

[image: The Role of Radiomics in Lung Cancer: From Screening to Treatment and Follow-Up]
The Role of Radiomics in Lung Cancer: From Screening to Treatment and Follow-Up





REVIEW

published: 05 May 2021

doi: 10.3389/fonc.2021.603595

[image: image2]


The Role of Radiomics in Lung Cancer: From Screening to Treatment and Follow-Up


Radouane El Ayachy 1,2,3*, Nicolas Giraud 3,4, Paul Giraud 1,2,3, Catherine Durdux 1,2, Philippe Giraud 1,2, Anita Burgun 2,3 and Jean Emmanuel Bibault 1,2,3


1 Radiation Oncology Department, Georges Pompidou European Hospital, Assistance Publique-Hôpitaux de Paris, Université de Paris, Paris, France, 2 Cancer Research and Personalized Medicine-Integrated Cancer Research Center (SIRIC), Georges Pompidou European Hospital, Assistance Publique-Hôpitaux de Paris, Université de Paris, Paris, France, 3 INSERM UMR 1138 Team 22: Information Sciences to support Personalized Medicine, Cordeliers Research Centre, Paris Descartes University, Paris, France, 4 Radiation Oncology Department, Haut-Lévêque Hospital, CHU de Bordeaux, Pessac, France




Edited by: 
Romain-David Seban, Institut Curie, France

Reviewed by: 
Antoine Girard, Centre Eugène Marquis, France

Sylvain Reuzé, GE Healthcare, France

*Correspondence: 
Radouane El Ayachy
 radouane.elayachy@gmail.com

Specialty section: 
 This article was submitted to Cancer Imaging and Image-directed Interventions, a section of the journal Frontiers in Oncology


Received: 07 September 2020

Accepted: 06 April 2021

Published: 05 May 2021

Citation:
El Ayachy R, Giraud N, Giraud P, Durdux C, Giraud P, Burgun A and Bibault JE (2021) The Role of Radiomics in Lung Cancer: From Screening to Treatment and Follow-Up. Front. Oncol. 11:603595. doi: 10.3389/fonc.2021.603595




Purpose

Lung cancer represents the first cause of cancer-related death in the world. Radiomics studies arise rapidly in this late decade. The aim of this review is to identify important recent publications to be synthesized into a comprehensive review of the current status of radiomics in lung cancer at each step of the patients’ care.



Methods

A literature review was conducted using PubMed/Medline for search of relevant peer-reviewed publications from January 2012 to June 2020



Results

We identified several studies at each point of patient’s care: detection and classification of lung nodules (n=16), determination of histology and genomic (n=10) and finally treatment outcomes predictions (=23). We reported the methodology of those studies and their results and discuss the limitations and the progress to be made for clinical routine applications.



Conclusion

Promising perspectives arise from machine learning applications and radiomics based models in lung cancers, yet further data are necessary for their implementation in daily care. Multicentric collaboration and attention to quality and reproductivity of radiomics studies should be further consider.
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Introduction

Death from lung cancer is estimated to be 1.7 millions each year worldwide, essentially due to late diagnoses (1), making it the first cause of cancer-related death in the world (2) despite recent discoveries in the field of tumor biology and new treatment strategies. The emergence of new targeted treatment focusing on specific biomolecular alterations such as EGFR (3) and ALK mutations has led to a new paradigm of cancer care, so-called “personalized” medicine, conversely to the historic “one-size-fits-all” medicine. In that regard, radiomics could also play a role in patient-specific treatment adaptations.

Common imaging interpretation, for instance with positron emission tomography (PET), Magnetic resonance imaging (MRI) or computed tomography (CT), relies on the visual analysis in terms of size, shape, signal intensity or contrast enhancement of various structures within the image.

« Radiomics », with reference to genomics, has been introduced in 2012 by Lambin et al. (4). Its aim is to extract a large number of quantitative variables from medical imaging, followed by a selection of the most informative ones in order to derive a scientific hypothesis.

Radiomics is based on the innovative approach that computerized algorithms are able to process imaging exams into more complex quantitative data. They can be applied to different imaging modalities (ultrasound, CT, PET, conventional radiology) by analyzing in a selected region of interest (ROI) the distribution of signal intensities.

Different ROI segmentation methods can be used. Manual delineation is close to daily practice, but requires a considerable amount of human time, limiting the creation of large databases, and is subject to high inter- and intra-observer variability (5–7). Automatic segmentation is thus largely preferable for reproducibility purposes, but is only applicable when there is a strong signal difference between the lesion and the adjacent tissues. This is why semi-automatic approaches are most often necessary: a software program defines a delineation which is then adjusted by the observer (8).

The extracted variables are divided into three categories (Figure 1): shape variables, first-order variables and second-order variables. The shape variables describe, independently of grey levels, the shape, surface area and dimensions of the ROI (example: surface area in square millimeters, sphericity,…). The first-order variables study the distribution of voxel gray level intensity values without consideration of spatial relationships. As for the second-order variables, they describe the spatial relationships between the voxels generally from matrices (example: grayscale co-occurrence matrix, size of homogeneous grayscale areas, neighborhood grayscale difference, length of grayscale ranges, grayscale dependence).




Figure 1 | Flowchart of radiomics feature based analysis.



Like other high-throughput techniques, labeled “-omics” (9), radiomics aims to develop new imaging biomarkers to better understand the microbiology of cancer (10). The use of radiomics could provide additional data about the biological constitution of a tissue, predict treatment response or even offer new prognostic markers.

Radiomics thus offer several advantages due to their non-invasive character, the possibility to account for intra-tumor heterogeneity (11) by a complete analysis of the tumor, and inter-lesional heterogeneity (12) by sampling all the tumors within the same patient as well as the tumor microenvironment. They also allow monitoring temporal heterogeneity (13).

The last few decades have been paved by the advent of clinical, biological, radiological and genomic diagnostic advances offering access to a multitude of new data available for each patient as well as by the development of new therapeutics that are more targeted and personalized to each patient. Given the large amount of information generated, the major challenge in enabling personalized treatment in oncology lies in the ability to exploit this wealth of information to accurately predict the behavior and response of a tumor. Machine learning seems to be able to process and manage this huge amount of information.

In machine learning, a classification model is trained from a data set in order to “learn” (training set) the distribution of the different classes in a multidimensional variable space. In machine learning, there are several methods, each with their advantages and disadvantages (14). They are grouped into two types of classification: supervised and unsupervised.

In the supervised classification methods, individuals are labelled (e.g., benign vs. malignant) and the algorithm tries to predict this explicit variable, called the output variable, from a large number of input variables (radiomics, genomics, clinical,…).

Unsupervised methods do not use predefined output variables. The goal is to find a model that groups the most similar data together and separates the most different data, known as clustering. For example, K-means clustering generates K clusters by comparing the degree of similarity of observations, so that two individuals that are similar will have a reduced distance of dissimilarity.

One of the most used ML subset is Artificial Neural Network (ANN) (Figure 2). It is considered as a supervised classification model. Its variant, Deep Learning (DL), is associated with the feature extraction, directly from raw imaging data, through a series of nonlinear processing units comprising multiple layers, which tries to establish a relationship between stimuli and associated neural responses present in the brain.




Figure 2 | Schematic representation of an artificial neural network. The input variables (A) are presented at the first neural layer (blue). The information is then passed to a succession of layers (“hidden layers,” in green) and finally an output neural layer predicting the variable to be estimated. Each layer (i) consists of Ni neurons, taking their inputs from the Ni-1 neurons of the previous layer. A neuron (B) adds each of its inputs (xn) and multiplies them by a weight (wn). An activation function (f) allows according to a threshold the activation of the neuron and the transmission of information (z) to the next layer. An optimizer adjusts the weights and biases (b) of each neuron in order to make the neural network converge toward its state allowing it to make the best prediction.



The expansion of medical imaging data (14) in lung cancer offers an opportunity to explore the value of radiomics for every step of the patient’s care: screening, diagnosis, staging, treatment planning, and response evaluation. The objective of this article is to benchmark radiomics applications in lung cancer at each of these steps.



Materials and Methods

The authors conducted a literature review using PubMed/Medline in order to identify important recent publications to be synthesized into a comprehensive review of the current status of radiomics in lung cancer at each step of the patients’ care. A comprehensive list of MeSH terms and keywords was included in the search: “lung cancer,” “radiomics,” “signature,” “machine learning,” as well as other associated technical ML keywords. Selected articles were published between January 2012 and June 2020, and based on relevance to the subject. The search strategy also included screening of reference lists of relevant publications. The search query returned 133 articles that were screened. We removed review articles and selected 49 studies in the final analysis.



Results


Characterization of Lung Abnormalities

One of the first application of radiomics in lung cancer was tumor detection. Lung abnormality discoveries are frequent; thus, the challenge is to be able to distinguish benign lesions from malignant ones. Qualitative features such as measurements of diameter or volume of pulmonary nodules provide important information to differentiate benign from malign nodules. Notwithstanding the encouraging results of low-dose computed tomography (CT) versus (vs.) chest X-ray in lung cancer-specific mortality reduction (15), the application of low-dose CT in selected population screening remains contested (16) on account of its cost-efficiency, the high false positive rate (FPR) and the optimal schedule (1). In that setting, overdiagnosis remains a challenging issue (17). In addition, due to the lack of validated software, the volumetric assessment of the lesion is not the current standard of practice (18). 18F-fluorodeoxyglucose positron emission tomography (18F-FDG PET)/CT is a performant tool to help clinicians in the characterization of lung nodules (19) but still holds a low detection rate of small lesions (20) and delivers high radiation doses.

