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Abstract 

Radiomics and dosiomics as two kinds of imaging features are widely used for machine learning-based 

prognosis prediction in adaptive radiotherapy. Feature selection and modeling are two main components in the 

radiotherapy prognosis prediction pipeline. So far, few studies have considered both the stability and 

discrimination ability of the features at the stage of feature selection. Also, in the modeling phase, to fuse 

radiomics and dosiomics features, most works have only directly concatenated radiomics or dosiomics features 

as inputs into a model, which may omit the complementary information across different omics. Additionally, 

overfitting is a common issue when the training data is not enough or contains noises. To solve these problems, 

in this study, we have developed a novel machine learning-based pipeline and applied it to predict radiation 

pneumonitis for stage III non-small cell lung cancer patients under medical Internet of Things. The 

contributions contain the following: in the feature selection phase, a decision criterion which considers both 

the feature stability and feature discrimination is developed to determine appropriate feature selection methods; 

in the modeling phase, we have developed a non-sparse multi-kernel learning method with manifold 

regularization for multi-omics fusion, which can fully explore patterns from both radiomics and dosiomics 

features and reduce overfitting coincidently. Experimental results show that the decision criterion works 

effectively for feature selection method selection. Compared to direct feature concatenation, the proposed 

multi-kernel fusion strategy performs better. Moreover, manifold regularization can alleviate the overfitting 

problem. 
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1. Introduction 

Radiotherapy remains the recommended treatment for most patients with stage III non-small cell lung 

cancer (NSCLC) [1, 2]. Although radiotherapy is effective in killing tumor cells, high doses of radiation 

can cause acute lung damage [3]. Radiation pneumonitis is an acute lung injury induced by radiation, 

which is manifested in serous fibrous exudating and forming a transparent film in alveolar cavities, 
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resulting in edema, thickening alveolar walls and shedding bronchiolar epithelium. Adaptive radiotherapy 

(ART) as the latest radiotherapy technology, refers to the process of replanning radiotherapy according 

to the response of patients in the radiotherapy process. ART aims to monitor the changes in the tumor 

target in real time through medical imaging technologies during radiotherapy and to reset the radiotherapy 

plan. It has significantly reduced radiation toxicity according to the imaging features of patients in the 

treatment [4]. However, current ART is directly based on the imaging features of patients, which cannot 

provide a very timely and accurate radiotherapy plan. Therefore, accurate radiotherapy prognosis 

prediction (e.g., radiation pneumonitis prediction in this study) based on imaging features is very 

important for ART.  

Radiomics and dosiomics are two major imaging features that have been proven to be significantly 

correlated with radiotherapy prognosis [5–8]. With the development of artificial intelligence [9, 10], a 

standard machine learning pipeline for radiomics or dosiomics-based radiotherapy prognosis prediction 

consists of feature extraction, feature selection (FS), and modeling. So far, many studies focused on FS 

and modeling. For example, regarding FS, Yu et al. [6] proposed an ensemble-model-based iterative FS 

strategy to determine the predictive radiomics feature set. The core FS method of this strategy is least 

absolute shrinkage and selection operator (LASSO). Zhang et al. [5] directly used maximum relevance 

minimum redundancy (mRMR) combined with cross-validation to select discriminant radiomics features. 

As opposed to Yu et al. [6] and Zhang et al. [5], Zhou et al. [11] proposed a multi-objective-based FS 

method to select radiomics features that considers both sensitivity and specificity. In addition to 

supervised methods, Zhang et al. [12] proposed an unsupervised hierarchical clustering method combined 

with three FS metrics to reduce irrelevant radiomics features. Although the above-mentioned strategies 

have achieved great success in FS, we should bear in mind how sensitive each FS method is in relation 

to small changes in the training data. That is, it is highly expected that the feature subset is almost static 

with respect to data changes. Therefore, we need a strategy to evaluate the stability of FS. Regarding 

modeling, Li et al. [13] employed the support vector machine (SVM) and artificial neural network (ANN) 

to model radiomics features extracted from T2-weighted magnetic resonance (MR) images. Vallieres et 

al. [14] used a random forest to build prediction models based on radiomics features extracted from 

computerized tomography (CT) images. From these studies, it is found that the radiotherapy prognosis 

prediction is usually considered a binary classification problem. Therefore, the large margin criterion is 

often dominant in modeling, which claims that the margin between the two classes is expected to be as 

large as possible. Although this criterion allows the model to learn a discriminative transform matrix, it 

also often excessively fits the labels and thus causes overfitting. In addition to radiomic features, in [7, 

8], dosiomics features were also involved for radiotherapy prognosis prediction. But in these studies, both 

radiomics and dosiomics features were directly concatenated as inputs for modeling. As indicated in [15], 

direct feature concatenation may omit the complementary information contained in different omics.  

Through the above analysis of FS and modeling, it is found that there are still some issues that need to 

be further addressed, which are summarized as follows:  

(1) In the FS phase, in addition to strong discrimination of selected features, the feature stability is 

also a factor that needs to be considered. Therefore, a strategy to evaluate the stability of FS is 

required. 

