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1 | INTRODUCTION

Medical imaging analysis plays a central role in the personalized treatment decisions and outcome prognosis of cancer patients. For example, in
head and neck squamous cell carcinoma (HNSCC), a heterogeneous malignancy constituting more than 95% of head and neck cancers (Liu et al.
2021), clinical management is based on manually measured features such as the tumour size, local disease extension and presence of distant
metastasis (Deschler & Day, 2008). Unfortunately, there is a considerable time cost to collecting these semantic features, since they must be
quantified by a trained radiologist. There is also potential added value to including agnostic features (e.g., image descriptors not part of the
radiologist's lexicon, Savadjiev et al. 2019) to augment the mainly qualitative interpretation currently done towards precision medicine.

With the need for a more scalable approach, there has been renewed interest in extracting large amounts of imaging biomarkers, that is,
mathematically defined quantitative descriptors of the tumour which may capture information not currently used by experts (Lambin et al. 2012).
Indeed, image-based biomarkers are non-invasive and can quantify regional intratumour heterogeneity at a very detailed level (Aerts, 2016). This
automatic extraction of features is referred to as radiomics and has been shown to improve classification accuracy for some cancer types over
clinical characteristics alone (Gillies et al. 2016). The main idea is to use a supervised machine learning model to create a radiomic signature which
is based on a potentially non-linear combination of the most discriminative features (Savadjiev et al. 2019).

Examples of work in this area include Ji et al. (2020) who implemented a lasso Cox regression using radiomics features to predict tumour
recurrence after resection of early stage hepatocellular carcinoma. Vallieres et al. (2017) used a random forest classifier to predict individuals who
would respond to treatment for head-and-neck cancer, while Liu et al. (2021) used a similar approach to predict nodal metastasis in patients with
HNSCC.

Abbreviations: HNSCC, head and neck squamous cell carcinoma; CT, computed tomography; HPV, human papillomavirus; LHC, larynx or hypopharynx; OSCC, oral cavity; OPC, oropharynx.
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Due to the large number of radiomics features extracted from the computed tomography (CT) images, an initial univariate screening
procedure is often employed prior to fitting the classifier (Parmar et al. 2015). A limitation of this approach is that this initial selection is not
incorporated into the uncertainty estimates of the prediction accuracy. Another limitation of the current approaches is that when using random
forests, feature importance is used as a proxy for significance of a feature. However, the uncertainty associated with the feature importance
measures is not accounted for in the prediction process. Every feature has a feature importance, and determining the “most important” features
requires specification of an arbitrary threshold. Penalized regression approaches (e.g., lasso) do not directly provide confidence intervals for the
predictors, and often a non-zero coefficient estimate is incorrectly equated with statistical significance.

Another challenging aspect of the problem is handling of missing data. Important predictors such as human papillomavirus (HPV) status are
commonly missing for a significantly large number of patients. While existing imputation techniques may be employed, accounting for the
uncertainty arising from imputation is not straightforward in frequentist-based machine learning models.

Considering the multiple sources of uncertainty in the analysis of such data, a fully Bayesian approach that can accommodate variable
selection, missing data handling and information borrowing while accounting for the uncertainty associated with each step is preferred. However,
little has been done under the Bayesian framework within the radiomics literature. In a recent review paper of 97 articles with a minimum sample
size of 50 patients, the only Bayesian method used was a naive Bayesian network based classifier (Avanzo et al. 2017).

We propose a Bayesian hierarchical model that can address radiomic feature selection and prediction in a unified framework while dealing
with complexities such as missing values in predictors. The hierarchical nature of the model enables information borrowing across tumour sites
while allowing site-specific variable selection and parameter estimation. Integrating variable selection and missing data handling, together with
inference, results in predictions with adequate representation of uncertainty associated with each of these procedures. We present the results of
the analysis as Bayesian feature selection outcomes across sites and the accuracy for predictions of lymph node metastasis.