Recent promising strategies based on radiomics or circulating biomarkers (21) could be interesting and less invasive (22). Computer aided diagnosis (CAD) systems can help to improve radiologists’ performances (23) on tumor detection and could be even further improved by radiomics.

Radiomics features could be used in traditional statistic model as linear classifier with high accuracy in predicting lung nodule malignancy (24).

Integrating radiomics, the optimal ML model to apply remains unknown. Random forest classifiers showed good performance in anticipating nodules that would become cancerous one and two years later, with accuracies of 80% (25), better than a Support Vector Machine (SVM) classifier or the recently developed McWilliams (26) and Lung-RADS (27) risk scores. Schematically, SVM models, through a kernel function, depict individuals in a 3rd dimensional space in order to find a hyperplane that classifies individuals into two groups (Figure 3).




Figure 3 | Schematic representation of a SVM algorithm. The dots represent individuals according to two variables (A), no linear classification function seems obvious. The kernel function allows a representation of the individuals in a 3rd dimension allowing the highlighting of a hyperplane which classifies the individuals in two groups (B). The individuals are then projected into the initial dimensional space (C) with a non-linear separator (purple circle).



Different supervised ML models can also be used together. After a feature selection by a Random Forest classifier (RFC), Wang et al. (28) found 15 radiomics features able to single out benign from malignant nodules with an accuracy of 86% through a SVM algorithm.

Some studies tried to benchmark the added value of clinical features to these radiomics features. As a matter of fact, they can improve the performance of ML methods to distinguish focal pneumonia from adenocarcinoma (29) or non-small-cell lung cancer (30). Clinical features addition could also produce no improvement of the model performance (24), highlighting the importance of the radiomics features.

Interestingly, some studies (31) indicate a trend toward increased performance when the surrounding parenchyma is included, revealing the importance of microenvironment.

Most studies use radiomics approaches needing 2D or 3D quantitative images features. Another category of computational strategy is Deep learning and particularly convolutional neural networks (CNN). CNN could perform prediction without needing nodule segmentation, taking directly as an input the raw imaging data. Deep learning showed good performance for differentiating lung nodule from other thoracic structures (vessels, bone, …) (32–37). Particularly in a study, Causey et al. (38) processed 1065 nodules with different malignancy scores. The model was developed with a deep CNN architecture, capable of performing classification or producing a feature vector that could then be used as input to a secondary classifier such as a RFC. The CNN classification highly performed (AUC 0.97) and was improved (AUC 0.99) when combined to handcrafted radiomics features (38) through a RFC. The main studies relating to lung nodule classification are summarized in Table 1.


Table 1 | Mains studies regarding lung nodule prediction of malignancy.



Major hope is that characterization of lung abnormalities could potentially allow for an early diagnosis of lung cancer, even for very small nodules, aiming to considerably improve patients’ prognosis.



Histology and Radio-Genomics

When a suspicious lung abnormality is detected on imaging, obtaining histological evidence of cancer is necessary. It often requires an invasive procedure, sometimes leading to technical difficulties or complications. Thus, some patients, due to their state of health, are unable to undergo a biopsy.

Radiomics provide a promising alternative in this regard. From CT exam, radiomics features could be extracted to characterize tumor histology. From two independent cohorts, a Naïve Baye’s classifier achieved a high AUC (0.72; p-value = 2.3 × 10−7) with only five features (40).

Using ANN, similar performances for the prediction of histopathology were also obtained. Raniery Ferreira et al. (41) constructed different machine learning models for histopathological pattern recognition. From a dataset of 68 malignant lung tumors with confirmed histology, they extracted radiomics features by a semi-automatically segmentation. The radial basis function-based (RBF) ANN obtained an AUC of 0.71 on histopathological pattern recognition with radiomics features. In this study, adding clinical to radiomics features provided different behaviors on the models’ performances on the testing and validation sets, and did not improve the results.

This last decade, targeted treatments played a leading role in lung cancer management (42). For most of those treatments, the identification of a specific mutation requires an invasive biopsy of the tumor, not always performable thus potentially depriving these patients of highly beneficial treatment. A more recent alternative could be liquid biopsy, consisting of the search of mutations on circulating tumor cells or DNA by a blood sample. Liquid biopsy has recently demonstrated its clinical usefulness in advanced NSCLC but keeps very poor sensitivity in early stage lung tumors (43, 44). The most common gene mutations seen in non-small-cell lung carcinoma (NSCLC) are V-Ki-ras2, Kirsten rat sarcoma viral oncogene homolog (KRAS), epidermal growth factor receptor (EGFR), v-raf murine sarcoma viral oncogene homolog B1 (BRAF), and anaplastic lymphoma kinase (ALK); of these, KRAS and EGFR mutations are the most commonly detected.

Regarding the specific mutation identification, the association of clinical features with radiomics ones seems to provide added value. Zhang et al. (45) conducted a multivariate analysis using seven handcrafted radiomics and three clinical features of 180 cases. They predicted EGFR mutation with an AUC of 0.87. Another study (46) explored a multicentric CT dataset of 381 patients who underwent surgical resection. The 20 remaining radiomics features using a RFC outperformed good prediction in discriminating between EGFR+ and EGFR- tumors (AUC 0.69). A clinical model of EGFR status (AUC 0.70) was combined to significantly improve prediction accuracy (AUC 0.75). The highest performing signature was capable of distinguishing between EGFR+ and KRAS+ cases (AUC 0.80) and, when combined with a clinical model (AUC 0.81), substantially improved its performance (AUC 0.86). One study by Zhao et al. (47) aimed at predicting EGFR mutation status and subtypes, in particular the two most common ones (exon 19 deletion and exon 21 L858R mutations). A radiomics score (R-score) based on 11 radiomics features was calculated for each lesion. Using a radiomics-based model and a combined radiomics and clinical model, the respective AUC values in the validation cohort were 0.73 and 0.76.

Deep learning methods have also been explored in prediction of genomic alterations. Using a CNN-based approach, Wang et al. (48), by training a network on 14926 CT images from 603 patients, achieved encouraging predictive performance on a validation cohort of 241 patients (AUC 0.81). For applying the deep learning model, a cubic region of interest (ROI) containing the entire tumor was manually selected. The first 20 convolutional layers were trained using transfer learning by 1.28 million natural images from the ImageNet dataset avoiding as much as possible an overfitting and the last four convolutional layers were trained using CT images from lung adenocarcinoma tumors in the independent test cohort. Authors used a method to visualize tumor region that was most related to EGFR mutation status.

While these studies focused on CT-based radiomics, another imaging modality commonly used in oncology is PET-CT. In PET-based radiomics, radiomics features could detect EGFR mutation status with good performance. Zhang et al. (49) developed a radiomics signature made of 10 features (PET and CT radiomics features) trained on 175 patients. The model showed a significant ability to discriminate between EGFR mutation and EGFR wild type in the validation set (AUC 0.85), which was improved when combined with clinical variables (AUC 0.87).

Yamamoto et al. (50) aimed instead at predicting the ALK status using visual qualitative CT features combined with clinical parameters. Their predictive model had a good performance in both the training and the validation set. Another study including clinical and radiomics variables extracted from PET and CT (51) from 539 patients with confirmed lung adenocarcinomas investigated the potential of differentiating the ALK/ROS1/RET fusion-positive and fusion-negative adenocarcinomas, building a model that resulted in 73% sensitivity and 70% specificity with seven features.

The main studies dealing with histologic and radio-genomics prediction are summarized in Table 2.


Table 2 | Mains studies regarding histology and radio-genomic characterization.





Treatment Outcome

Radiomics could play a role in predicting the prognosis and the treatment response, in order to adapt treatment strategies individually with view of personalized medicine. The main studies relating to this subject are summarized in Table 3.


Table 3 | Main studies evaluating radiomics in prediction of treatment outcomes in lung cancer.





Radiotherapy

In locally advanced lung cancer, radiotherapy, often associated with systemic therapies, is the standard option. A specific radiation option of lung cancer treatment is stereotactic body radiation therapy (SBRT), in inoperable patients presenting with a small local lesion (66). Radiosensitivity varies to a great extent across tumor types and also between patients bearing the same type of tumor. Biomarkers predicting the clinical outcome after radiotherapy are already available, but their levels of evidence are heterogeneous (67).

Radiomics features could be leveraged to predict different outcomes that conventional imaging metrics cannot predict in SBRT patients (68).

Several studies tried to predict different clinical endpoints such as local control and/or disease free survival and/or overall survival (52–58, 61) with good accuracy. Some others attempted to predict radiation induced toxicity (69), in particular to differentiate local failure from radiation induced lung injury (RILI) (59, 70).

Many of those studies outperformed different models concomitantly. Those studies revealed that a same feature selection technique and/or a same classifier model could considerably perform differently in distinct cohorts, suggesting a dependency not on the endpoint but on the study population.

The number of selected features is also notably heterogeneous between the studies from two (52) to fifteen radiomics features (53). After different feature selection methods, the texture features (i.e. second-order radiomics features) seemed to be the more correlated to clinical endpoints (53, 55, 71). Aiming to reduce the number of radiomics features, Diassaux et al. (52) found, in a multicentric study including 87 patients with an independent test set, a radiomics signature combining one PET feature and one CT feature predicting local control with an accuracy of 98%. They used ComBat harmonization method (72) on radiomics features to handle the differences of imaging acquisition. This method was initially used in gene expression microarray data to deal with the “batch effect,” i.e., the source of variations in measurements caused by handling of samples by different laboratories, tools and technicians. The advantage of this technique is that it allows a correction to be applied directly to the extracted radiomic variables as opposed to the images before extraction, making it easier to analyze retrospective and multicentric data.

