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Background

The immune microenvironment of tumors provides information on prognosis and prediction. A prior validation of the immunoscore for breast cancer (ISBC) was made on the basis of a systematic assessment of immune landscapes extrapolated from a large number of neoplastic transcripts. Our goal was to develop a non-invasive radiomics-based ISBC predictive factor.



Methods

Immunocell fractions of 22 different categories were evaluated using CIBERSORT on the basis of a large, open breast cancer cohort derived from comprehensive information on gene expression. The ISBC was constructed using the LASSO Cox regression model derived from the Immunocell type scores, with 479 quantified features in the intratumoral and peritumoral regions as observed from DCE-MRI. A radiomics signature [radiomics ImmunoScore (RIS)] was developed for the prediction of ISBC using a random forest machine-learning algorithm, and we further evaluated its relationship with prognosis.



Results

An ISBC consisting of seven different immune cells was established through the use of a LASSO model. Multivariate analyses showed that the ISBC was an independent risk factor in prognosis (HR=2.42, with a 95% CI of 1.49–3.93; P<0.01). A radiomic signature of 21 features of the ISBC was then exploited and validated (the areas under the curve [AUC] were 0.899 and 0.815). We uncovered statistical associations between the RIS signature with recurrence-free and overall survival rates (both P<0.05).



Conclusions

The RIS is a valuable instrument with which to assess the immunoscore, and offers important implications for the prognosis of breast cancer.
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Introduction

The tumor immune microenvironment (TIME) displays key actions in tumor development, metastasis, and the response to therapy (1, 2). Many researchers have confirmed the prognosis and potentially predictive importance of the infiltration of immune cells into tumors (3–6). Currently, the assessment of immune infiltration, such as immunoscore testing, usually requires post-surgically acquired tissue samples. Due to the dynamic character of the immune reaction (7), assessment of TIME through non-invasive methods would be helpful and allow for a longitudinal evaluation regarding the immune infiltrate across the entire therapeutic course.

Radiography entails a wealth of knowledge comprising tumor phenotypes (8) that are not only controlled by the inherent biology of tumor cells but also regulated by the tumor microenvironment (TME). Analysis of radiologic images by quantified radiomics methods can reveal associations between particular images with molecular phenotypes (9). And some investigators have already begun exploring the relationships between imaging features and tumor-infiltrating lymphocytes (10–13).

Breast cancer continues to be the commonest cancer worldwide, and the second leading cause of cancer-related deaths (14). Clinicopathologic risk factors cannot currently be used to precisely predict outcome, and more accurate risk stratification is thus required for the appropriate timing of surgery and the implementation of chemotherapeutic regimens (15).

We are currently developing an ImmunoScore for breast cancer (ISBC) based upon patient RNA sequencing information, and then validating the ISBC as a reliable and independent prognostic predictor. We thereby assume that radiomics will permit a non-invasive assessment of TIME. A two-fold aim of our study was (a) to establish a radiomic signature of the ISBC, and (b) to evaluate the capability of the ISBC in predicting survival.



Patients and Methods


Collection of Data Cohorts

The image datasets were gathered from The Cancer Imaging Archive (TCIA) open-access dataset, and the respective gene-expression profiles were acquired through The Cancer Genome Atlas (TCGA). Motivated by prior studies (16–18) that indicated that TIME is correlated with the prediction of breast cancer, we created and verified the association of imaging phenotypes with TIME by using three datasets. There was zero patient overlap across the three datasets, and descriptive and clinical statistics of all three cohorts are shown below in Table 1.


Table 1 | Characteristics of patients in the TCGA, radiogenomic, and validation cohorts.



The first dataset, called the TCGA cohort, consists of the data from 335 individual cases gathered from the TCGA database, together with RNA sequencing data from cancer specimens as well as Recurrence-free survival (RFS) and overall survival (OS); however, there are no data with respect to imaging. This cohort was then randomly partitioned into a training set (~70%) and a validation set (~30%).

The second dataset, referred to as the Radiogenomic Cohort, originally consisted of 137 cases of patients who had usable DCE-MRI images of TCGA-BRCA, along with the appropriate gene expression information in the TCGA dataset. One patient with no usable gene expression data, seven without usable clinical details, and nine whose imaging was not complete were deleted from the study. The finalized dataset consisted of 120 patients, and these were allocated to training and validation sets in a ratio of 8:2.

We enrolled a validation cohort consisting of 222 breast cancer cases (from the I-SPY 1 TRIAL in the TCIA database), together with usable DCE-MRI and appropriate RFS and OS information. We eliminated 26 cases of patients who had incomplete image sequences, 10 patients without measurable neoplasms, and 31 manifesting poor image quality. The resulting dataset thus encompassed a panel of 155 breast cancer patients.