The remaining of the paper is organized as follows. In Section 2 we describe the data structure and variables and the statistical analysis that is
currently used. In Section 3, we proposed the Bayesian hierarchical model and the regularized shrinkage prior. Section 4 follows with the results

of applying the proposed model to the data set and a discussion is provided in Section 5.

2 | DATA

In the following we describe the specific data set that is used to illustrate the capabilities of the proposed model. The main characteristics of this
data set include the presence of a large number of radiomics features, the stratification of patient data with respect to tumour sites and the
disproportionate amount of missing values of an important predictor; these characteristics are common among data arising in similar context in
oncology.

The data comprise 603 contrast enhanced pre-treatment neck CT scans evaluated from patients diagnosed with HNSCC, with tumours
arising in three sites: 241 from the larynx or hypopharynx (LHC), 162 oral cavity (OSCC), and 200 oropharynx (OPC), further stratified based on
the HPV status to avoid its confounding effects. The tumour region in each CT scan was first manually segmented by an expert radiologist. First
order texture features with additional filtrations were then extracted from each segmentation using the TexRAD software (TexRAD; University of
Sussex, Falmer, England) and used in conjunction with patient age, smoking status, drinking status, and tumour T-stage to construct models for
predicting lymph node metastasis. Examples of tumour segmentation with region of interest (ROI) drawn using TexRad are illustrated in Figure 1
for each primary anatomical location of larynx or hypopharynx, oral cavity and oropharynx.

Many challenges arise from the structure of radiomics data. The number of radiomics features is often very large but only a few are expected
to be significant predictors of the tumour response. Therefore, an efficient and reliable variable selection technique is required to select a
reasonable number of radiomics features to be used in prediction of key outcomes such as lymph node metastasis. Variable selection and
prediction should reflect the heterogeneity among tumour sites which has been observed at the histological level and is associated with adverse
clinical outcomes (Sala et al. 2017). In addition, there is a considerable amount of missing data among important predictors such as the HPV status.

The proportion of missing HPV values is much higher among patients with specific tumour sites which further complicates a stratified
analyses. Specifically, HPV status is missing in 55% of the sample, with 175 missing from the LHC, 3 from the OPC and 155 from the OSCC, that
is, about 95% of the total observations with site OSCC (see Figure 2). Note that HPV is considered an important predictor for lymph node
metastasis (Liu et al., 2021). Therefore, given the disproportionate missingness structure, an independent site-stratified inference and prediction

can result in severe loss of information and low statistical power.

3 | MODEL

As discussed above, the radiomics data structure creates unique challenges. These include the size of the feature matrix, the need for site-specific

analysis and the disproportionately large amount of missing data in one of the sites. Therefore, an appropriate analysis should include an effective
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(a) Larynx or hypopharynx (LHC) (b) Oropharynx (OPC) (c) Oral cavity (right)

FIGURE 1 Examples of tumour segmentation using manually placed region of interest (ROI) in three lesions of squamous cell carcinoma:
larynx or hypopharynx (left), oropharynx (middle) and oral cavity (right). The radiomic features are computed from the segmented region in the
image (outlined in a solid blue line), which defines the spatial extent of the tumour
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FIGURE 2 Proportion of observed human papillomavirus (HPV) status by tumour site

and efficient variable selection technique to select the features predictive of the outcome; it should be capable of performing variable selection
separately within sites while borrowing information across sites; and it should deal with missing data such that the uncertainty associated with
the handling of missing values is well-represented in the predictions.

The model presented in this section is a Bayesian hierarchical model with components that deal with the above mentioned challenges.
Missing data are handled by augmenting missing values as unknown parameters that are estimated together with the rest of the model

parameters and the estimation uncertainty is automatically incorporated into the predictions.