(2) In the modeling phase, direct concatenation of both radiomics and dosiomics features cannot make 

full use of complementary information contained in different omics. Therefore, we need a new 

model to explore the complementary information across radiomics and dosiomics features. 

Additionally, the new model should have mechanisms to alleviate the overfitting problem.  

To address the above two issues, for this study, we have developed a new machine learning pipeline 

for radiation pneumonitis prediction and embedded it into the treatment planning system under the 

medical Internet of Things (IoT) [16–18]. The main contributions are summarized as follows. 

(1) In the FS phase, a decision criterion which considers both the stability and discrimination ability 

of the features is developed to determine appropriate FS methods;  
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(2) In the modeling phase, we have developed a non-sparse multi-kernel learning method with 

manifold regularization for multi-omics fusion, which can fully explore patterns from both 

radiomics and dosiomics features and alleviate the overfitting problem coincidently. 

The following sections are organized as follows. In Section 2, we state data preprocessing including 

patient characteristics and feature engineering, while in Section 3, we present our multi-kernel fusion 

method. In Section 4, we report our experimental results, and in Section 5, we conclude this study. 

 

2. Data Preprocessing 

2.1 Patient Characteristics 

The study was approved by the Hospital Ethical Committee of the Affiliated Cancer Hospital of 

Zhengzhou University (Protocol Code 2022-001-002). We retrospectively collected clinical and 

radiotherapy data of NSCLC patients with stage IIIA/B in the institution from 2015 to 2019. All patients 

received curative (chemo-)radiotherapy with a prescribed dose of 50–72 Gy and a fractional dose of 1.8–

2.0 Gy (5 days/week) using the 6 MV intensity-modulated radiotherapy technique. Patients who have 

received chest radiotherapy before lung cancer treatment were excluded. Radiation pneumonitis was 

graded following the Common Terminology Criteria for Adverse Events version 4.0 (CTCAE v4.0) by 

physicians with more than 5 years of experience. In the study, severe acute radiation pneumonitis was 

targeted, which is defined as an event (grade ≥ 2) that has occurred within the 6-month post-radiotherapy 

commencement (Table 1). 

 

Table 1. The overall characteristic information of all patients 

Characteristic Overall (n=126) p-value 

Sex  0.04 

Male 109 (86.5)  

Female 17 (13.5)  

Age (yr) 61 (29–82) 0.67 

Pathology  0.46 

Squamous cell carcinoma 79 (62.7)  

Adenocarcinoma 42 (33.3)  

Others 5 (4.0)  

RT dose (Gy) 60 (50–70) 0.94 

Smoking  0.23 

Activity or former 97 (77.0)  

Never 29 (23.0)  

Overall stage  0.23 

IIIA 80 (63.5)  

IIIB 46 (36.5)  

Treatment method  0.97 

Sequential chemoradiotherapy 83 (65.9)  

Concurrent chemoradiotherapy 42 (33.3)  

Radiotherapy 1 (0.8)  

Adaptive radiotherapy 54 (42.9)  

Acute radiation pneumonitis 64 (50.8)  

Values are presented as number (%) or median (range). 

 

The pre-treatment planning CT images, planning dose distributions, and lung segmentations were 

collected from the treatment planning system. All CT images were scanned on the Brilliance Big Bore 

CT scanner (Philips Electronics, Eindhoven, Netherlands) with a 3-mm slice thickness. The dose grid 



Page 4 / 16                                  Radiation Pneumonitis Prediction Using Multi-Omics Fusion Based on a Novel Machine Learning Pipeline 

size was set at 3 mm in the dose calculation, and the lung volumes were contoured by a radiologist with 

more than 5 years of experience. 

 

2.2 Extraction of Radiomics and Dosiomics Features 

In the study, 4,610 radiomics features are calculated using the Python package pyradiomics [19] from 

the pre-treatment planning CT image for the whole lung region. All radiomics features can be organized 

into three categories specified as first-order statistical category, three-dimensional (3D) shape-based 

category, and textural category. The first-order statistical category contained 19 features describing the 

distribution of voxel intensities within the region of interest (ROI). The shape-based category with 16 

descriptors represents the 3D size and shape of ROI. For the textural category owing 75 elements, it is 

used to characterize the distribution of gray levels inside ROI. The original image and 11 filtered images 

are employed to calculate the first-order and higher-order features, resulting in a total of 27,660 radiomics 

features. The image filters include three Laplacian-of-Gaussian filters (sigma=1, 3, 6 mm) and eight 

wavelet filters with exhaustive combinations of high and low-pass filtering along each imaging axis. All 

the images are discretized into fixed bin counts by five different bin count numbers (20, 50, 100, 150, 

200).  

The dose features included in this study were commonly used in previous research. They are 

categorized into scale-invariant 3D dose moments, dose-volume histogram (DVH) dosimetric factors, 

and dosiomics features. 