In radiation oncology, total dose and space dose distribution are carefully evaluated for each patient during treatment planning. In that way, a study (62) queried the lung CT-derived feature space to identify radiation sensitivity parameters that can predict treatment failure and hence guide the individualization of radiotherapy dose. The authors input pre-therapy lung CT images into Deep Profiler, a multitask deep neural network that has radiomics incorporated into the training process. Then, they combined these data with clinical variables to derive iGray, an individualized radiation dose that results in an estimation of failure probability below 5% at 24 months. Thus, it would seem that a reduction in the irradiation dose could have been proposed in 23.3% of patients.

Integration of reported dosimetric features from the dose distribution in the irradiated lung calculated in the planning CT, showed to be predictive of radiation pneumonitis (73). Liang et al. (60) used the “dosiomics” method, which attempts to extract the spatial features from dose distribution, for the occurrence of grade 2 or more RP prediction.

To assist the physician during treatment planning, visualization of high-risk tumor spot of treatment failure could be very convenient. In a study (74), the authors visualized which regions in the patient images predicted low survival probability. From such observations, the heat map visualization has the potential to identify regions at high risk for tumor progression or recurrence that could be utilized for the purpose of assisting patient-tailored treatment planning in the future.

During radiation therapy treatment and follow-up, patients are subject to several imaging procedures. Like blood circulating biomarker changes during treatment could be predictive of the effectiveness of some treatments (75), the question of radiomics features modification has been studies, called “delta radiomics.” It aims to analyze radiomics features’ evolution through time and treatments based of evaluations obtained from longitudinal scans. Some studies demonstrated that delta radiomics seem to be more robust than radiomics features with the potential of using delta features for early assessment of treatment response and developing tailored therapies (76). A study focusing on 107 patients with stage III NSCLC (77) tried to evaluate the impact of radiomics features changes due to radiation therapy and their values at the end of treatment on tumor response. All of the radiomics features changed significantly during radiation therapy. For local recurrence, pretreatment imaging features were not prognostic, while texture-strength measured at the end of treatment significantly stratified high- and low-risk patients.

Another study focused on Cone Beam CT (CBCT), commonly used in radiotherapy for patient’s precise setup, In this study, delta radiomics revealed to be predictive of overall survival in locally advanced lung cancer in a preliminary study with 23 patients (78).

In a study (79) including 268 patients with stage III NSCLC and using different CT at different timepoints of the treatment (pre-treatment, at 1, 3, and 6 months of follow-up), a deep learning networks was built to predict clinical outcomes of patients. Model performance was enhanced with each additional follow-up scan into the CNN model (2-year overall survival: AUC 0.74, p< 0.05).

In terms of toxicity prediction, Moran et al. (71) in a study with 14 patients who underwent SBRT tried to demonstrate the potential of CT-based radiomics on 3, 6 and 9 month post-SBRT CT to distinguish moderate/severe lung injury from none/mild lung injury. Texture features outperformed the first-order features in differentiating lung injury severity levels.


After Systemic Treatments

While early-stage lung cancer patients with large tumors (stage IB-IIA) who have undergone surgery are likely to receive adjuvant chemotherapy (68), inoperable patients or patients presenting locally advanced lung cancer often have co-morbidities that limit their tolerance to systemic treatment. Consequently, systemic treatments cannot be a generalizable recommendation for all patients. The advent of immunotherapy and targeted therapies over the last decade in the management of metastatic lung cancer has led to important clinical results with a very acceptable safety profile (80, 81). It is therefore more than necessary to be able to determine in advance which patients are at risk of not responding to therapy and thus allow either an intensification of the therapeutic strategy or of the therapeutic sequence or, conversely, avoid harmful therapies without benefit to the patient.

Radiomics showed good hope to be able to respond to this issue. In a study (63) including patients who were treated with front-line platinum-based chemotherapy, the combination of the top seven discriminating features outperformed an accuracy of 0.77 in prediction of tumor response. A significant correlation with both time to progression and overall survival for patients with NSCLC was also found.

Radiomics models could identify responders to EGFR tyrosine kinase inhibitor (TKIs) such as Gefitinib from the change in features between the pre-treatment and 3 weeks post-treatment CT. In a study conducted by Aerts et al. (82) including 47 patients, one delta-radiomics feature was significantly predictive (AUC 0.74) of Gefitinib response.

Pretreatment contrast-enhanced CT and first follow-up CT after initiation of EGFR TKIs were retrospectively analyzed in 48 NSCLC patients (64).

A recent promising treatment is immune checkpoint blocker (i.e. immunotherapy). The choice of patients who would benefit most from this treatment remains unclear and it is necessary to identify the good responders. Radiomics should have a role to play in this purpose (83).

Similarly, PET and PET/CT have been used for the prediction of treatment response. Radiomics signature was successfully validated to discriminate immune phenotype and predict survival and response to anti-PD-1 or PD-L1 immunotherapy (65, 84, 85).

Regarding the treatment sides effects, radiomics has been proven to be able to predict pneumonitis following immunotherapy (86), allowing closer surveillance for at-risk patients or even impacting the therapeutic choice.





Discussion

This last decade, studies about radiomics drastically increased in different domains of oncology (87) with significant improvements. The new paradigm of precision medicine supports the research of new biomarkers and thus a lot of studies tried to explore radiomics in various applications with promising results which could have a huge impact on clinical routine. Machine and deep learning algorithms provide powerful modeling tools to explore the big amount of image data available, especially in oncology, to bring to light underlying complex biological mechanisms, and make personalized precision cancer diagnosis and treatment planning possible.

We could imagine a CAD, based on imaging, that directly establishes the nature of a lung lesion, its genomic alterations and provide guidance to physicians to choose the best therapeutic options that fit the most for each patient. Thus, the time between diagnosis and treatment initiation could be considerably reduced as well as the invasiveness of the procedures in patients who are, in most cases, very fragile. Patients could be offered therapeutics that are as effective as low in toxicity. For instance, SBRT, which is a first-choice treatment option for patients with stage I lung cancer who have surgical contraindications (88), could be proposed more broadly on the condition that the patients who can benefit from it could be accurately identified.

Then, in analogy to genomic signatures in breast cancer (89), therapeutic de-escalation may be possible when treatment would be identified as bringing no over gain.

Traditionally, the radiomics features being extracted are hand-crafted. Feature-based methods require a segmentation of the region of interest through a manual, semiautomated, or automatic methods. Then, hundreds or even thousands of radiomics features are extracted. Thus, feature selection and extraction are crucial steps that aim at obtaining the optimal feature representation that correlates most with the endpoint and correlates least between each other. Hand-crafted features suffer from the tedious designing process and may not faithfully capture the underlying imaging information. Semiautomatic segmentation could improve the stability of radiomics features (8) and fully automatic segmentation tools could be as accurate as manual segmentation by medical experts (90). With the development of deep learning based on multilayer neural networks, particularly CNN, the extraction of machine learnt features is becoming widely applicable. In deep learning, the processes of data representation and prediction are performed jointly (91). Pixel/voxel-based ML (PML) emerged in medical image analysis (92), which use pixel/voxel values in images directly instead of features calculated from segmented objects as input information; thus, feature calculation or segmentation is not required. Because the PML can avoid errors caused by inaccurate feature calculation and segmentation, the performance of the PML can potentially be higher than common classifiers. Moreover, the data representation removes the feature selection portion eliminating associated statistical bias in the process. The peritumoral space around the tumor may also provide valuable information over the visible tumor features for patient risk stratification due to cancer metastasis as demonstrated in a study carried by Dou et al. on 200 patients (93). A SVM classifier predicted distant failure with an accuracy of 0.83 thanks to analysis of the peritumoral space radiomics features from PET images of 48 NSCLC patients and 52 cervical cancer patients (94), arguing the fact that information around the tumor could provide better accuracy. PML are generally taking into account the peritumoral space. In a study evaluating a CNN based model (58), the visual mapping demonstrated that tissue within and beyond the tumor were both crucial for characterization and eventual prediction. CAD could be so able to highlight specific spot to overtreat.

It is clear that to this day, daily clinical radiomics applications remains very limited (95). At the present time, no clinical application of radiomics is available. Many factors could explain this situation (96).

First, the overall scientific quality and reporting of radiomics studies is insufficient. Scientific improvements need to be made to feature reproducibility, analysis of clinical utility, and open science categories. The Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD) checklist (97) was adapted to radiomics studies by Park et al. (98) after finding very poor results of his analysis of multiple studies in term of radiomics quality scores and adherence to the TRIPOD checklist. It intends to improve the transparency of a prediction model study’s reporting regardless of the study methods. It is a checklist of 22 items considered important for good reporting of studies developing or validating multivariable prediction models. The items relate to the title and abstract, background and objectives, methods, results, discussion, and other information. The TRIPOD Statement covers studies that report solely development, both development and external validation, and solely external validation (with or without model updating) of a diagnostic or prognostic prediction model. Recently, a Checklist for Artificial Intelligence in Medical Imaging was proposed (99). In the batch of radiomics studies, few ones are able to provide clear details of the models and the selected predictors.

Moreover, reproducibility of radiomics features should be carefully explored. For instance, differences on imaging acquisition modalities could greatly influence radiomics features (100). Thus, harmonizing acquisition parameters between studies is a crucial step for future texture analysis (101). There is a real need for the harmonization of features to allow consistent findings in radiomics multicenter studies. Two main approaches could be considered to address this issue: harmonizing images and harmonizing radiomic features. The first one focuses on the harmonization issue in imaging and usually looks upon standardization of acquisition protocols and reconstruction settings, such as guidelines already available for PET/CT imaging (102). This approach should not be enough. Recently, techniques based on generative adversarial networks (103) have also been developed. Heterogeneous images are translated to match the statistical properties of a standard dataset, such as a template reference image. The second approach focuses on the issue in the feature area by either using prior feature selection based on their robustness, keeping only features insensitive to multicenter variability, or by keeping all features and harmonizing their statistical properties so they can be pooled during the modeling step. In this regard, different methods could be considered, such as normalization or batch-effect correction using the ComBat method.

