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Checkpoint inhibitor-related pneumonitis (CIP) is a complication of immunotherapy for malignant tumors that severely limits the treatment cycles as well as endangers patients’ health. The chest CT imaging features or typing of CIP and the application of radiomics will contribute to the precise prevention, early diagnosis and instant treatment of CIP. This article reviews the advances in the CT features and the application of radiomics in CIP.
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Introduction

Programmed death 1 (PD1)/programmed death-ligand 1 (PD-L1) targeted immune checkpoint inhibitors (ICIs) have revolutionized cancer treatment. With the continuous publication of results from large randomized controlled clinical studies, ICIs alone or in combination with radiotherapy, chemotherapy, or anti-angiogenic therapy are becoming the first-line treatment of choice for most major cancer types (1–4). However, the incidence of immunotherapy-related adverse effects (irAEs) is inevitable and relatively high. For example, a meta-analysis with a total of 1063 Chinese patients in 13 clinical studies enrolled, of whom 922 (86.7%) received ICIs monotherapy and 141 (13.3%) received ICIs plus chemotherapy or anti-angiogenesis, reported that the incidence of irAEs of any grade was 43.3%, and 4.3% of patients discontinued the treatment due to the severe irAEs (5). The incidence of checkpoint inhibitor-related pneumonitis (CIP) was reported to range from 1%-4% with single-agent immunotherapy (6) and up to 6.6% with combined strategies (7). Early clinical symptoms are not easy to detect, and severe grade 3-5 CIP may lead to severe respiratory failure and is one of the major fatal adverse reactions, so it is urgent to identify or predict the occurrence of immunotherapy-related pneumonitis accurately.

CIP can be diagnosed by meeting the following three criteria: (i) history of ICI medication; (ii) newly appeared lung shadow; (iii) excluding lung infection, lung tumor progression, other causes of interstitial lung disease, pulmonary embolism, pulmonary vasculitis and pulmonary edema. However, during the treatment of tumor patients, other factors such as infections, radiation therapy, other drugs such as targeted drugs, chemotherapy, etc. are often mixed, thus it is often difficult to accurately diagnose CIP and select the appropriate treatment plan accordingly timely. Although some biomarkers such as interleukin (IL) including IL2 and IL17a, as well as circulating CD8+ T-cells and neutrophil/lymphocyte ratio have been found to correlate with the incidence of CIP (8). It has also been suggested that chronic lung disease such as chronic obstructive pulmonary disease, emphysema, and interstitial lung disease and history of prior chest radiation therapy may be independent risk factors for the occurrence of CIP, but there are no clear, stable, and mature identification or prediction models that can be applied in the clinical setting.

Radiomics is an emerging technology in medical imaging with the automated extraction of multidimensional imaging data from medical images aiming for comprehensive visualization and characterization of the disease-involved tissue and its microenvironment. Radiomics-based approaches that quantitatively identify associations between the extracted imaging data and clinical characteristics or outcomes and use these associations to construct predictive models thereby providing a solution to clinical problems, such as those that have been developed for identification of benign or malignant small pulmonary nodules, interpretation of COVID-19 pneumonia, and other various aspects of the medical field. While there are many studies on the use of radiomics to predict the efficacy of immunotherapy, there is no systematic review of the emerging field of radiomics to identify or predict the occurrence of CIP, although several studies were published in recent years. Therefore, we attempt to review the relevant content and provide some insights.



CT imaging patterns of CIP

Computed tomography (CT) is an important imaging modality for the diagnosis of lung disease, and the imaging features on CT of the lung are crucial to diagnose CIP correctly. American Thoracic Society/European Respiratory Society (ATS/ERS) revised and supplemented the international consensus on the classification and diagnostic criteria of interstitial pneumonia in 2013 (9), and subsequent scholars have mostly based their phenotypic patterns of CIP images on these criteria, which include organizing pneumonia (OP), nonspecific interstitial pneumonia (NSIP), hypersensitivity pneumonitis (HP), bronchiectasis, and acute interstitial pneumonia - acute respiratory distress syndrome (AIP-ARDS).