3.1 | Site specific inference with information borrowing

The following Bayesian hierarchical model is proposed. Let y4,, and y,,, denote the binary outcomes lymph node metastasis and HPV for patient

n=1,..,N, respectively.

y1n ~ Bernoulli(p1,), Y2, ~ Bernoulli(p,,)
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where,
logit(p1n) = PP2n + Znty + XnP1s,
where p,, is the risk of HPV for patient n that is in turn modelled as
logit(p2n) = zntp +Xnfos, s

where s, =1,...,S are the tumour sites, z,, are a set of C covariates and x,, is the vector of F radiomic features for patient n. The reasoning behind
the above model is that the same set of covariates and features are expected to be predictors of lymph node metastasis and HPV. In addition,
HPV is considered an important predictor for lymph node metastasis. The proposed model aims at capturing these relationships in the simplest
way possible while the dependence of logit(p,,) on the same set of variables has the added benefit of capturing non-linear effects of variables on
lymph node metastasis.

Allowing for feature selection to be performed separately across the three sites introduces F x S coefficients. The notation g; is used to
represent the site-specific set of the radiomics feature coefficients matrix.

Note that, the above model implies that a feature may be a direct or indirect predictor for lymph node metastasis. However, the goal of the
model is to predict lymph node metastasis via direct or indirect predictors and interpretation of selected features under either model is not of
interest.

Inference is made through the joint posterior of model parameters, (¢,11,1,.61.82), where §; and g, include all feature coefficients across the

three sites.

7(h.111,12,81.821¥1, Y2, X, Z) o< z(Y1|d,111,81,112,82, X, Z)
7(Y2ln2,82,X,Z)
7(.11,12,81.82)

where the first two terms on the right hand side constitute the likelihood; y4 is the vector of lymph node metastasis outcomes that depends on
(¢,m1,P4) through the associated risks p1, and on (11,,8,) through the HPV risks p,. Likewise, y; is the vector of HPV outcomes that depends only
on (1,,p,) through p,. The third term on the right hand side is the prior which can be written as the product of the prior distributions over

individual model parameters;
(1, M2:B1,82) X () m(ny ) w(np)m(By ) 7(B2)-

The prior distributions for ¢,7, and 11, are defined as weakly informative normal distributions. The prior distributions of #; and g, are specified as

continuous shrinkage priors that are described in the following section.

3.2 | Feature selection via regularized horseshoe prior

As explained earlier, radiomics feature selection is an important aspect of the problem. While the current data set includes only 36 radiomics
features, the size of the feature matrix can be much larger in other similar data sets. It is therefore crucial to be able to identify the few features
that are useful predictors of the outcome. Another interesting aspect of the problem is that the predictive features can be different across tumour
sites.

Continuous shrinkage priors (Polson & Scott, 2011) are commonly used to perform sparse regression under the Bayesian framework. One of
the most popular shrinkage priors is the horseshoe prior due to its desirable theoretical properties and its good performance in most problems
(Carvalho et al. 2009; 2010). Suppose that ¢;,j=1,...,J represent a large set of model parameters, only a few of which are expected to be non-

zero. The horseshoe prior includes a two-component variance for the model parameters:

0~ N (0,727)
4~C(0,2),

where 7 is a global parameter that controls the shrinkage towards zero and 4; are local scales that allow some of the coefficients to deviate

from zero.
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As Piironen and Vehtari (2017) discuss, however, the horseshoe prior has two main shortcomings - first, lack of a recipe for specifying = or
defining a prior for it to determine the shrinkage level; second, lack of regularization of the non-zero parameter estimates that can cause
convergence issues in case of weak identifiability. The latter issue is in fact a concern in the present application where data are sparse in some
sites, specially as the number of features increases.

Therefore, we use the regularized horseshoe priors proposed by Piironen and Vehtari (2017), but allow for site-specific hyper-parameters to
perform site-specific radiomics feature selection while borrowing information across sites. The coefficients, g .f=1,...F,s,=1,2,3, of the

radiomics features are assigned the following prior distribution,

~2
Brs, ~N(0,722,.)
~2 CZA%S"
2+ 121?5"

fsn —

where

Afs, ~CT(0,1),

2, vV

c Ig(z'zs ) 1)
7~C"(0,70).