Scale-invariant 3D dose moments: They describe the weighted dose center within the organ-at-risk 

(OAR) volume with varying orders along with anterior-posterior, medial-lateral, and craniocaudal 

directions. In this study, the maximum order (3) is chosen for each dimension, resulting in 64 possible 

combinations of orders. Since the order (0, 0, 0) results in a constant value (1), a total of 63 dose moments 

are included in the dosiomics feature set. 

DVH dosimetric factors: DVH summarizes the dose accumulation within a volume. It is defined as 

the isodose volume at varying levels of doses and is widely used in the clinic for convenient dose 

comparisons. DVH dosimetric factors, which are the dose values at specific volumes or volume values 

at specific doses, are commonly used as the evaluation metrics for plan quality assessment. In this study, 

we selected dose values (Gy) at multiple relative volumes from 0 to 1 and volume values at multiple 

relative and absolute dose values on the DVH curve. 

Dosiomics: A total of 91 first-order and higher-order radiomics features are extracted from the dose 

map to describe the dose histogram statistics and dose texture. Only the original dose map is employed 

without further preprocessing.  

In total, 213 dose features for each subregion and the whole lung region are extracted. 

 

2.3 Selection of Radiomics and Dosiomics Features 

After feature extraction, we finally obtain 4,610 radiomics and 213 dosiomics features. Since the 

number of features is significantly higher than the number of patients (216 persons in our study), when 

machine learning models are applied to the high-dimensional data, a critical issue is known as the curse 

of dimensionality, which refers to the phenomenon where data that becomes sparse in high-dimensional 

space may occur [20]. Therefore, in this study, we need an FS strategy to reduce redundancy and 

irrelevancy for the modeling phase. Moreover, feature stability is also an important factor that should be 

considered during the FS phase. If the FS methods are not very stable, the selected biomarkers are 

turbulent as well. Fig. 1 shows our FS strategy. 

In [20], the authors shared a python package containing 33 methods for FS, in which supervised 

methods are used for irrelevancy reduction and unsupervised methods are used for redundancy reduction. 

In our study, we tried all methods and set an exclusion criterion for FS method selection. The exclusion 

criterion contains the following:  
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1) If the AUC value of a FS method is lower than 0.5, the method is excluded.  

2) If the running time of one try of a FS method is more than 30 minutes, the method is excluded. 

 

  
(a) (b) 

Fig. 1. Feature section strategy: (a) SU combination and (b) decision graph. 

 

Based on the exclusion criterion, we finally select four supervised methods—S1 (F score [21]), S2 (T 

score [20]), S3 (ReliefF [22]), S4 (Fish score [20])—and six unsupervised methods—U1 (Lap_score 

[20]), U2 (SPEC [20]), U3 (MCFS [20]), U4 (NDFS [20]), U5 (UDFS [20]), U6 (Person_score [20])—

for our following experiments. To determine the best supervised and unsupervised (SU) combination for 

redundancy and irrelevancy reduction, we fully generate 24 different SU combinations, as shown in Fig. 

1(a). In addition, it is expected that the selected features are stable in different tries. Therefore, according 

to [23], we introduce a frequency-based criterion to measure the stability of each SU combination. Let’s 

suppose we have a binary matrix Z that can be defined as: 
 

𝒁 = [

𝑧11 𝑧12 . . . 𝑧1𝑑

𝑧21 𝑧22 . . . 𝑧2𝑑

. . . . . . . . . . . .
𝑧𝑀1 𝑧𝑀2 . . . 𝑧𝑀𝑑

] (1) 

 

where each row represents the feature selection result of the d features in response to a SU combination 

in one try. As an example, 𝑧𝑀𝑑 = 1 means that the d-th feature in the M-th try is selected. Then the 

stability based on the frequency-based criterion can be defined as: 
 

𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝒁) = 1 −
1

𝑑
∑ [

𝑀

𝑀−1
(

1

𝑀
∑ 𝑧𝑖𝑓

𝑀
𝑖=1 )(1−

1
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∑ 𝑧𝑖𝑓

𝑀
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1
𝑀

∑ ∑ 𝑧𝑖𝑓
𝑑
𝑓=1

𝑀
𝑖=1

𝑑
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𝑀

∑ ∑ 𝑧𝑖𝑓
𝑑
𝑓=1

𝑀
𝑖=1

𝑑
)

, (2) 

 

which ranges from 0 to 1. The greater the value, the better the stability will be. 

Fig. 1(b) shows the decision graph for each SU combination in which the combination with the highest 

AUC*Stability is selected as the final SU combination for redundancy and irrelevancy reduction. 

 

3. Multi-Kernel Fusion with Manifold Regularization 

In [24], based on the criterion of least square and manifold learning, a regression model was proposed 

to overcome the overfitting problem. But the proposed model is linear, so it is limited in dealing with 

nonlinear data. Additionally, the proposed model cannot be directly used for multi-modal data fusion. 

Therefore, in this section, we will extend the model proposed in [24] to a multi-kernel version for multi-

modal nonlinear medical data fusion. 