In 2016, Naidoo et al. first classified the following imaging subtypes based on CT in 27 patients with CIP: cryptogenic organizing pneumonia (COP) (2/27, 19%), ground glass opacity (GGO) (10/27, 37%), NSIP (2/27, 7%) and HP (6/27, 22%), and not otherwise specified (NOS) pneumonia (4/27, 15%), and found that CT imaging patterns were essentially consistent throughout the patients’ clinical course, except for two patients (10). Lin et al. found that predominant patterns were GGO (43.6%), NSIP (25.5%), COP (18.2%), and follower by NOS (12.7%) based on a similar classification pattern, and AIP-ARDS indicated severe pneumonia (correlation coefficient = 0.707, p < 0.001) (11). However, the above study analyzed the radiographic element GGO together with the imaging patterns, which was not appropriate. According to the diagnostic criteria for interstitial pneumonia published by ATS/ERS, Delaunay et al. instead analyzed in a larger sample size (64 cases) and found COP to be the most common pattern (15/64, 23.4%), followed by HP (10/64, 15.6%), NSIP and bronchiectasis in 7.8% (5/64) and 6.3% (4/64), respectively and another 23 with unspecified pneumonia (35.9%) (12). Subsequent published studies consistently found the COP pattern as the most common type in both lung and non-lung tumors (13–15). There was no significant difference in imaging patterns between early-onset and late-onset CIP (15). The AIP/ARDS type turned out to have the highest adverse effect grade, while NSIP and HP seemed to be mild (median grade: 3, 2, 1, 1; p = 0.006) (13).

Specifically looking at the CT radiographic elements, GGO was the most common feature (52/64, 81.3%), followed by consolidation (34/64, 53.1%), bronchiectasis (11/64, 17.2%), interlobular septal thickening (10/64, 15.6%) and intralobular lines (14/64, 21.9%), etc. and mainly showed diffuse lung involvement (12). Consolidation was common in patients with lung cancer and less frequent in non-lung cancer patients (29%), while nodular lesions were found in only a minority of patients in the non-lung cancer group (29%) (14). Interestingly, Balaji et al. specifically looked at the steroid-refractory CIPs, and reported a similar pattern, with GGOs (50%, 6/12) as the predominant ones and mostly involving bilateral lung fields (75%, 9/12) (16). Similarly, Imran et al. reported a few cases of rapid deterioration even after adequate treatment with CT features of diffuse GGOs (17), however, the imaging features are similar in common CIPs without novel findings, which should be further explored and well organized.



Identification of CIP by CT radiomics

Radiation therapy is often involved and plays an important role in the immunotherapy process, improving local control of the tumor as well as acting as an immune adjuvant to sensitize the efficacy of immunotherapy. However, in the case of non-infectious pneumonia, the attribution of pneumonia by radiation or immunotherapy is often difficult for clinicians to distinguish, thereby making it difficult to treat. Hence, using radiomics to analyze the differences in imaging features between radiation induced pneumonitis (RIP) and CIP and to classify and identify them will help clinical decision making and benefit patients.

The first systematic comparison of CT features of RIP and CIP was performed by Chen et al. at Johns Hopkins University, which included 82 patients: 30 after RT+ICI, 29 after thoracic RT, and 23 after ICI. Compared with RIP, CIP was more likely to be bilateral (65% vs. 28%; p = 0.01), involve more lobes (66% vs. 45%), and was less likely to have sharp borders (17% vs. 59%; p = 0.004). The area under curve (AUC) of the machine learning model to differentiate CIP and RIP reached 0.76 based on the following 7 imaging features: bilateral, number of lobes, volume of lung involved, multifocal, radiographic elements, radiographic patterns, and sharp border (18). A similar radiomics study done by Cheng et al. in China, developed the linear SVM classification model based on three radiomics features (intensity histogram, bag-of-words [BoW] features, and gray-level co-occurrence matrix [GLCM]), and a 10-fold cross-validation in patients receiving only ICI or RT showed robust results with AUCs of 0.937. The model was then tested in patients receiving ICI+RT and could achieve an AUC of 0.896 (19). The retrospective study by Qiu et al. included a larger sample (126 cases) and finally identified the Rad-score (11 imaging histological features) with the potential to distinguish between CIP and RIP, and also found that bilateral involvement and sharp border were associated with the distinguishment of CIP and RIP. Combining the Rad-score and the above two features, authors created a robust model showing good performance in both the training dataset (empirical-based AUCs of 0.953) and the validation dataset (AUC = 0.947) (20), which is also the model with the best recognition performance reported in the literature so far.