One of the other challenges of imaging research is enhancing global collaboration and sharing trial data (104). Big and standardized clinical data will make radiomics clinically applicable (105). Access to big data is needed, as medical images are dispersed in different hospitals or data centers. Data sharing among institutes and hospitals is important for radiomics, although it presents complex logistical problems. The Cancer Imaging Archive (TCIA) provides a good example of data sharing with a large portion of clinical information  (106).

To perform generalizable models, it will be mandatory to develop them by involving multiple centers and to improve national and international collaboration (107).

Patient medical records are a great source of data. Some studies  have shown the added value of clinical features combined with clinical ones. We can also hypothesize that the adjunction of genomic data and radiomics features from different imaging modalities could permit to get closer to a more personalized medicine.

The field is certainly high on promise and relatively low on data and proof, with the need of prospective validation (108). For clinical application, higher evidence levels are important. Prospective, multicenter, randomized controlled trials studies are needed.

One critical aspect of the radiomics workflow that remains relatively unexamined is the implementation of the software platforms used to calculate radiomics features. Some studies have demonstrated features variability from different software platforms (109, 110). The Image Biomarker Standardisation Initiative (IBSI), an international collaboration, was developed to help standardize radiomics feature calculation and has provided a framework to deliver practical solutions (111). The IBSI has made recommendations concerning feature calculation, standardized feature definition and nomenclature. A study (112) demonstrated the benefits of standardizing feature calculation platforms according to the IBSI with greater statistical reliability, but only when calculation settings were also harmonized.

Another point which should carefully assessed is the integration of radiomics software in the job process. Optimization, effectiveness and utility should be evaluated. As digital assistants (113), software programs designed to interact with people in a conversational manner, radiomics based software impact on clinical routine need assessment. By the same way, human factors (114) should be more consider as human factor interventions are known to have great potential to contribute to efficient Healthcare Information Technology design. Human factors and human-centered design play a critical role in ensuring that health IT is well designed and fits with clinical and patient workflows. The gaps between stakeholders, particularly vendors, researchers, clinicians, healthcare organization administrations, and purchasers, need also to be reduced.



Conclusion

Radiomics in this last decade shows good ability to be considered as a potential new biomarker at different steps of the patient’s care in lung cancer. More multicentric prospective studies are still needed to evaluate the application of radiomics in daily practice. Deep learned radiomics should replace the traditional handcrafted radiomics for more efficiency on large datasets and more reproducibility.



Author Contributions

RE wrote the manuscript. JB helped for article selection and manuscript redaction. JB, AB, NG, and PaG helped for technical review of the manuscript for machine learning and radiomics aspects. CD and PhG performed a review of the manuscript on the clinical aspects. All authors contributed to the article and approved the submitted version.



Abbreviations

18F-FDG, 18F-fluorodeoxyglucose; ALK, anaplastic lymphoma kinase; ANN, artificial neural network; AUC, area under the curve; BRAF, v-raf murine sarcoma viral oncogene homolog B1; CAD, computer aided diagnosis; CNN, convolutional neural networks; CBCT, cone beam computed tomography; CT, computed tomography; EGFR, epidermal growth factor receptor; FNR, false negative rate; FPR, false positive rate; IBSI, Image Biomarker Standardisation Initiative; ICC, intraclass correlation coefficient; KRAS, Kirsten rat sarcoma viral oncogene homolog; LASSO, Least Absolute Shrinkage and Selection Operator; ML, machine learning; MRMR, minimum redundancy maximum relevance; NILST, National Lung Screening Trial; NSCLC, non-small-cell lung carcinoma; OS, overall survival; PCA, principal component analysis; pCR, pathologic complete response; PET, positron emission tomography; PML, pixel/voxel-based machine learning; PSO, particle swarm optimization; QDA, quadratic discriminant analysis; RFC, random forest classifier; ROI: region of interest; RP, radiation pneumonitis; RILI, radiation induced lung injury; RSF, random survival forests; SBRT, stereotactic body radiation therapy; SVM, support vector machine.



References

1. Patz, EF, Pinsky, P, Gatsonis, C, Sicks, JD, Kramer, BS, Tammemägi, MC, et al. Overdiagnosis in Low-Dose Computed Tomography Screening for Lung Cancer. JAMA Intern Med (2014) 174(2):269−74. doi: 10.1001/jamainternmed.2013.12738

2. Siegel, RL, Miller, KD, and Jemal, A. Cancer Statistics, 2018. CA Cancer J Clin (2018) 68(1):7−30. doi: 10.3322/caac.21442

3. Lee, CK, Brown, C, Gralla, RJ, Hirsh, V, Thongprasert, S, Tsai, C-M, et al. Impact of EGFR Inhibitor in non-Small Cell Lung Cancer on Progression-Free and Overall Survival: A Meta-Analysis. J Natl Cancer Inst (2013) 105(9):595−605. doi: 10.1093/jnci/djt072

4. Lambin, P, Rios-Velazquez, E, Leijenaar, R, Carvalho, S, van Stiphout, RGPM, Granton, P, et al. Radiomics: Extracting More Information From Medical Images Using Advanced Feature Analysis. Eur J Cancer Oxf Engl 1990 (2012) 48(4):441−6. doi: 10.1016/j.ejca.2011.11.036

5. Zhao, B, Tan, Y, Tsai, W-Y, Qi, J, Xie, C, Lu, L, et al. Reproducibility of Radiomics for Deciphering Tumor Phenotype With Imaging. Sci Rep (2016) 6:23428. doi: 10.1038/srep23428

6. Balagurunathan, Y, Kumar, V, Gu, Y, Kim, J, Wang, H, Liu, Y, et al. Test-Retest Reproducibility Analysis of Lung CT Image Features. J Digit Imaging (2014) 27(6):805−23. doi: 10.1007/s10278-014-9716-x

7. Rios Velazquez, E, Aerts, HJWL, Gu, Y, Goldgof, DB, De Ruysscher, D, Dekker, A, et al. A Semiautomatic CT-based Ensemble Segmentation of Lung Tumors: Comparison With Oncologists’ Delineations and With the Surgical Specimen. Radiother Oncol J Eur Soc Ther Radiol Oncol (2012) 105(2):167−73. doi: 10.1016/j.radonc.2012.09.023

8. Parmar, C, Velazquez, ER, Leijenaar, R, Jermoumi, M, Carvalho, S, Mak, RH, et al. Robust Radiomics Feature Quantification Using Semiautomatic Volumetric Segmentation. PloS One (2014) 9(7):e102107. doi: 10.1371/journal.pone.0102107

9. Chakraborty, S, Hosen, MI, Ahmed, M, and Shekhar, HU. Onco-Multi-OMICS Approach: A New Frontier in Cancer Research. BioMed Res Int (2018) 2018:9836256. doi: 10.1155/2018/9836256

10. O’Connor, JPB, Rose, CJ, Waterton, JC, Carano, RAD, Parker, GJM, and Jackson, A. Imaging Intratumor Heterogeneity: Role in Therapy Response, Resistance, and Clinical Outcome. Clin Cancer Res Off J Am Assoc Cancer Res (2015) 21(2):249−57. doi: 10.1158/1078-0432.CCR-14-0990

11. Gerlinger, M, Rowan, AJ, Horswell, S, Larkin, J, Endesfelder, D, Gronroos, E, et al. Intratumor Heterogeneity and Branched Evolution Revealed by Multiregion Sequencing. N Engl J Med (2012) 366(10):883−92. doi: 10.1056/NEJMoa1113205

12. Jamal-Hanjani, M, Quezada, SA, Larkin, J, and Swanton, C. Translational Implications of Tumor Heterogeneity. Clin Cancer Res Off J Am Assoc Cancer Res (2015) 21(6):1258−66. doi: 10.1158/1078-0432.CCR-14-1429

13. Janiszewska, M. The Microcosmos of Intratumor Heterogeneity: The Space-Time of Cancer Evolution. Oncogene (2020) 39(10):2031−9. doi: 10.1038/s41388-019-1127-5

14. Bibault, J-E, Giraud, P, and Burgun, A. Big Data and Machine Learning in Radiation Oncology: State of the Art and Future Prospects. Cancer Lett (2016) 382(1):110−7. doi: 10.1016/j.canlet.2016.05.033

15. Liang, M, Tang, W, Xu, DM, Jirapatnakul, AC, Reeves, AP, Henschke, CI, et al. Low-Dose CT Screening for Lung Cancer: Computer-aided Detection of Missed Lung Cancers. Radiology (2016) 281(1):279−88. doi: 10.1148/radiol.2016150063

16. Horeweg, N, van Rosmalen, J, Heuvelmans, MA, van der Aalst, CM, Vliegenthart, R, Scholten, ET, et al. Lung Cancer Probability in Patients With CT-detected Pulmonary Nodules: A Prespecified Analysis of Data From the NELSON Trial of Low-Dose CT Screening. Lancet Oncol (2014) 15(12):1332−41. doi: 10.1016/S1470-2045(14)70389-4

17. Carter, SM, and Barratt, A. What is Overdiagnosis and Why Should We Take it Seriously in Cancer Screening? Public Health Res Pract 26 juill (2017) 27(3). doi: 10.17061/phrp2731722