 

3.1 Ridge Regression with Manifold Regularization 

Ridge regression (RR) has been widely used in many fields of machine learning and pattern recognition 

due to its mathematically tractable and efficient characteristics [25, 26]. Let’s suppose we have a training 
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set {𝑿, 𝒚}, where 𝑿 ∈ 𝑅𝑁×𝑑, 𝒀 ∈ 𝑅𝑁×𝐶, while N is the size of the training set, and C is the number of 

classes. Then the objective function of RR can be expressed as follows: 
 

𝑚𝑖𝑛
𝑨

‖𝑿𝑨 − 𝒀‖𝐹
2 + 𝜆‖𝑨‖𝐹

2 , (3) 

 

where 𝑨  is the transformation matrix. When RR is applied to classification tasks, margins between 

different classes are expected to be as large as possible after 𝑿 ∈ 𝑅𝑁×𝑑 is transformed into 𝒀 ∈ 𝑅𝑁×𝐶 . 

This criterion can very easily cause overfitting when the distribution of the training data is sparse or the 

training data has noisy samples or outliers. To solve this problem, many efforts have been done and 

achieved great success. As one representative work, Fang et al. introduced manifold learning to find a 

new space in which the transformed samples well-preserve the intrinsic geometry structure of the original 

input samples [24]. They assumed that samples sharing the same labels should be kept as close as possible 

after they are transformed. To achieve this goal, Fang et al. designed an objective function [24] expressed 

as: 

𝑚𝑖𝑛
𝑓

∑ ∑ ‖𝑓(𝒙𝑖) − 𝑓(𝒙𝑗)‖
𝐹

2𝑁
𝑗=1

𝑁
𝑖=1 𝑾𝑖𝑗, (4) 

 

where 𝑾𝑖𝑗 is used to capture the relationship of samples 𝒙𝑖 and 𝒙𝑗. 𝑾𝑖𝑗 is defined as follows: 

 

𝑾𝑖𝑗 = {𝑒−
‖𝒙𝑖−𝒙𝑗‖

2

𝜎
   if 𝐱𝑖 and 𝐱𝑗 are in the same class  

0                                                 otherwise

. (5) 

 

𝑓(𝒙𝑖) = 𝒙𝑖𝑨 in (4) represents the transformed result of 𝒙𝑖 by the transformation matrix 𝑨.Therefore, 

we can find that the minimization of objective function defined in (4) actually ensures the fact that if any 

two samples in the feature space share the same label, then when they are transformed into the label space, 

they are kept close together. By substituting 𝑓(𝒙𝑖) = 𝒙𝑖𝑨 and (5) to (4), manifold regularization in (4) 

can be updated as follows: 
 

𝑚𝑖𝑛
𝑨

tr(𝐀𝑇𝑿𝑳𝑿𝑨), (6) 

 

where 𝑳 denotes the Laplacian matrix.  

Therefore, the objective function of RR with manifold regularization can be expressed as follows: 
 

𝑚𝑖𝑛
𝑨

‖𝑿𝑨 − 𝒀‖𝐹
2 + 𝛾tr(𝐀𝑇𝑿𝑳𝑿𝑨), (7) 

 

where 𝛾 is a regularized parameter. Please note that since all training samples are used to learn the 

transformation matrix 𝑨 , the regularization term ‖𝑨‖𝐹
2  is removed in (3). Hence, the burden of 

parameter tuning is reduced. 

 

3.2 Kernelization and Fusion 

Most medical data is very complex and nonlinear, which limits the application of RR. What’s more, 

in the field of radiotherapy, radiomics and dosiomics both contain useful omics-patterns that can be used 

for prognosis prediction. Therefore, how to fuse them in a kernelized feature space is very important. In 

this section, we will derive the kernelized version of RR to tackle the nonlinear and multi-omics fusion 

problems.  

The pivotal difference between RR and kernel ridge regression (KRR) [27] is that features used in 

KRR are represented in the reproducing kernel Hilbert space (RKHS), and coincidently represented in 

the original feature space in RR. Let’s suppose we have a nonlinear function 𝜑(𝒙): 𝑅𝑑 → 𝑅𝐾𝐻𝑆 that can 

map the input features 𝒙 = [𝑥1, 𝑥2, . . . , 𝑥𝑑]𝑇 from 𝑅𝑑 to RKHS, and a positive semidefinite kernel-Gram 

matrix 𝑲 ∈ 𝑅𝑁×𝑁, where each matrix element is denoted as the inner product between any two input 
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samples represented in RKHS. However, in practice, finding an appropriate 𝜑() is difficult or even 

impossible. Thus, by introducing kernel techniques, the inner produce is always replaced by a specific 

kernel function. That is, 𝑲𝑖𝑗 = 𝑘(𝒙𝑖 , 𝒙𝑗), where 𝑘 is a specific kernel function, e.g., the Gaussian kernel 

function, polynomial kernel function, etc. In addition, according to [24], in RKHS, the solution to 𝑨 can 

be expressed as a linear combination of training samples, that is, 𝑨 = (𝑿𝜑)𝑇𝑮 , where 𝑮 =

[(𝒈1)𝑇, (𝒈2)𝑇, . . , (𝒈𝑁)𝑇] can be considered as a new transformation matrix in RKHS. With the above 

definitions, the objective function in (7) can be updated as: 
 