Similar to the horseshoe priors, the shrinkage towards zero is imposed by the global parameter = which is shared across sites as there is no
reason to define varying shrinkage parameters under different sites. The parameters Jg,, however, are local scales that allow different sets of
coefficients to be far from zero under different sites. The regularization is defined by an additional level of hierarchy over the local scales which
prevents the non-zero estimates from taking extremely large values; for a given value of ¢, if 12,1?5" > c2, the corresponding coefficient is non-zero
and the prior approaches a Gaussian distribution with variance c 2. The prior will therefore behave like the horseshoe for large values of ¢ ? while
small ¢ 2 imposes more regularization. In absence of information that could be used to specify ¢ 2, Piironen and Vehtari (2017) recommend placing

a prior on ¢ 2 as in (1) which when integrated over c ? results in a Student-t, (0,s2) distribution over the Prs, -

3.3 | The handling of missing data

As mentioned earlier, a considerable portion of the patients have missing HPV outcomes. The percentage of missing HPV values is disproportion-
ately high in two of the sites (see Figure 2). We approach inference in the presence of missing data in a fully Bayesian framework, that is, by
augmenting the HPV data with the unknown values of HPV and estimating the missing values together with the rest of the model parameters.

Since posterior sampling is performed in Stan where it is currently not possible to sample discrete parameters, the missing HPV values are
marginalized out of the posterior distribution. The posterior uncertainty of the risks associated with missing values is then automatically
incorporated into the estimation of lymph node metastasis regression parameters and predictions.

4 | ANALYSIS RESULTS

We apply the proposed model to the data set described in Section 2. The results are presented as the posterior estimates for the model
parameters together with 95% credible intervals; as well as summary of prediction performance.

The first set of model parameters that we focus on are the coefficients of radiomics features, f's, in the HPV and lymph node metastasis
model. Figures 3 and 4 show the point estimates and 95% credible intervals of these parameters by tumour site for the HPV and lymph node
metastasis, respectively. The greater estimation uncertainty for the coefficient estimates of the HPV model associated with the OSCC site reflects
the high portion of missing values under this site. Overall, only a handful of radiomics features are selected by the shrinkage prior to predict lymph
node metastasis and HPV. The selected features vary by tumour site.

Figure 5 shows point estimates (posterior median) and 95% credible intervals for the covariate coefficients in the lymph node metastasis
model representing the log odds ratio. For drinking and smoking variables, “heavy drinking* and “current smoking” are selected as reference
categories, respectively. According to these estimates only non-drinkers have a significantly lower odds of lymph node metastasis in comparison
to heavy drinkers. HPV status is clearly a significant predictor; positive HPV status appears to be associated with three times higher odds of lymph

node metastasis. Finally, the patients in the first two tumour T-stage groups have a significantly lower risk of lymph node metastasis.
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FIGURE 5 Point estimates (posterior median) and 95% credible intervals for the covariate coefficients in the lymph node metastasis model
representing the log odds ratio. For drinking and smoking variables, “heavy drinking“ and “current smoking” are selected as reference categories,
respectively
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FIGURE 6 Comparison of the cross-validated Receiver Operating Curves for predicting lymph node metastasis. FPR: false positive rate; TPR:
true positive rate. (a) Posterior draws using our proposed sparse Bayesian model. The AUC varies from 0.75 to 0.81. (b) The cross-validated AUC
[95% Cl] is 0.78 [0.74, 0.82] for Random Forests, and 0.69 [0.65, 0.74] for the Multi-task Lasso. Confidence intervals were calculated using the
Delong approach (DelLong et al. 1988)

into 50 disjoint subsets such that the proportion of observed to missing HPV status remains approximately the same as that in the full data set in
all subsets. This, in turn, guarantees similar missingness structure in the training sets. At every cross validation iteration one of the 50 subsets is
held out as a test set while the other 49 are used to train the model and predict the lymph node metastasis for patients in the test set. The
50 predicted subsets are then combined and compared to the observed data resulting in the ROC curves that show the percentages of false
positive and true positive predictions for a sequence of prediction thresholds. The Area Under the Curve (AUC) corresponding to this sample of