18. Zhao, YR, van Ooijen, PMA, Dorrius, MD, Heuvelmans, M, de Bock, GH, Vliegenthart, R, et al. Comparison of Three Software Systems for Semi-Automatic Volumetry of Pulmonary Nodules on Baseline and Follow-Up CT Examinations. Acta Radiol Stockh Swed 1987 (2014) 55(6):691−8. doi: 10.1177/0284185113508177

19. Boellaard, R, Delgado-Bolton, R, Oyen, WJG, Giammarile, F, Tatsch, K, Eschner, W, et al. Fdg PET/CT: EANM Procedure Guidelines for Tumour Imaging: Version 2.0. Eur J Nucl Med Mol Imaging (2015) 42:328−54. doi: 10.1007/s00259-014-2961-x

20. Salaün, P-Y, Abgral, R, Malard, O, Querellou-Lefranc, S, Quere, G, Wartski, M, et al. Good Clinical Practice Recommendations for the Use of PET/CT in Oncology. Eur J Nucl Med Mol Imaging (2020) 47(1):28−50. doi: 10.1007/s00259-019-04553-8

21. Hofman, P. Liquid Biopsy for Early Detection of Lung Cancer. Curr Opin Oncol (2017) 29(1):73−8. doi: 10.1097/CCO.0000000000000343

22. Wilson, R, and Devaraj, A. Radiomics of Pulmonary Nodules and Lung Cancer. Transl Lung Cancer Res (2017) 6(1):86−91. doi: 10.21037/tlcr.2017.01.04

23. Rubin, GD, Lyo, JK, Paik, DS, Sherbondy, AJ, Chow, LC, Leung, AN, et al. Pulmonary Nodules on Multi–Detector Row CT Scans: Performance Comparison of Radiologists and Computer-aided Detection. Radiology (2005) 234(1):274−83. doi: 10.1148/radiol.2341040589

24. Balagurunathan, Y, Schabath, MB, Wang, H, Liu, Y, and Gillies, RJ. Quantitative Imaging Features Improve Discrimination of Malignancy in Pulmonary Nodules. Sci Rep (2019) 9(1):1−14. doi: 10.1038/s41598-019-44562-z

25. Hawkins, S, Wang, H, Liu, Y, Garcia, A, Stringfield, O, Krewer, H, et al. Predicting Malignant Nodules From Screening Cts. J Thorac Oncol Off Publ Int Assoc Study Lung Cancer (2016) 11(12):2120−8. doi: 10.1016/j.jtho.2016.07.002

26. Talwar, A, Rahman, NM, Kadir, T, Pickup, LC, and Gleeson, F. A Retrospective Validation Study of Three Models to Estimate the Probability of Malignancy in Patients With Small Pulmonary Nodules From a Tertiary Oncology Follow-Up Centre. Clin Radiol févr (2017) 72(2):177.e1–8. doi: 10.1016/j.crad.2016.09.014

27. Godoy, MCB, Odisio, EGLC, Truong, MT, de Groot, PM, Shroff, GS, and Erasmus, JJ. Pulmonary Nodule Management in Lung Cancer Screening: A Pictorial Review of Lung-RADS Version 1.0. Radiol Clin North Am (2018) 56(3):353−63. doi: 10.1016/j.rcl.2018.01.003

28. Wang, J, Liu, X, Dong, D, Song, J, Xu, M, Zang, Y, et al. Prediction of Malignant and Benign of Lung Tumor Using a Quantitative Radiomic Method. In: 2016 38th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (Embc) (2016). p. 1272−5. doi: 10.1109/EMBC.2016.7590938

29. Zhang, T, Yuan, M, Zhong, Y, Zhang, Y-D, Li, H, Wu, J-F, et al. Differentiation of Focal Organising Pneumonia and Peripheral Adenocarcinoma in Solid Lung Lesions Using Thin-Section CT-based Radiomics. Clin Radiol (2019) 74(1):78.e23–30. doi: 10.1016/j.crad.2018.08.014

30. Wu, W, Pierce, LA, Zhang, Y, Pipavath, SNJ, Randolph, TW, Lastwika, KJ, et al. Comparison of Prediction Models With Radiological Semantic Features and Radiomics in Lung Cancer Diagnosis of the Pulmonary Nodules: A Case-Control Study. Eur Radiol (2019) 29(11):6100−8. doi: 10.1007/s00330-019-06213-9

31. Dilger, SK, Uthoff, J, Judisch, A, Hammond, E, Mott, SL, Smith, BJ, et al. Improved Pulmonary Nodule Classification Utilizing Quantitative Lung Parenchyma Features. J Med Imaging (2015) 2(4):041004. doi: 10.1117/1.JMI.2.4.041004

32. da Silva, GLF, Valente, TLA, Silva, AC, de Paiva, AC, and Gattass, M. Convolutional Neural Network-Based PSO for Lung Nodule False Positive Reduction on CT Images. Comput Methods Programs BioMed (2018) 162:109−18. doi: 10.1016/j.cmpb.2018.05.006

33. Li, W, Cao, P, Zhao, D, and Wang, J. Pulmonary Nodule Classification With Deep Convolutional Neural Networks on Computed Tomography Images. Comput Math Methods Med (2016) 2016:6215085. doi: 10.1155/2016/6215085

34. Shen, W, Zhou, M, Yang, F, Yang, C, and Tian, J. Multi-Scale Convolutional Neural Networks for Lung Nodule Classification. Inf Process Med Imaging Proc Conf (2015) 24:588−99. doi: 10.1007/978-3-319-19992-4_46

35. Kumar, D, Wong, A, and Clausi, DA. Lung Nodule Classification Using Deep Features in CT Images. In: 2015 12th Conference on Computer and Robot Vision (2015). p. 133−8. doi: 10.1109/CRV.2015.25

36. Golan, R, Jacob, C, and Denzinger, J. Lung Nodule Detection in CT Images Using Deep Convolutional Neural Networks. In: 2016 International Joint Conference on Neural Networks (Ijcnn) (2016). p. 243−50. doi: 10.1109/IJCNN.2016.7727205

37. Ciompi, F, Chung, K, van Riel, SJ, Setio, AAA, Gerke, PK, Jacobs, C, et al. Towards Automatic Pulmonary Nodule Management in Lung Cancer Screening With Deep Learning. Sci Rep (2017) 7(1):46479. doi: 10.1038/srep46479

38. Causey, JL, Zhang, J, Ma, S, Jiang, B, Qualls, JA, Politte, DG, et al. Highly Accurate Model for Prediction of Lung Nodule Malignancy With CT Scans. Sci Rep (2018) 8(1):9286. doi: 10.1038/s41598-018-27569-w

39. Chen, C-H, Chang, C-K, Tu, C-Y, Liao, W-C, Wu, B-R, Chou, K-T, et al. Radiomic Features Analysis in Computed Tomography Images of Lung Nodule Classification. PloS One (2018) 13(2):e0192002. doi: 10.1371/journal.pone.0192002

40. Wu, W, Parmar, C, Grossmann, P, Quackenbush, J, Lambin, P, Bussink, J, et al. Exploratory Study to Identify Radiomics Classifiers for Lung Cancer Histology. Front Oncol (2016) 6:71. doi: 10.3389/fonc.2016.00071

41. Ferreira Junior, JR, Koenigkam-Santos, M, Cipriano, FEG, Fabro, AT, and de Azevedo-Marques, PM. Radiomics-Based Features for Pattern Recognition of Lung Cancer Histopathology and Metastases. Comput Methods Programs BioMed (2018) 159:23−30. doi: 10.1016/j.cmpb.2018.02.015

42. Hirsch, FR, Scagliotti, GV, Mulshine, JL, Kwon, R, Curran, WJ, Wu, Y-L, et al. Lung Cancer: Current Therapies and New Targeted Treatments. Lancet Lond Engl (2017) 389(10066):299−311. doi: 10.1016/S0140-6736(16)30958-8

43. Santarpia, M, Liguori, A, D’Aveni, A, Karachaliou, N, Gonzalez-Cao, M, Daffinà, MG, et al. Liquid Biopsy for Lung Cancer Early Detection. J Thorac Dis (2018) 10(Suppl 7):S882−97. doi: 10.21037/jtd.2018.03.81

44. Ye, M, Li, S, Huang, W, Wang, C, Liu, L, Liu, J, et al. Comprehensive Targeted Super-Deep Next Generation Sequencing Enhances Differential Diagnosis of Solitary Pulmonary Nodules. J Thorac Dis avr (2018) 10(Suppl 7):S820−9. doi: 10.21037/jtd.2018.04.09

45. Zhang, L, Chen, B, Liu, X, Song, J, Fang, M, Hu, C, et al. Quantitative Biomarkers for Prediction of Epidermal Growth Factor Receptor Mutation in Non-Small Cell Lung Cancer. Transl Oncol (2017) 11(1):94−101. doi: 10.1016/j.tranon.2017.10.012

46. Velazquez, ER, Parmar, C, Liu, Y, Coroller, TP, Cruz, G, Stringfield, O, et al. Somatic Mutations Drive Distinct Imaging Phenotypes in Lung Cancer. Cancer Res (2017) 77(14):3922−30. doi: 10.1158/0008-5472.CAN-17-0122

47. Zhao, W, Wu, Y, Xu, Y, Sun, Y, Gao, P, Tan, M, et al. The Potential of Radiomics Nomogram in Non-invasively Prediction of Epidermal Growth Factor Receptor Mutation Status and Subtypes in Lung Adenocarcinoma. Front Oncol (2019) 9:1485. doi: 10.3389/fonc.2019.01485

48. Wang, S, Shi, J, Ye, Z, Dong, D, Yu, D, Zhou, M, et al. Predicting EGFR Mutation Status in Lung Adenocarcinoma on Computed Tomography Image Using Deep Learning. Eur Respir J (2019) 53(3). doi: 10.1183/13993003.00986-2018