𝑚𝑖𝑛
𝑮

‖𝑿𝜑(𝑿𝜑)𝑇𝑮 − 𝒀‖
𝐹

2
+ 𝛾tr(𝐆𝑇𝑿𝜑(𝑿𝜑)𝑇𝑳𝑿𝜑(𝑿𝜑)𝑇𝑮) 

= 𝑚𝑖𝑛
𝑮

‖𝑲𝑮 − 𝒀‖𝐹
2 + 𝛾tr(𝐆𝑇𝑲𝑇𝑳𝑲𝑮) 

(8) 

 

To achieve multi-omics fusion, based on (8), we suppose that the kernel matrix 𝑲 can be expressed as 

a linear combination of several different types of kernel matrices, that is, 𝑲 = ∑ 𝛼𝑚𝑲𝑚
𝑀
𝑚=1 , where 𝛼𝑚 is 

the kernel combination coefficient. In order to fully explore the complementary information contained in 

each omics-pattern, we impose a constraint on 𝜶 = [𝛼1, 𝛼2, . . . , 𝛼𝑀]𝑇 to get a non-sparse distribution. By 

substituting 𝑲 = ∑ 𝛼𝑚𝑲𝑚
𝑀
𝑚=1  into (8), we have the following: 

 

𝑚𝑖𝑛
𝑮,𝜶

‖∑ 𝛼𝑚𝑲𝑚

𝑀

𝑚=1

𝑮 − 𝒀‖

𝐹

2

+ 𝛾tr(𝐆𝑇(∑ 𝛼𝑚𝑲𝑚

𝑀

𝑚=1

)𝑇𝑳(∑ 𝛼𝑚𝑲𝑚

𝑀

𝑚=1

)𝑮) 

𝑠. 𝑡. 𝑠 . 𝑡. ‖𝜶‖𝑝
2 ≤ 1, 𝑝 > 1 

(9) 

 

Compared to the proposed model in [24] and the sparse kernel weighting strategy used in [10], the 

innovation of our method can be refined as follows: 

1) We extend the proposed model in [24] to a multi-kernel version, so that our method not only inherits 

the merits of the model in [24], but also the training patterns can be observed from different types of 

kernel windows in the reproducing kernel Hilbert space. In this way, more detailed recognition patterns 

are expected to be found. 

2) In contrast to the sparse kernel weighting strategy which focuses on few modalities, we introduce 

p-norm (p>1) regularization to act on kernel weight learning. In this way, the complementary patterns 

across different modalities are expected to be explored. 

 

3.3 Optimization and Algorithm 

The optimization of (9) can be implemented by alternate iteration of 𝑮 and 𝜶. When 𝜶 is given, 𝑮 has 

a closed-form solution that can be derived by setting the partial derivation of (9) in relation to 𝑮 to 0. 

Therefore, we have the following: 
 

𝑮 = (𝛾(∑ 𝛼𝑚𝑲𝑚

𝑀

𝑚=1

)𝑇𝑳(∑ 𝛼𝑚𝑲𝑚

𝑀

𝑚=1

) + (∑ 𝛼𝑚𝑲𝑚

𝑀

𝑚=1

)𝑇(∑ 𝛼𝑚𝑲𝑚

𝑀

𝑚=1

))−1((∑ 𝛼𝑚𝑲𝑚

𝑀

𝑚=1

)𝑇𝒀) (10) 

 

Similarly, when 𝑮 is given, 𝜶 has a closed-form solution that can be derived by setting the partial 

derivation of (9) in relation to 𝜶 to 0. Therefore, we have the following:  
 

𝛼𝑚 = (𝑮𝑇𝑲𝑚𝑮)
1

𝑝+1(∑ (𝑮𝑇𝑲𝑚′𝑮)
𝑝

𝑝+1𝑀
𝑚′=1 )

-1

𝑝 . (11) 

 

With the two rules in (10) and (11) in relation to 𝑮 and 𝜶, the algorithm of multiple kernel fusion with 

manifold regularization (MRMKF) can be deduced with the related steps listed in Algorithm 1. 

The time complexity of MRMKF mainly consists of two parts. The first one entails 𝑳  and 𝐊𝑚 

computation, and the second one 𝜶  and 𝑮  computation. The asymptotic time complexity of 𝑳  and 
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𝐊𝑚 computation is 𝑂(𝑁2), which is the size of training samples. The asymptotic time complexity of 𝜶 

and 𝑮 computation is 𝑂(𝑁3). Therefore, the asymptotic time complexity of MRMKF is 𝑂(𝑁3). 