ROC curves varies between 75% and 81% and is reported in the title of the graph as a summary measure of prediction performance.
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4.1 | Comparison with two frequentist methods

We compared our approach with two frequentist methods: (1) the Multi-task Lasso (Caruana, 1997) and (2) Random forests (Breiman, 2001).
The Multi-task Lasso extends the lasso (Tibshirani, 1996) to borrow information across a set of different learning tasks. This approach allows
the effect of each feature to vary by task while controlling the overall sparsity of the model. In our application, we used the three tumour
sites as different tasks along with the exact same radiomics features and covariates described in Section 2. The model was fit using the RMTL
package version 0.9 (Cao et al. 2019). We also applied random forests to our data which is a machine learning approach that can account for
nonlinearity and different levels of interactions between features. Since there is no explicit modelling of site specific effects, we included the
tumour site in the model (in addition to radiomics features and covariates). The model was fit using the ranger package version 0.12.1
(Wright & Ziegler, 2017). Note that both of these approaches do not allow for missing values; therefore, we performed single imputation using
the mice package version 3.11.0 (Van Buuren & Groothuis-Oudshoorn, 2011). We report the prediction performance using the same cross-
validation approach in Figure 6b. Confidence intervals were calculated using the DelLong approach (Delong et al. 1988). The cross-validated
AUC [95% CI] is 0.69 [0.65, 0.74] for the Multi-task Lasso, and 0.78 [0.74, 0.82] for Random Forests. While the performance for Random
Forests is similar to our proposed approach, we note that these confidence intervals do not account for the imputation step and thus are
likely to be overoptimistic. This also suggests that the proposed functional form of the relationship between the response and features is

reasonable.

5 | DISCUSSION

We have proposed a Bayesian hierarchical predictive model to analyse complex and high dimensional radiomics features together with a set of
covariates to predict lymph node metastasis in HNSCC. The novelty of the proposed model is in dealing with multiple challenging issues within a
unified framework. Namely, variable selection, missing data imputation and prediction are performed simultaneously within the proposed model.

The main advantage of integrating variable (feature) selection and missing data handling together with estimation and prediction, over existing
ad-hoc multi-step procedures, is adequate representation of uncertainty in the final results. The two main sources of uncertainty are the feature
selection step and imputation of missing data. Both of these layers of uncertainty are ignored in the machine learning procedures currently in use
due to lack of a formal mechanism for incorporating the uncertainty.

The performance of the model is assessed through a 50-fold cross-validation which partitions the data set into 50 subsets that have similar
proportions of missing to observed HPV status. The reason for the specific partitioning method is that the proportion of missing to observed data
can drastically affect the estimation and prediction uncertainty. This, of course, means that for a different data set with different missingness
structure the model may have a better or worse prediction performance.

We compared the prediction performance of our sparse Bayesian model with the Multi-task Lasso and Random Forests. We performed single
imputation on the data set because both frequentist methods required complete data. The Multi-task Lasso performed significantly worse, while
Radom Forest had a similar AUC to our approach. These results suggest that a simple linear relationship between the response and features is
comparable to a more complex one. A limitation of both methods is that there is no clear way to incorporate uncertainty of the imputation
procedure into parameter estimation, likely leading to overoptimistic measures of uncertainty. Furthermore, Random Forests do not provide site
specific effect estimates; they give only feature importance measures which require arbitrary thresholds for determining significance.

As stated earlier, the proposed model is expected to handle high-dimensional feature matrices. This is not demonstrated via the present
application, however, since the feature matrix includes only 36 radiomics features. To verify the capability of the model, we artificially generated
additional 164 features as select two-way interactions of the 36 features, resulting in 200 features in total, and assessed the convergence as well
as prediction performance of the model that incorporated these additional features. The posterior AUC of this model was between 0.81 and 0.87
pointing to a satisfactory prediction performance. Note, however, that the higher AUC in comparison to that presented in the paper is due to the

fact that these are not cross-validated due to higher computational burden of a model with a larger number of features.
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