49. Zhang, J, Zhao, X, Zhao, Y, Zhang, J, Zhang, Z, Wang, J, et al. Value of Pre-Therapy 18F-FDG PET/CT Radiomics in Predicting EGFR Mutation Status in Patients With non-Small Cell Lung Cancer. Eur J Nucl Med Mol Imaging (2020) 47(5):1137−46. doi: 10.1007/s00259-019-04592-1

50. Yamamoto, S, Korn, RL, Oklu, R, Migdal, C, Gotway, MB, Weiss, GJ, et al. ALK Molecular Phenotype in non-Small Cell Lung Cancer: CT Radiogenomic Characterization. Radiology (2014) 272(2):568−76. doi: 10.1148/radiol.14140789

51. Yoon, HJ, Sohn, I, Cho, JH, Lee, HY, Kim, J-H, Choi, Y-L, et al. Decoding Tumor Phenotypes for ALK, ROS1, and RET Fusions in Lung Adenocarcinoma Using a Radiomics Approach. Med (Baltimore) (2015) 94(41):e1753. doi: 10.1097/MD.0000000000001753

52. Dissaux, G, Visvikis, D, Da-Ano, R, Pradier, O, Chajon, E, Barillot, I, et al. Pretreatment 18F-FDG PET/CT Radiomics Predict Local Recurrence in Patients Treated With Stereotactic Body Radiotherapy for Early-Stage non-Small Cell Lung Cancer: A Multicentric Study. J Nucl Med Off Publ Soc Nucl Med (2020) 61(6):814−20. doi: 10.2967/jnumed.119.228106

53. Huynh, E, Coroller, TP, Narayan, V, Agrawal, V, Hou, Y, Romano, J, et al. CT-Based Radiomic Analysis of Stereotactic Body Radiation Therapy Patients With Lung Cancer. Radiother Oncol J Eur Soc Ther Radiol Oncol (2016) 120(2):258−66. doi: 10.1016/j.radonc.2016.05.024

54. Zhang, Y, Oikonomou, A, Wong, A, Haider, MA, and Khalvati, F. Radiomics-Based Prognosis Analysis for Non-Small Cell Lung Cancer. Sci Rep (2017) 7:46349. doi: 10.1038/srep46349

55. Yu, W, Tang, C, Hobbs, BP, Li, X, Koay, EJ, Wistuba, II, et al. Development and Validation of a Predictive Radiomics Model for Clinical Outcomes in Stage I non-Small Cell Lung Cancer. Int J Radiat Oncol Biol Phys (2018) 102(4):1090−7. doi: 10.1016/j.ijrobp.2017.10.046

56. Hawkins, SH, Korecki, JN, Balagurunathan, Y, Gu, Y, Kumar, V, Basu, S, et al. Predicting Outcomes of Nonsmall Cell Lung Cancer Using Ct Image Features. IEEE Access (2014) 2:1418−26. doi: 10.1109/ACCESS.2014.2373335

57. Aerts, HJWL, Velazquez, ER, Leijenaar, RTH, Parmar, C, Grossmann, P, Carvalho, S, et al. Decoding Tumour Phenotype by Noninvasive Imaging Using a Quantitative Radiomics Approach. Nat Commun (3) juin 20145(1):4006. doi: 10.1038/ncomms5006

58. Hosny, A, Parmar, C, Coroller, TP, Grossmann, P, Zeleznik, R, Kumar, A, et al. Deep Learning for Lung Cancer Prognostication: A Retrospective Multi-Cohort Radiomics Study. PloS Med (2018) 15(11):e1002711. doi: 10.1371/journal.pmed.1002711

59. Mattonen, SA, Palma, DA, Johnson, C, Louie, AV, Landis, M, Rodrigues, G, et al. Detection of Local Cancer Recurrence After Stereotactic Ablative Radiation Therapy for Lung Cancer: Physician Performance Versus Radiomic Assessment. Int J Radiat Oncol Biol Phys (2016) 94(5):1121−8. doi: 10.1016/j.ijrobp.2015.12.369

60. Liang, B, Yan, H, Tian, Y, Chen, X, Yan, L, Zhang, T, et al. Dosiomics: Extracting 3d Spatial Features From Dose Distribution to Predict Incidence of Radiation Pneumonitis. Front Oncol (2019) 9:269. doi: 10.3389/fonc.2019.00269

61. Coroller, TP, Agrawal, V, Narayan, V, Hou, Y, Grossmann, P, Lee, SW, et al. Radiomic Phenotype Features Predict Pathological Response in non-Small Cell Lung Cancer. Radiother Oncol (2016) 119(3):480−6. doi: 10.1016/j.radonc.2016.04.004

62. Lou, B, Doken, S, Zhuang, T, Wingerter, D, Gidwani, M, Mistry, N, et al. An Image-Based Deep Learning Framework for Individualising Radiotherapy Dose: A Retrospective Analysis of Outcome Prediction. Lancet Digit Health (2019) 1(3):e136−47. doi: 10.1016/S2589-7500(19)30058-5

63. Khorrami, M, Khunger, M, Zagouras, A, Patil, P, Thawani, R, Bera, K, et al. Combination of Peri- and Intratumoral Radiomic Features on Baseline Ct Scans Predicts Response to Chemotherapy in Lung Adenocarcinoma. Radiol Artif Intell (2019) 1(2):180012. doi: 10.1148/ryai.2019180012

64. Kim, H, Park, CM, Keam, B, Park, SJ, Kim, M, Kim, TM, et al. The Prognostic Value of CT Radiomic Features for Patients With Pulmonary Adenocarcinoma Treated With EGFR Tyrosine Kinase Inhibitors. PloS One (2017) 12(11):e0187500. doi: 10.1371/journal.pone.0187500

65. Sun, R, Limkin, EJ, Vakalopoulou, M, Dercle, L, Champiat, S, Han, SR, et al. A Radiomics Approach to Assess Tumour-Infiltrating CD8 Cells and Response to anti-PD-1 or anti-PD-L1 Immunotherapy: An Imaging Biomarker, Retrospective Multicohort Study. Lancet Oncol (2018) 19(9):1180−91. doi: 10.1016/S1470-2045(18)30413-3

66. Postmus, PE, Kerr, KM, Oudkerk, M, Senan, S, Waller, DA, Vansteenkiste, J, et al. Early and Locally Advanced non-Small-Cell Lung Cancer (NSCLC): ESMO Clinical Practice Guidelines for Diagnosis, Treatment and Follow-Up. Ann Oncol Off J Eur Soc Med Oncol (2017) 28(suppl_4):iv1−21. doi: 10.1093/annonc/mdx222

67. Bibault, J-E, Fumagalli, I, Ferté, C, Chargari, C, Soria, J-C, and Deutsch, E. Personalized Radiation Therapy and Biomarker-Driven Treatment Strategies: A Systematic Review. Cancer Metastasis Rev (2013) 32(3−4):479−92. doi: 10.1007/s10555-013-9419-7

68. Huynh, E, Coroller, TP, Narayan, V, Agrawal, V, Hou, Y, Romano, J, et al. CT-Based Radiomic Analysis of Stereotactic Body Radiation Therapy Patients With Lung Cancer. Radiother Oncol J Eur Soc Ther Radiol Oncol (2016) 120(2):258−66. doi: 10.1016/j.radonc.2016.05.024

69. Krafft, SP, Rao, A, Stingo, F, Briere, TM, Court, LE, Liao, Z, et al. The Utility of Quantitative CT Radiomics Features for Improved Prediction of Radiation Pneumonitis. Med Phys (2018) 45(11):5317−24. doi: 10.1002/mp.13150

70. Mattonen, SA, Palma, DA, Haasbeek, CJA, Senan, S, and Ward, AD. Early Prediction of Tumor Recurrence Based on CT Texture Changes After Stereotactic Ablative Radiotherapy (SABR) for Lung Cancer. Med Phys mars (2014) 41(3):033502. doi: 10.1118/1.4866219

71. Moran, A, Daly, ME, Yip, SSF, and Yamamoto, T. Radiomics-Based Assessment of Radiation-induced Lung Injury After Stereotactic Body Radiotherapy. Clin Lung Cancer (2017) 18(6):e425−31. doi: 10.1016/j.cllc.2017.05.014

72. Orlhac, F, Boughdad, S, Philippe, C, Stalla-Bourdillon, H, Nioche, C, Champion, L, et al. A Postreconstruction Harmonization Method for Multicenter Radiomic Studies in PET. J Nucl Med Off Publ Soc Nucl Med (2018) 59(8):1321−8. doi: 10.2967/jnumed.117.199935

73. Chen, S, Zhou, S, Yin, F-F, Marks, LB, and Das, SK. Investigation of the Support Vector Machine Algorithm to Predict Lung Radiation-Induced Pneumonitis. Med Phys (2007) 34(10):3808−14. doi: 10.1118/1.2776669

74. Baek, S, He, Y, Allen, BG, Buatti, JM, Smith, BJ, Tong, L, et al. Deep Segmentation Networks Predict Survival of non-Small Cell Lung Cancer. Sci Rep (2019) 9(1):17286. doi: 10.1038/s41598-019-53461-2

75. Thery, L, Meddis, A, Cabel, L, Proudhon, C, Latouche, A, Pierga, J-Y, et al. Circulating Tumor Cells in Early Breast Cancer. JNCI Cancer Spectr (2019) 3(2):pkz026. doi: 10.1093/jncics/pkz026