These results suggest that CT-based radiomics has good potential in differentiating CIP from RIP in lung cancer and may become a practical tool in the future to provide a valuable differential diagnosis for the attribution of pneumonia in patients treated with concomitant ICI and RT.



Prediction of CIP by CT radiomics

Treatment after the onset of CIP is often difficult to ensure patients’ quality of life and long progression-free survival because of the severity of the disease, making it a hot issue to predict the possible onset of CIP well before ICI treatment and to perform primary prevention or to screen out the optimal population. The earliest exploration was conducted by Colen et al. at MD Anderson, who analyzed a total of 1860 imaging features on baseline chest CT from 2 patients who developed CIP and 30 patients who did not develop CIP. Using feature selection methods of maximum correlation and minimum redundancy, abnormality detection algorithms, and leave-out cross-validation, 2 radiological features with significant differences were finally identified: skewness (a measure of histogram symmetry) and angular variance of the sum of squares (a measure of dispersion) (21). Spiele et al. from the University of Miami, on the other hand, performed a proof of concept for the prediction of pneumonia after radiation therapy combined with immunotherapy in a mouse Lewis lung cancer model. Mice were bilaterally imaged with CT and MRI after subcutaneous tumor formation and blood collection, and then treated with RT of the right abdominal tumor only (3*8Gy) followed by intraperitoneal injection of PD-1 inhibitors. They found that 3 CT radiomic features (mean grayscale, histogram kurtosis and co-occurrence matrix entropy) and 1 MRI feature (histogram kurtosis) together with baseline neutrophil-to-lymphocyte ratio (NLR) and granulocyte-macrophage colony-stimulating factor (GMSF) levels were positively correlated with CD45 infiltration (22). However, it is important to note that this model only assessed the CD45 infiltration levels to indicate the occurrence of pneumonia is not sufficiently reasonable and could not distinguish between RIP and CIP. Recently, Tan et al. retrospectively collected baseline CT images and clinical data from 24 patients who experienced CIP after immunotherapy and 24 controls who did not experience CIP. The model was pre-trained using a two-stage migration learning on a large natural image dataset and a large CT image dataset of pneumonia, then finally trained on locally collected CT image data. Finally, contrast learning was used to mine high-performance imaging feature models. Using five-fold cross-validation, the model was able to accurately predict CIP patients and non-ICIP patients with an AUC of 0.918 and an accuracy of 0.920 (23). This study strongly indicates that deep learning has great potential for identifying patients at risk of developing CIP.

From these studies, we could conclude that the prediction models proposed by big data-based radiomics studies may lead to effective risk stratification, close monitoring and timely management of CIP in the future to improve treatment outcomes. However, given the complexed clinical course of CIP, above radiomics studies did not show the exact prediction ability of those >3 grade CIPs or those rapid deteriorating CIPs that warrant emergent treatments.



Shortcomings and challenges of radiomics to predict or identify CIP

The application of radiomics in CIP has attracted some scientific interest, and in general, some excellent findings on the prediction and identification of CIP by radiomics have been reported. However, it has to be pointed out that there are still many problems from the mature development of the model and its real application in the clinic: (1) the image input, including the technical factors of CT imaging and the segmentation of region of interest (ROI). Although chest CT has been widely used in major hospitals, differences in hardware, scanning protocols and reconstruction algorithms of different manufacturers still have an impact on the extraction of image histological features. Secondly, the segmentation of ROI has been studied either artificially by experts or using software segmentation, but the repeatability of segmentation among different segmentation experts or even within software still needs to be improved (24, 25). (2) In terms of model maturation and validation, most of the current radiomics studies have small sample sizes, and more prospective studies with larger sample sizes are needed in the future to build models that can uncover more valuable radiomics features, and indeed more external data are needed to validate the accuracy of radiomics models. In addition, it is worth looking forward to whether the combination of radiomics with other available data such as pathology, genomic alterations or a variety of blood test results can bring more robustness and accuracy to the model. (3) As for the molecular biological significance of the model, for example, most of the radiomics features identified in the prediction study are pre-defined artificial features, and the potential molecular biological significance of these features needs to be further explored. However, because the mechanisms of CIP occurrence are still largely unclear, it is difficult to conduct relevant studies. In addition, radiomics studies of paired pre- and post-occurrence of CIP are rarely reported, and only correlational findings are shown, thus it is worthwhile to analyze whether causal findings can further improve the predictive performance. (4) For the prediction or identification of severe CIPs that need emergent treatment, and prediction of steroid-refractory or rapid progressing ones without relief modalities, still no radiomics data are available and relevant studies are thereby recommended.



