 
performance compared to the clinical model (AUC 0.850 vs. 
0.438, p = 0.016). The performances of the best-performing 
model 1 and model 2 in the test set did not differ signifi-
cantly (p = 0.904, Fig. 4).

Discussion
We identified a subset of radiomic features extracted 
from multiparametric MRI, which exhibited a significant 
association with early local failure in patients with sinon-
asal SCCs. By integrating radiomics with machine learn-
ing classifiers, we found that MRI radiomics can predict 
early local failure with high accuracy, which was validated 
in the test set. When the clinical features were added to 
radiomics, the model performance for early local failure 
prediction increased, albeit without a statistically sig-
nificant difference. Furthermore, we showed that those 

radiomics model either with or without clinical features 
achieved superior performances compared to the clinical 
model with statistical significances. Therefore, our results 
suggest that MRI radiomics may be used as a potential 
imaging biomarker in patients with sinonasal SCCs.

Many studies have recently adopted radiomics in the 
field of head and neck cancer as well as common solid 
tumor research, in order to predict specific molecular 

Fig. 3  Heatmaps illustrating the predictive performance (AUCs) of the different combinations of feature selection methods (rows) and classifiers 
(columns) from model 2 (clinical and radiomics features) in the training and test sets. SVM support vector machine, LDA linear discriminant analysis, 
AdaBoost adaptive boosting, LASSO least absolute shrinkage and selection operator, RFE recursive feature elimination

Fig. 4  Receiver operating characteristic curves of model 1 
(radiomic features only) and model 2 (clinical and radiomic features) 
with the highest predictive performance for predicting early tumor 
recurrence in patients with sinonasal squamous cell carcinoma. There 
were no significant differences in performances between model 1 
and model 2 (p = 0.904)
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markers, locoregional recurrence, treatment response, 
or survival, as radiomics is a novel quantitative imaging 
analysis method that utilizes high-dimensional, mineable 
features via high-throughput extraction, revealing the 
predictive and prognostic role of radiomics. CT radiomic 
features have been used more frequently compared to 
MRI, although MRI radiomics are also employed, espe-
cially in patients with nasopharyngeal and oropharyn-
geal cancers [18, 35]. The potential of MRI radiomics in 
distinguishing between SCC and lymphoma [19] or to 
differentiate between benign or malignant tumors has 
been validated in patients with sinonasal tumors [20, 
21]. However, little is known about the prognostic role of 
radiomics in patients with SCCs arising from the sinona-
sal cavity. Therefore, in our study, we applied radiomics 
to conventional T2 and T1C imaging, which are the key 
sequences for tumor characterization, and concluded 
that multiparametric MRI radiomics can predict early 
tumor recurrence with high accuracy, suggesting the role 
of radiomics as a potential prognostic imaging biomarker.

Three texture features—High Gray Level Zone Empha-
sis, Cluster Prominence, and coarseness, acquired from 
T2-weighted images—were found to have a significant 
association with early local failure in patients with sinon-
asal SCCs. High Gray Level Zone Emphasis is a GLSZM 
feature, which measures the distribution of the higher 
gray-level values: higher GLSZM values indicate a greater 
proportion of higher gray-level values and size zones in the 
image [36]. Cluster Prominence is a GLCM feature, which 
is a measure of the skewness and asymmetry of the GLCM. 
A higher value of Cluster Prominence implies greater 
asymmetry about the mean, while a lower value indicates 
a peak near the mean value and less variation about the 
mean [36]. Lastly, coarseness is a NGTDM feature, which 
is a measure of the average difference between the center 
voxel and its neighborhood. This is an indication of the 
spatial rate of change, and a higher value indicates a lower 
spatial change rate and a locally more uniform texture [37]. 
Unlike the aforementioned two selected features, coarse-
ness had a negative correlation with early tumor recur-
rence, which indicates that a lower value of coarseness 
presenting non-uniform texture has a significant asso-
ciation with a worse outcome. Therefore, considering that 
these selected features largely reflect intra-tumoral hetero-
geneity, malignant sinonasal tumors with a greater degree 
of heterogeneity, which could be captured by selected radi-
omic features, may possess more aggressive tendencies 
with early recurrence in the follow-up period.

In our study, we applied variable combinations of com-
monly used machine learning classifiers and feature selec-
tion methods to yield predictive performances for both 
radiomics and the combined (clinical and radiomic fea-
tures) models. We observed that the highest performances 

in the test set derived from the combination of LDA. Even 
though the other classifiers, i.e., XGBoost, SVM, and Ada-
Boost, achieved almost perfect AUCs in the training set, 
the AUCs significantly decreased when validated in the 
test set, indicating the overfitting of those models. It is 
noteworthy that the LDA classifier consistently achieved 
high performance for outcome prediction. The superiority 
of the LDA classifier for the outcome prediction should be 
validated in future studies with larger sample sizes.

According to the current treatment guidelines [38], 
surgical resection is recommended first for all operable 
sinonasal SCCs, irrespective of nodal status. However, 
postoperative RT is recommended in the presence of 
risk factors such as perineural invasion, lymphovascular 
invasion, or positive surgical margins, owing to the high 
tendency for local recurrence and poor survival rate of 
sinonasal cancer. As local recurrence is the most impor-
tant reason for treatment failure in patients with sinon-
asal SCC, accurate prediction of local recurrence may 
guide clinicians in formulating effective, individualized 
treatment regimens. Our study revealed that patients at 
high risk for local recurrence could be accurately identi-
fied by MRI radiomics and such a classification according 
to a radiomics model could be a stronger indication for 
enhanced postoperative treatments.

There were several limitations in our study that should 
be addressed. First, this study was retrospective in design 
and the size of the study population was small. Moreover, 
we were not able to perform an external validation, as an 
adequate number of eligible patients in the other inde-
pendent institutions were not feasible. Subsequently, we 
validated our model using a temporal validation set in this 
study. Further studies with larger sample sizes and exter-
nal validation sets derived from multicenter imaging data 
acquired using various equipment would be required for 
more rigorous validation. Second, we enrolled patients 
with node-negative sinonasal SCCs only to maintain the 
homogeneity of the study population because lymph 
node metastasis is one of the major prognostic factors in 
sinonasal SCCs, requiring a different treatment decision 
approach [3, 4, 39, 40]. As our models are limited to node-
negative patients, future studies which include larger sam-
ple sizes with node-positive patients should be performed 
to validate our study results. Third, human papillomavirus 
is reported as a significant predictor of more favorable sur-
vival for sinonasal SCCs [41]; however, we were not able 
to analyze it as the human papillomavirus status was not 
available in most of the study subjects. Fourth, advanced 
MRI parameters, such as ADC, were not included in this 
study, because most participants’ preoperative MRI lacked 
diffusion-weighted images. However, as the EPI tech-
nique is highly sensitive to susceptibility artifacts, the role 
of DWI is critically limited for the evaluation of sinonasal 
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cavity lesions due to these artifacts resulting from air in the 
sinonasal cavity. Further radiomic studies with advanced 
MRI sequences such as diffusion-weighted or perfusion-
weighted imaging may enhance the prognostic role of 
radiomics in patients with sinonasal SCCs, if they can be 
acquired with acceptable imaging quality.

In conclusion, MRI radiomics integrated with a 
machine learning classifier may predict early tumor 
recurrence in patients with sinonasal SCCs, which would 
be of immense help in selecting patients requiring inten-
sified local therapies.
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