76. Nardone, V, Reginelli, A, Guida, C, Belfiore, MP, Biondi, M, Mormile, M, et al. Delta-Radiomics Increases Multicentre Reproducibility: A Phantom Study. Med Oncol Northwood Lond Engl (31) mars 202037(5):38. doi: 10.1007/s12032-020-01359-9

77. Fave, X, Zhang, L, Yang, J, Mackin, D, Balter, P, Gomez, D, et al. Delta-Radiomics Features for the Prediction of Patient Outcomes in non-Small Cell Lung Cancer. Sci Rep (03) 20177(1):588. doi: 10.1038/s41598-017-00665-z

78. Shi, L, Rong, Y, Daly, M, Dyer, B, Benedict, S, Qiu, J, et al. Cone-Beam Computed Tomography-Based Delta-Radiomics for Early Response Assessment in Radiotherapy for Locally Advanced Lung Cancer. Phys Med Biol (10) 202065(1):015009. doi: 10.1088/1361-6560/ab3247

79. Xu, Y, Hosny, A, Zeleznik, R, Parmar, C, Coroller, T, Franco, I, et al. Deep Learning Predicts Lung Cancer Treatment Response From Serial Medical Imaging. Clin Cancer Res (2019) 25(11):3266−75. doi: 10.1158/1078-0432.CCR-18-2495

80. Ettinger, DS, Wood, DE, Aggarwal, C, Aisner, DL, Akerley, W, Bauman, JR, et al. Nccn Guidelines Insights: Non-Small Cell Lung Cancer, Version 1.2020. J Natl Compr Cancer Netw JNCCN (2019) 17(12):1464−72. doi: 10.6004/jnccn.2019.0059

81. Reck, M, Rodríguez-Abreu, D, Robinson, AG, Hui, R, Csőszi, T, Fülöp, A, et al. Pembrolizumab Versus Chemotherapy for PD-L1-Positive non-Small-Cell Lung Cancer. N Engl J Med (2016) 375(19):1823−33. doi: 10.1056/NEJMoa1606774

82. Aerts, HJWL, Grossmann, P, Tan, Y, Oxnard, GR, Rizvi, N, Schwartz, LH, et al. Defining a Radiomic Response Phenotype: A Pilot Study Using Targeted Therapy in NSCLC. Sci Rep (20) sept 20166(1):33860. doi: 10.1038/srep41197

83. Limkin, EJ, and Sun, R. Radiomics to Predict Response to Immunotherapy: An Imminent Reality? Future Oncol (2020) 16(23):1673−6. doi: 10.2217/fon-2020-0015

84. Mu, W, Qi, J, Lu, H, Schabath, M, Balagurunathan, Y, Tunali, I, et al. Radiomic Biomarkers From PET/CT Multi-Modality Fusion Images for the Prediction of Immunotherapy Response in Advanced non-Small Cell Lung Cancer Patients. (2018) 0575:105753S. doi: 10.1117/12.2293376

85. Jiang, M, Sun, D, Guo, Y, Guo, Y, Xiao, J, Wang, L, et al. Assessing PD-L1 Expression Level by Radiomic Features From PET/CT in Nonsmall Cell Lung Cancer Patients: An Initial Result. Acad Radiol (2020) 27(2):171−9. doi: 10.1016/j.acra.2019.04.016

86. Colen, RR, Fujii, T, Bilen, MA, Kotrotsou, A, Abrol, S, Hess, KR, et al. Radiomics to Predict Immunotherapy-Induced Pneumonitis: Proof of Concept. Invest New Drugs (2018) 36(4):601−7. doi: 10.1007/s10637-017-0524-2

87. Bibault, J-E, Xing, L, Giraud, P, El Ayachy, R, Giraud, N, Decazes, P, et al. Radiomics: A Primer for the Radiation Oncologist. Cancer Radiother J Soc Francaise Radiother Oncol (2020) 24(5):403−10. doi: 10.1016/j.canrad.2020.01.011

88. Postmus, PE, Kerr, KM, Oudkerk, M, Senan, S, Waller, DA, Vansteenkiste, J, et al. Early and Locally Advanced non-Small-Cell Lung Cancer (NSCLC): ESMO Clinical Practice Guidelines for Diagnosis, Treatment and Follow-Up†. Ann Oncol (2017) 28:iv1−21. doi: 10.1093/annonc/mdx222

89. Sestak, I. Risk Stratification in Early Breast Cancer in Premenopausal and Postmenopausal Women: Integrating Genomic Assays With Clinicopathological Features. Curr Opin Oncol (2019) 31(1):29−34. doi: 10.1097/CCO.0000000000000490

90. Echegaray, S, Gevaert, O, Shah, R, Kamaya, A, Louie, J, Kothary, N, et al. Core Samples for Radiomics Features That are Insensitive to Tumor Segmentation: Method and Pilot Study Using CT Images of Hepatocellular Carcinoma. J Med Imaging Bellingham Wash (2015) 2(4):041011. doi: 10.1117/1.JMI.2.4.041011

91. LeCun, Y, Bengio, Y, and Hinton, G. Deep Learning. Nature (2015) 521(7553):436−44. doi: 10.1038/nature14539

92. Suzuki, K. Pixel-Based Machine Learning in Medical Imaging. Int J BioMed Imaging (2012) 2012:792079. doi: 10.1155/2012/792079

93. Dou, TH, Coroller, TP, van Griethuysen, JJM, Mak, RH, and Aerts, HJWL. Peritumoral Radiomics Features Predict Distant Metastasis in Locally Advanced NSCLC. PloS One (2018) 13(11):e0206108. doi: 10.1371/journal.pone.0206108

94. Hao, H, Zhou, Z, Li, S, Maquilan, G, Folkert, MR, Iyengar, P, et al. Shell Feature: A New Radiomics Descriptor for Predicting Distant Failure After Radiotherapy in non-Small Cell Lung Cancer and Cervix Cancer. Phys Med Biol (2018) 63(9):095007. doi: 10.1088/1361-6560/aabb5e

95. Ather, S, Kadir, T, and Gleeson, F. Artificial Intelligence and Radiomics in Pulmonary Nodule Management: Current Status and Future Applications. Clin Radiol (2020) 75(1):13−9. doi: 10.1016/j.crad.2019.04.017

96. Pinto Dos Santos, D, Dietzel, M, and Baessler, B. A Decade of Radiomics Research: Are Images Really Data or Just Patterns in the Noise? Eur Radiol (2021) ;31(1):1−4. doi: 10.1007/s00330-020-07108-w

97. Collins, GS, Reitsma, JB, Altman, DG, and Moons, KGM. Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD): The TRIPOD Statement. BMJ (2015) 350:g7594. doi: 10.1136/bmj.g7594

98. Park, JE, Kim, D, Kim, HS, Park, SY, Kim, JY, Cho, SJ, et al. Quality of Science and Reporting of Radiomics in Oncologic Studies: Room for Improvement According to Radiomics Quality Score and TRIPOD Statement. Eur Radiol (2020) 30(1):523−36. doi: 10.1007/s00330-019-06360-z

99. Mongan, J, Moy, L, and Kahn, CE. Checklist for Artificial Intelligence in Medical Imaging (Claim): A Guide for Authors and Reviewers. Radiol Artif Intell (1) mars 20202(2):e200029. doi: 10.1148/ryai.2020200029

100. Berenguer, R, Pastor-Juan, MDR, Canales-Vázquez, J, Castro-García, M, Villas, MV, Mansilla Legorburo, F, et al. Radiomics of CT Features May be Nonreproducible and Redundant: Influence of CT Acquisition Parameters. Radiology (2018) 288(2):407−15. doi: 10.1148/radiol.2018172361

101. Espinasse, M, Pitre-Champagnat, S, Charmettant, B, Bidault, F, Volk, A, Balleyguier, C, et al. Ct Texture Analysis Challenges: Influence of Acquisition and Reconstruction Parameters: A Comprehensive Review. Diagnostics (2020) 10(5):258. doi: 10.3390/diagnostics10050258

102. Kaalep, A, Sera, T, Rijnsdorp, S, Yaqub, M, Talsma, A, Lodge, MA, et al. Feasibility of State of the Art PET/CT Systems Performance Harmonisation. Eur J Nucl Med Mol Imaging (2018) 45(8):1344−61. doi: 10.1007/s00259-018-3977-4

103. Choe, J, Lee, SM, Do, K-H, Lee, G, Lee, J-G, Lee, SM, et al. Deep Learning-based Image Conversion of CT Reconstruction Kernels Improves Radiomics Reproducibility for Pulmonary Nodules or Masses. Radiology (2019) 292(2):365−73. doi: 10.1148/radiol.2019181960

104. Dewey, M, Bosserdt, M, Dodd, JD, Thun, S, and Kressel, HY. Clinical Imaging Research: Higher Evidence, Global Collaboration, Improved Reporting, and Data Sharing Are the Grand Challenges. Radiology (2019) 291(3):547−52. doi: 10.1148/radiol.2019181796

105. Liu, Z, Wang, S, Dong, D, Wei, J, Fang, C, Zhou, X, et al. The Applications of Radiomics in Precision Diagnosis and Treatment of Oncology: Opportunities and Challenges. Theranostics (2019) 9(5):1303−22. doi: 10.7150/thno.30309

106. Clark, K, Vendt, B, Smith, K, Freymann, J, Kirby, J, Koppel, P, et al. The Cancer Imaging Archive (Tcia): Maintaining and Operating a Public Information Repository. J Digit Imaging (2013) 26(6):1045−57. doi: 10.1007/s10278-013-9622-7

107. Foy, J-P, Durdux, C, Giraud, P, and Bibault, J-E. Re: The Rise of Radiomics and Implications for Oncologic Management. JNCI J Natl Cancer Inst (2018) 110(11):1275−6. doi: 10.1093/jnci/djy037