Author contributions

JH conceived the concept, created the draft. XC, BX and SM discussed and revised the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This research was funded by the Hangzhou Health Science and Technology Project (grant number A20220840).



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.



References

1. Larroquette, M, Domblides, C, Lefort, F, Lasserre, M, Quivy, A, Sionneau, B, et al. Combining immune checkpoint inhibitors with chemotherapy in advanced solid tumours: A review. Eur J Cancer (2021) 158:47–62. doi: 10.1016/j.ejca.2021.09.013

2. Zhu, L, Yu, X, Wang, L, Liu, J, Qu, Z, Zhang, H, et al. Angiogenesis and immune checkpoint dual blockade in combination with radiotherapy for treatment of solid cancers: Opportunities and challenges. Oncogenesis (2021) 10:47. doi: 10.1038/s41389-021-00335-w

3. Akinboro, O, Larkins, E, Pai-Scherf, LH, Mathieu, LN, Ren, Y, Cheng, J, et al. FDA Approval summary: Pembrolizumab, atezolizumab, and cemiplimab-rwlc as single agents for first-line treatment of Advanced/Metastatic PD-L1-High NSCLC. Clin Cancer Res (2022) 28:2221–8. doi: 10.1158/1078-0432.CCR-21-3844

4. Spigel, DR, Faivre-Finn, C, Gray, JE, Vicente, D, Planchard, D, Paz-Ares, L, et al. Five-year survival outcomes from the PACIFIC trial: Durvalumab after chemoradiotherapy in stage III non-Small-Cell lung cancer. J Clin Oncol (2022) 40:1301–11. doi: 10.1200/JCO.21.01308

5. Li, L, Li, G, Rao, B, Dong, A-H, Liang, W, Zhu, J-X, et al. Landscape of immune checkpoint inhibitor-related adverse events in Chinese population. Sci Rep (2020) 10:15567. doi: 10.1038/s41598-020-72649-5

6. Arnaud-Coffin, P, Maillet, D, Gan, HK, Stelmes, JJ, You, B, Dalle, S, et al. A systematic review of adverse events in randomized trials assessing immune checkpoint inhibitors. Int J Cancer (2019) 145:639–48. doi: 10.1002/ijc.32132

7. Nishino, M, Giobbie-Hurder, A, Hatabu, H, Ramaiya, NH, and Hodi, FS. Incidence of programmed cell death 1 inhibitor-related pneumonitis in patients with advanced cancer: A systematic review and meta-analysis. JAMA Oncol (2016) 2:1607–16. doi: 10.1001/jamaoncol.2016.2453

8. Jing, Y, Yang, J, Johnson, DB, Moslehi, JJ, and Han, L. Harnessing big data to characterize immune-related adverse events. Nat Rev Clin Oncol (2022) 19:269–80. doi: 10.1038/s41571-021-00597-8

9. Travis, WD, Costabel, U, Hansell, DM, King, TE Jr., Lynch, DA, Nicholson, AG, et al. An official American thoracic Society/European respiratory society statement: Update of the international multidisciplinary classification of the idiopathic interstitial pneumonias. Am J Respir Crit Care Med (2013) 188:733–48. doi: 10.1164/rccm.201308-1483ST

10. Naidoo, J, Wang, X, Woo, KM, Iyriboz, T, Halpenny, D, Cunningham, J, et al. Pneumonitis in patients treated with anti-programmed death-1/Programmed death ligand 1 therapy. J Clin Oncol (2017) 35:709–17. doi: 10.1200/JCO.2016.68.2005

11. Lin, X, Deng, H, Chen, L, Wu, D, Chen, X, Yang, Y, et al. Clinical types of checkpoint inhibitor-related pneumonitis in lung cancer patients: A multicenter experience. Transl Lung Cancer Res (2021) 10:415–29. doi: 10.21037/tlcr-20-1258

12. Delaunay, M, Cadranel, J, Lusque, A, Meyer, N, Gounant, V, Moro-Sibilot, D, et al. Immune-checkpoint inhibitors associated with interstitial lung disease in cancer patients. Eur Respir J (2017) 50:1700050. doi: 10.1183/13993003.00050-2017