 

Algorithm 1. Multiple kernel fusion with manifold regularization (MRMKF) 

Input: Training set 𝐷 = {𝒙𝑖 , 𝑦𝑖}𝑖=1
𝑁 , regularized parameters 𝛾 and 𝑝,  

Output: Kernel coefficient 𝜶 and transformation matrix 𝑮 

Procedures: 

Step 1: Compute the Laplacian matrix 𝑳 based on (5) 

Step 2: Compute the kernel matrix 𝐊𝑚  

Step 3: Set t=0 

Step 4: Randomly initialize 𝑮 as 𝑮(0) 

Repeat 

Step 5: 𝑡 ← 𝑡 + 1 

Step 6: Compute 𝑮(𝑡) based on (10) 

Step 7: Compute 𝜶(𝑡) based on (11) 

Until (t==iterMax) or ‖𝑮(𝑡) − 𝑮(𝑡−1)‖
2

< 𝜉 or ‖𝜶(𝑡) − 𝜶(𝑡−1)‖
2

< 𝜉 

 

4. Experimental Study 

4.1 Settings 

The workflow of determining the best SU combination for redundancy and irrelevancy reduction is 

shown in Fig. 2. For starters, the bootstrap strategy is used to partition each omics data into “bootData” 

and “OOBData,” where “bootData” is used for training and “OOBData” for testing [28]. As we can see, 

both supervised and unsupervised FS methods are combined to select features in this workflow. After 

FS, RR is selected as the classifier for modeling. This procedure is repeated M times for stability 

evaluation. 

 

 

Fig. 2. Workflow process for the best SU combination for feature redundancy and 

irrelevancy reduction. 

 

After we determine the best SU combination for feature redundancy and irrelevancy reduction, we use 

the workflow (Fig. 3) to evaluate the proposed model. For starters, the patient cohort is divided into a 

training set (70%) and testing set (30%). In phase 1, for each omics in the training set, we further partition 

it into a training set (70%) and validation set (30%), where the validation set is used to determine the best 

model. That is, the best model (optimal feature set) is obtained by finding the best validation AUC. When 

the best model for both radiomics and dosiomics are obtained, we further use the best SU combination to 

reduce redundancy and irrelevancy that may exist in both radiomics and dosiomics. In phase 2, we use 

our proposed method to fuse the radiomics and dosiomics features. 



Human-centric Computing and Information Sciences                                                                                                                          Page 9 / 16 

 

R
ad

io
m

ic
s

(t
ra

in
in

g 
se

t)
D

o
si

o
m

ic
s

(t
ra

in
in

g 
se

t)

Training set
(original features)

Validation set
(original features)

Feature selection by the 
best combination

Model training

Model testing

A
U

C

Number of features

Validation AUC
Training AUC
Best model

Training set
(original features)

Validation set
(original features)

Feature selection by 
the best combination

Model training

Model testing

A
U

C

Number of features

Validation AUC

Training AUC
Best model

Training
(Multi-kernel learning-

based multi-omics fusion)

Feature selection by 
the best combination

R
ad

io
m

ic
s

(t
e

st
in

g 
se

t)

D
o

si
o

m
ic

s
(t

e
st

in
g 

se
t)

Testing
(Multi-kernel learning-

based multi-omics fusion)

A
U

C

Number of features

Testing AUC

Training AUC

Phase 1 Phase 2
 

Fig. 3. Workflow process of multi-omics fusion. 

 

Regarding multi-omics fusion in phase 2, the “all-single” strategy for multi-kernel learning is 

adopted [15]. Because this strategy considers the contribution of both combined features and single 

features, as shown in Fig. 4. “A” denotes the feature combination of radiomics or dosiomics features, 

“S” denotes one single feature, and “KM” denotes the kernel matrix. As an example, let’s suppose we 

have a dataset with four patients, each patient has three radiomics features and three dosiomics 

features, then this dataset can be expressed as [𝑥𝑖1
(𝑚)

, 𝑥𝑖2
(𝑚)

, 𝑥𝑖3
(𝑚)

]𝑖=1,2,3,4,𝑚=1,2, “A” can be represented as 

[𝑥𝑖1
(1)

, 𝑥𝑖2
(1)

, 𝑥𝑖𝑑
(1)

, 𝑥𝑖1
(2)

, 𝑥𝑖2
(2)

, 𝑥𝑖𝑑
(2)

]𝑖=1,2,3,4, and “S” can be represented as [𝑥𝑖𝑗
(𝑚)

]𝑖=1,2,3,4,𝑚=1,2,𝑗=1,2,3. In our 

study, we select the Gaussian kernel taking {0.5, 1, 2, 5, 7, 10, 12, 15, 17, 20} as the kernel parameters 

and the polynomial kernel taking {1, 3, 5} as the kernel parameters for multi-kernel fusion. Therefore, 

finally we have 91 kernel matrices, and the multi-kernel learning aims to learn the weights of these 91 

kernel matrices. 

 

Gaussian kernel functions 
[0.5 1 2 5 7 10 12 15 17 20]

Polynomial kernel functions
[1 2 3]

A S S S... A S S S...

KM KM KM KM KM KM KM KM KM KM KM KM

KM

... ... ... ...

 

Fig. 4. All-single fusion strategy. 

 

4.2 Experimental Results  

In this section, we will report our experimental results from four aspects: selection of a SU combination, 

validation of radiomics and dosiomics, modeling of multi-omics, and parameter sensitive analysis.  