108. Topol, EJ. High-Performance Medicine: The Convergence of Human and Artificial Intelligence. Nat Med (2019) 25(1):44. doi: 10.1038/s41591-018-0300-7

109. Liang, Z-G, Tan, HQ, Zhang, F, Rui Tan, LK, Lin, L, Lenkowicz, J, et al. Comparison of Radiomics Tools for Image Analyses and Clinical Prediction in Nasopharyngeal Carcinoma. Br J Radiol (2019) 92(1102):20190271. doi: 10.1259/bjr.20190271

110. Foy, JJ, Robinson, KR, Li, H, Giger, ML, Al-Hallaq, H, and Armato, SG. Variation in Algorithm Implementation Across Radiomics Software. J Med Imaging Bellingham Wash (2018) 5(4):044505. doi: 10.1117/1.JMI.5.4.044505

111. Zwanenburg, A, Vallières, M, Abdalah, MA, Aerts, HJWL, Andrearczyk, V, Apte, A, et al. The Image Biomarker Standardization Initiative: Standardized Quantitative Radiomics for High-Throughput Image-Based Phenotyping. Radiology (2020) 295(2):328−38. doi: 10.1148/radiol.2020191145

112. Fornacon-Wood, I, Mistry, H, Ackermann, CJ, Blackhall, F, McPartlin, A, Faivre-Finn, C, et al. Reliability and Prognostic Value of Radiomic Features are Highly Dependent on Choice of Feature Extraction Platform. Eur Radiol (2020) 30(11):6241−50. doi: 10.1007/s00330-020-06957-9

113. Bibault, J-E, Chaix, B, Nectoux, P, Pienkowski, A, Guillemasé, A, and Brouard, B. Healthcare Ex Machina: Are Conversational Agents Ready for Prime Time in Oncology? Clin Transl Radiat Oncol (2019) 16:55−9. doi: 10.1016/j.ctro.2019.04.002

114. Pelayo, S, and Senathirajah, Y. Section Editors for the IMIA Yearbook Section on Human Factors and Organizational Issues. Human Factors and Sociotechnical Issues. Yearb Med Inform (2019) 28(1):78−80. doi: 10.1055/s-0039-1677927



Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 El Ayachy, Giraud, Giraud, Durdux, Giraud, Burgun and Bibault. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-11-603595-g001.jpg





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        The Role of Radiomics in Lung Cancer: From Screening to Treatment and Follow-Up

      

        		

          Purpose

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          Introduction

        



        		

          Materials and Methods

        



        		

          Results

        

          		

            Characterization of Lung Abnormalities

          



          		

            Histology and Radio-Genomics

          



          		

            Treatment Outcome

          

            		

              Radiotherapy

            



            		

              After Systemic Treatments

            



          



          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Author Contributions

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Reference Application  Numberof Imaging  Algorithm  Segmentation  Feature Noof  Valdation Resuts

cases  modaity pes foatures
pistology subtypos
Woetd.(10)  Prodcioncifissogy 350 (198kc T Navo Bayes Manvaly Swpe. 5 ndkpendent AUCOTZ
stpe Tranng) cassfor  segnenied 1% o,
2 crder
Rariory Forra Prodicion of istoogy  68(E2%r O RBEbwed  SemiAuomatcdy Srape, 100 Sanplespit AUCOTT
tal (i) sipe Trining) A sogroned 1o,
7ot
Genormic attorations
Zurgetd.  PredcionolEGFR 180 (140fr CT mutvarste  Mancaty Ceicd, 7 Samplospit AUCOST
) mutaton Traniog) aayss  segreted  Sape,
T ocer,
2 crder
Veszquez et al. Predcion of EGFRand 381 (190for G #ro Naruaty Cici, 25 Indkpendnt AUCOSS
e KRS mutaton Traiog) sogmentod  Stape,
T orer,
2 order
Teostal (i) Predcionol EGFR 637 (B22f0r CT mutvarate  Manuaty Crica, 11 Samplaspit AUCOTS
suonpe Traiog) aayss  segreted  Sape,
T ocer,
29 order
Wang 612 (16) Progcion oEGFR 843608 for T o Noral Dop  NE ndeperdent AUCOST
utaton Treong) sognentaton_ teaturos
Zungetd.  ProocionolEGR  248(175kc PELCT  Logsic  SomiAomaicaly Oiicd, 1 Sanplespit AUGOST
) mutaton Traniog) rogesson  segmened  Shapo,
T o,
7% ot
Voonetal 51 Preditonof ALK status 539 PETCT logsic  SoAvomaicay Crica, 7 Cuoss  sensiviyand
rgesson segmented  Shape, vaidsion  speciity, 073 and
T orer, 070, rosectiely
2 order

ALK anopast ymphoma kinasa; AN, atfa el network. AU, aoa under thocuve; CNN, convoltonalnosal potwor: G, computed omoggaphy. EGFR,apidomnal growth
Bl omotic IV, Aabi o aencouiss skl ACCON homo b, ME. nol evakubin: BET: noaon aliiinn aioiaine A aidiilBaat Sndiive UL Suisas vacicr Machisn





OEBPS/Images/fonc.2021.603595_cover.jpg
, frontiers
in Oncology

The Role of Radiomics in Lung
Cancer: From Screening to
Treatment and Follow-Up





OEBPS/Images/table3.jpg
Referonce  Application  Number

of cases.

Radiotherapy

Dssax  Localcontolafter 87 (64

ctal.(52) S8R for
Traning)

Hamh  Ovoomesaer 113

ctal () SBAT

Zang  Ovoomesater 112

etal.(54)  SBAT

Vetd.  Ouicomeofsiagel 442(147

) NSCLC for
Traning)

Havkins  Ouiooma of 81

tal. (56  NSCLC

herts tal. OS OINSCLCand 1019

1) N cancer wrator
Taning)

Hosy  OSowcomoot 1194
da.(s6) sugolandl  (8Blor
NSCLC Traning)

Matooen  Diterentatocaty 45
etal (59)  recurenco fom

R post SBAT
Uang ot . Predicton of o
) raciaton

pneumontts

Coroter  Precict pathoogieal 127
etal.(61)  response afer

chemoradaton

Louetd.  Localconvlafer 944 (849

) seAT for
Traning)

Systomic troatmont

Knovam  Responso 0 1% 125 (63

elal.(69) o chemotherapy  for
Trning)

Kmetal. Resporsoto 1™ 48

9 0 EGFRTH

Snctal  Ouicomo antPD-1 272(135
) adantiPOLI  for
eatment Traning)

Imaging
modality

oT-pev/
ot

ot
ot

cras
montns

seAT
CTwin

datrbusion
ot

ot

ot

Feature
seloction
‘mothod

<

warate

TR

Mutiarte
regression

Ne

Uniarate

Basticnot
reguiarized
rogression

Model
algorithm

Motariste

Docision veo

Mutaristo
rogrossion

Mutaristo

Motaristo

Eastonot
requiarized
fogresson

‘Segmentation

automaticaty +
manualy
Manuaty

Manvaty

Manuaty

Feature.

Cincal

1 o,
29 ordr

toohrical,

1 ordor,
29 order

No.of
features

2pEn

15

NE

NE

Validation

Resuts

Accuracy 091

Cindox o033 for
08(g = 00016)
0s:AUC 077

08: log rank
p=00173;

HR 1,02, p= 0.0438
Aouracy 0.78

Cindex 065

AUC 071 200070
o adiotherapy and
surgery sets

AU 085

AL o078

A 068

Gindex0.77

A 077

Cindex 0.77

08 HROS:
p=00022

AUG, aea under tho curvs; GAN, convoltona! nural networ; CT, comgued omograpty; LASSO, kast absok siinkage and sokcton opeate; LOOCY, lave-ano-au cross
iahton: NE, ot g1 OS, ool sunval POA, Prnciplo Component Analss: PET, posiron amission (rmogaphy: ODA, Quadia dsormoant anayss: RFC, Random Foes

PRI QO TN





OEBPS/Images/fonc-11-603595-g002.jpg
Variabie2






OEBPS/Images/logo.jpg
’ frontiers
in Oncology





OEBPS/Images/fonc-11-603595-g003.jpg
variable 2

Original data
° ...
o0 4+

\ kernel function

Linear
hyperplane
decision

Data with kernel

variable 2






OEBPS/Images/table1.jpg
Reference Number of

cases.
Havkins o 2. (25 598
Saagunnatan 479
etal. 24) ator
Traning)
Wangetd.(28 5%
(0o tor
Tranng)
Crnata.G9) 72
Digeretal. () 50

Causeyetal. (38 1065

Imaging
modalty

or

ot

Algorithm

RFC

Uear

o
RFC

Segmentation

‘Somi-automaticaty sogrmented
‘Semi-automatcaly segmented

‘Semi-automaticaly ssgmenied

Manuaty sogmentod

Manualy sogmented + suroundng kg

parenchyma

Somi-Automatic + manualy segmented
radomics.

Feature
types.

Snape +,
1 order
Snape.

1 order,
2 ordor
snape
1 order,
29 ordor
snape,
1 order,
29 order
snape,

1 orger,
29 order
Oeep
foatures

Noof
features

NE

Validation  Results

Coss  AUCOB3al
vaidation  year
Spitsanple AUCO83

Spitsampe Accuracy 86%

Coss  Acowacy

vaidaton 84%
Coss  AUCOSE
vaidation

Spitsanple AUC099

ANN, il pceal network: AUC, aroa uor tho curve; CNN, convoltonsl neural networ: CT, compuled omogeaphy; NE, ncl evakiatle; PSO, patcy swam optization;
BP0 it s sl SUAL aibodet vacitramioliia