13. Nishino, M, Ramaiya, NH, Awad, MM, Sholl, LM, Maattala, JA, Taibi, M, et al. PD-1 inhibitor-related pneumonitis in advanced cancer patients: Radiographic patterns and clinical course. Clin Cancer Res (2016) 22:6051–60. doi: 10.1158/1078-0432.CCR-16-1320

14. Nobashi, TW, Nishimoto, Y, Kawata, Y, Yutani, H, Nakamura, M, Tsuji, Y, et al. Clinical and radiological features of immune checkpoint inhibitor-related pneumonitis in lung cancer and non-lung cancers. Br J Radiol (2020) 93:20200409. doi: 10.1259/bjr.20200409

15. Huang, A, Xu, Y, Zang, X, Wu, C, Gao, J, Sun, X, et al. Radiographic features and prognosis of early- and late-onset non-small cell lung cancer immune checkpoint inhibitor-related pneumonitis. BMC Cancer (2021) 21:634. doi: 10.1186/s12885-021-08353-y

16. Balaji, A, Hsu, M, Lin, CT, Feliciano, J, Marrone, K, Brahmer, JR, et al. Steroid-refractory PD-(L)1 pneumonitis: Incidence, clinical features, treatment, and outcomes. J Immunother Cancer (2021) 9:e001731. doi: 10.1136/jitc-2020-001731

17. Imran, S, Golden, A, Feinstein, M, Plodkowski, A, Bodd, F, Rekhtman, N, et al. Immune check-point inhibitor-related pneumonitis: Acute lung injury with rapid progression and organising pneumonia with less severe clinical disease. Histopathology (2022) 81:724–31. doi: 10.1111/his.14704

18. Chen, X, Sheikh, K, Nakajima, E, Lin, CT, Lee, J, Hu, C, et al. Radiation versus immune checkpoint inhibitor associated pneumonitis: Distinct radiologic morphologies. Oncologist (2021) 26:e1822–32. doi: 10.1002/onco.13900

19. Cheng, J, Pan, Y, Huang, W, Huang, K, Cui, Y, Hong, W, et al. Differentiation between immune checkpoint inhibitor-related and radiation pneumonitis in lung cancer by CT radiomics and machine learning. Med Phys (2022) 49:1547–58. doi: 10.1002/mp.15451

20. Qiu, Q, Xing, L, Wang, Y, Feng, A, and Wen, Q. Development and validation of a radiomics nomogram using computed tomography for differentiating immune checkpoint inhibitor-related pneumonitis from radiation pneumonitis for patients with non-small cell lung cancer. Front Immunol (2022) 13:870842. doi: 10.3389/fimmu.2022.870842

21. 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) 36:601–7. doi: 10.1007/s10637-017-0524-2

22. Spieler, B, Giret, TM, Welford, S, Totiger, TM, and Mihaylov, IB. Lung inflammation predictors in combined immune checkpoint-inhibitor and radiation therapy-Proof-of-Concept animal study. Biomedicines (2022) 10:1173. doi: 10.3390/biomedicines10051173

23. Tan, P, Huang, W, Wang, L, Deng, G, Yuan, Y, Qiu, S, et al. Deep learning predicts immune checkpoint inhibitor-related pneumonitis from pretreatment computed tomography images. Front Physiol (2022) 13:978222. doi: 10.3389/fphys.2022.978222

24. Zhao, B. Understanding sources of variation to improve the reproducibility of radiomics. Front Oncol (2021) 826. doi: 10.3389/fonc.2021.633176

25. Dercle, L, Mcgale, J, Sun, S, Marabelle, A, Yeh, R, Deutsch, E, et al. Artificial intelligence and radiomics: Fundamentals, applications, and challenges in immunotherapy. J Immunother Cancer (2022) 10:e005292. doi: 10.1136/jitc-2022-005292



Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2023 Huang, Chen, Xia and Ma. 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/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Advances in CT features and radiomics of checkpoint inhibitor-related pneumonitis: A short review

      

        		

          Introduction

        



        		

          CT imaging patterns of CIP

        



        		

          Identification of CIP by CT radiomics

        



        		

          Prediction of CIP by CT radiomics

        



        		

          Shortcomings and challenges of radiomics to predict or identify CIP

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu.2023.1082980_cover.jpg
’ frontiers ‘ Frontiers in Immunology

Advances in CT features and
radiomics of checkpoint
inhibitor-related pneumonitis:
A short review





OEBPS/Images/crossmark.jpg
©

2

i

|