 

4.2.1 Selection of a SU combination 

Fig. 5 shows the decision results of a SU combination in terms of AUC*Stability. In Fig. 5(a), we see 

that both S2U1 and S4U6 achieve the highest AUC*Stability (0.50), which means that S2U1 and S4U6 

keep the best balance between feature stability and prediction performance. Therefore, in the modeling 
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phase, we can choose either S2U1 or S4U6 as the best SU combination for supervised and unsupervised 

radiomics FS. In Fig. 5(b), we see that S4U6 achieves the highest AUC*Stability (0.51). Accordingly, 

S4U6 is used to select dosiomics features. 

 

    

(a) (b) 

Fig. 5. Decision results of SU combination in terms of AUC*Stability:  

(a) radiomics and (b) dosiomics. 

 

4.2.2 Validation of radiomics and dosiomics 

Fig. 6 shows the validation results in term of AUC on radiomics and dosiomics, respectively. As shown 

in Fig. 3, we can get the best model on each omics by finding the best validation performance. Therefore, 

from Fig. 6(a) and 6(b), we see that the first five features (best feature set) response to the best model on 

dosiomics, as well as the first 10 features on radiomics. 

 

    
(a) (b) 

Fig. 6. Modeling results of single-omics: (a) radiomics and (b) dosiomics. 

 

4.2.3 Modeling of multi-omics 

With the best feature set of each omics, Fig. 7 shows the multi-omics fusion results based on multi-

kernel learning with manifold regularization. In Fig. 7(a), we see that in comparison to single-omics 

modeling results shown in Fig. 6, multi-omics fusion significantly improves the radiation pneumonitis 

prediction performance. From Fig. 7(a), we see that when we select the first five features, shown in Table 

2, our model achieves the best prediction result. We see from Table 2 that the final model contains two 

radiomics or dosiomics features. 

During multi-omics fusion, we select the Gaussian kernel with kernel parameters {0.5, 1, 2, 5, 7, 10, 

12, 15, 17, 20} and the polynomial kernel with kernel parameters {1, 3, 5} as the kernel functions. 

Therefore, for the top 5 features, we totally have 78 kernel matrices. Fig. 7(b) shows the kernel weight 

against each kernel matrix. As we can see, the kernel matrices 64, 67, 61, and 73 contribute the most to 

the final decision. By taking deeper insights, we find that kernel matrix 64 is generated from the feature 

“CT_Image_LungT_wavelet-LLL_glszm_GrayLevelVariance_20_binCount,” using the polynomial 

kernel with kernel parameter 1. Kernel matrix 67 is also generated from the feature 
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“LungT_dose_original_glrlm_RunEntropy,” using the polynomial kernel with kernel parameter 1. 

Kernel matrix 61 is generated from all of the top 5 features, using the polynomial kernel with kernel 

parameter 1. Kernel matrix 73 is also generated from the feature 

“LungT_dose_original_glrlm_RunEntropy,” using the polynomial kernel with kernel parameter 1. 

Kernel matrix 73 is generated from the feature “CT_Image_LungT_wavelet-

HHL_firstorder_Minimum,” using the polynomial kernel with kernel parameter 1. 

 

    

(a) (b) 

Fig. 7. Modeling results of multi-omics fusion:  

(a) AUC against number of features and (b) weight against number of kernels. 

 

Table 2. Final top 5 radiomics and dosiomics features 

Category Feature name 

Radiomics CT_Image_LungT_wavelet-LLL_glszm_GrayLevelVariance_20_binCount 

Dosiomics LungT_dose_original_glrlm_RunEntropy 

Dosiomics LungT_minimum_dose 

Radiomics CT_Image_LungT_wavelet-HHL_firstorder_Minimum 

Dosiomics LungT_dose_moment_0_3_3 

 

To further highlight the superiority of multi-omics fusion, we directly combine radiomics and 

dosiomics features as inputs for RR. Fig. 8 shows the comparison results, as we can see, multi-omics 

fusion performs better than direct feature combination in relation to both training and testing AUC. 

 

    

(a) (b) 

Fig. 8. Multi-omics fusion versus direct feature combination: (a) training and (b) testing. 
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4.2.4 Parameter sensitive analysis 

As shown in the objective function in (9), we totally have two parameters, i.e., 𝛾 and 𝑝 to be set in 

advance, where 𝛾  is a regularized parameter used to control the contribution of the manifold 

regularization term. In particular, when 𝛾 is set to 0, our method is degenerated into another version 

without considering the overfitting problem. 𝑝 is a parameter of p-norm used to control the distribution 

of kernel weights. To observe the impact of these two parameters, we plot the curve of training and testing 

AUC against different values of 𝛾 or 𝑝, as shown in Fig. 9. From Fig. 9(a), we see that the training AUC 

basically remains stable with an increase in 𝛾, and the testing AUC gradually increases and then becomes 

stable. This phenomenon indicates two findings, accordingly. The first one is that with an increase in 𝛾, 

the differences between the training AUC and testing AUC gradually decrease, which means that the 

overfitting problem is reduced by manifold regularization. This is because manifold regularization 

assumes that samples sharing the same labels should be kept as close as possible after they are 

transformed into the label space. The second finding is that our method is not highly sensitive to 𝛾 

because the testing AUC begins to become stable when 𝛾 is set from 1e02 to 1e05. Therefore, in practice, 

it is easy to set 𝛾. From Fig. 9(b), we see that when p>2.5, the testing AUC becomes stable. Therefore, 

our method is also not highly sensitive to p. Additionally, we see that when p=1.1 or p=1.5, the testing 

AUC is lower than 0.6. The reasons can be found from Fig. 10, accordingly. When p is very small, such 

as p=1.1, the kernel weight distribution is very sparse (Fig. 10(a)). That is, only few kernel matrices are 

used for the final decision. But as we know that both radiomics and dosiomics features may contain 

complementary patterns, their effective fusion may have a positive effect on the final decision. When p 

is set to 4 and 6 (Fig. 10(b) and 10(c)), we see that the kernel weight distribution becomes non-sparse, 

and thus more kernel matrices take part in the final decision. With more kernel matrices, the testing AUC 

does increase from less than 0.6 to 0.67. 

 

   
(a) (b) 

Fig. 9. Parameter sensitive analysis: (a) AUC against 𝛾 and (b) AUC against p. 

 

   
(a) (b) (c) 

Fig. 10. Distribution of kernel weights: (a) p=1.1, (b) p=4, and (c) p=6. 

 

4.3 Discussion  
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In this experimental study, we have evaluated a machine learning pipeline proposed for radiation 

pneumonitis prediction by using both radiomics and dosiomics features. The pipeline contains a FS phase 

and modeling phase.  

In medical data analysis, notably radiomics or dosiomics-based analysis, the number of patients is 

often limited, but the number of features describing patients is very large. Therefore, selecting 

discriminative features is very important for machine learning-based model construction [15, 20]. For 

instance, Yu et al. [6] employed LASSO to select discriminative radiomics features for distant metastasis 

prediction of nasopharyngeal carcinoma patients. For the same application scenario, Zhang et al. [5] 

employed mRMR for feature selection. Although their studies finally generated acceptable results, they 

omit the stability of the FS methods, which is very important to the robustness of the prediction pipeline. 

Therefore, in this study, in the FS phase, a decision criterion which considers both stability and prediction 

performance is developed to determine appropriate FS methods to reduce redundancy and irrelevancy of 

features. From Fig. 4, we find that in terms of AUC*Stability, the decision graph can easily get the best 

SU combination for feature selection. 

In addition to radiomics features, dosiomics features have also been demonstrated to be correlate with 

radiotherapy prognosis [7, 8]. For instance, in [7], the authors combined both radiomics and dosiomics 

features to predict locoregional recurrence prognosis for head and neck cancer patients. However, in these 

studies, different kinds of features were directly concatenated as inputs for modeling. As indicated in 

[15], direct feature concatenation may omit the complementary information across different omics. 

Therefore, in this study, based on the model proposed in [24], we proposed a multi-kernel model with 

manifold regularization to fuse together radiomics and dosiomics features in the modeling phase. 

Whereas the sparse kernel weighting strategy focuses on few modalities, we introduce p-norm (p>1) 

regularization to act on kernel weight learning. In this way, the complementary patterns across different 

modalities are expected to be explored. From Table 2 and the comparison with direct feature 

concatenation shown in Fig. 7, we indeed see the power of multi-omics fusion. Additionally, we see from 

Fig. 9(a) that the overfitting problem is reduced by manifold regularization. 

Our pipeline is not without any limitations. For instance, as we see that multi-kernel fusion requires 

lots of memories to storage kernel matrices and high costs to compute kernel weights. Therefore, the way 

to improve the efficiency of multi-kernel fusion is still a matter to be resolved. Given the evidence in 

recent studies [29, 30] showing that the stochastic-variance-reduced-gradient (SVRG) method stimulates 

efficient multi-kernel learning, adoption of this SVRG method is anticipated to alleviate computational 

complexity in the context of multi-kernel learning. Therefore, in our future studies, SVRG or SVRG-

based variants are expected to be introduced for fast model optimization. 

 

5. Conclusion 

In this study, under medical IoT, we developed a novel machine learning-based pipeline including the 

FS phase and the modeling phase to predict radiation pneumonitis for stage III NSCLC patients. The 

study was approved by the hospital ethical committee of the Affiliated Cancer Hospital of Zhengzhou 

University, and the NSCL cancer patients with stage IIIA/B were retrospectively collected from 2015 to 

2019. We have used pyradiomics to extract features, while finally obtaining 4,610 radiomics features and 

213 dosiomics features. In the feature selection phase, we have designed a decision criterion which 

considers both the stability and accuracy to select appropriate FS methods for feature selection. In the 

modeling phase, we have developed a multi-kernel fusion method to fully explore patterns from both 

radiomics and dosiomics features. From the experimental results, we have found that in terms of 

AUC*Stability, the proposed decision criterion can easily get the best SU combination for feature 

selection. Also, in comparison to direct feature concatenation, multi-omics fusion can explore more 

patterns for the prediction model. 
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