Data in the TCGA and TCIA databases are open access, and our study adhered to the data- accessibility policies and release guidance with respect to both databases, and therefore did not require approval from the local ethics committee.



Outline of the Framework

As Figure 1 illustrates, the framework of our research consisted of two blocks: (i) calculation of an immunoscore based on RNA sequencing information, and (ii) development of a radiomic feature (radiomics ImmunoScore [RIS]) for non-invasive assessment of the cancer immunoscore, and evaluation of the capability of the RIS to predict survival.




Figure 1 | Design of the study in which a breast cancer ImmunoScore was developed and used to validate the radiomic signature.





Calculation of Immunoscore

We used the CIBERSORT algorithm to calculate the patient’s immunoscore as previously described, the procedure of which can be found in Supplementary Material (19–21). This method is designed to work effectively and is already proven on gene expression spectra as measured with microarrays. In the present study, scores of 22 immune cell categories were assessed using CIBERSORT on a series of breast cancer gene expression profiles according to clinical notes. The imputed scores of immune cell groups generated from CIBERSORT were deemed to be exact under a threshold of P < 0.050. A patient was therefore deemed qualified to undergo further analysis only if CIBERSORT P <0.050. The immunoscore was then created using a Least Absolute Shrinkage and Selection Operator(LASSO) Cox regression analysis.



Image Collection and Tumor Segmentation

MR images were downloaded from the TCIA database (for MR acquisition parameters, see Supplementary Material). Two diagnostic imaging physicians (XR and WT, with 5 and 9 years of diagnostic breast MRI experience, respectively) manually displayed the primary neoplasm on MRI images with ITK-SNAP software. In order to obtain infiltrative-margin data, a ring was formed around the primary neoplasm, with the tumor margin automatically expanded outward by 2 mm and the tumor margin contracted inward by 1 mm to form a ring of 3 mm thickness. The macrovasculature, neighboring organs, and air spaces were excluded (Figure S1).



Feature Extraction

Radiomics features were defined based on the PyRadiomics Python package, version 1.2.0 (22), and analyzed using the recommended set of defaults. We extracted 479 quantified features of a patient’s MR images separately in each of the regions of interest, i.e., peritumoral and intratumoral regions, and evaluated them by calculating the AUC (Figure S2). The extracted features included 90 first-order features, 14 shaped features, as well as 375 second- and higher-order textural features. The four textured features we studied were based on wavelet decomposition of the grayscale co-occurrence matrix, grayscale run-length matrix, grayscale size-region matrix—as well as the neighborhood grayscale-difference matrix. Image features with various spatial scales were derived by rotating the filter parameters (2.0, 2.5, 3.0, and 3.5) between 2.0 and 3.5 using a Gaussian spatial bandpass filter (∇2G).



Feature Selection

Inter-observer and intra-observer consistency was performed by analyzing all radiomics features extracted based on intra and interclass correlation coefficients (ICCs). Thirty patients were randomly selected, features of which were extracted by radiologists XR and WT. The same steps were also repeated for two weeks by radiologist XR. ICC > 0.8 suggested good agreement.

Recursive feature elimination was employed for selecting the most helpful prediction features among the primary dataset.



Construction of a Radiomics Immunoscore

Using the training set of Radiogenomic Cohort, we built a random forest model to predict the RNA-Seq-based immunoscore [radiomics ImmunoScore (RIS)], which was selected as the optimal model by a five-fold cross-validation. This model was executed on the validation set, with an optimal threshold for the RIS using the Youden index, which optimized the total sensitivity and specificity.



Statistical Analyses

Comparisons between the two groups were made by Student’s t-test for continuous variables and either Chi-squared or Fisher exact-probability tests for categorical variables. Kaplan-Meier method-based survival curves were produced and compared using log-rank tests. We used Cox proportional risk models for univariate and multivariate analyses. LASSO-Cox regression analysis was performed for constructing the immunoscore for breast cancer. A random forest classifier model was used to classify the immunoscore. Model accuracy was evaluated with the AUC. Inter-observer and intra-observer consistency was performed by ICCs. Error detection rates were computed to obtain corrected P-values in multiple comparisons. We employed R 3.4.0 and SPSS 22.0 for statistics, and bilateral P-values <0.05 were regarded as significant.




Results


Demographic Characteristics

The selected protocols for the TCGA cohort patients are presented in Figure S3. Following application of the data-screening criterion, overall survival data from 335 clinically annotated breast cancer specimens were accessible for additional analyses. Details of the patient demographics are shown in Table 1.

Detailed clinicopathologic features for individuals in the Radiogenomic Cohort (n=120) and Validation Cohort (n=155) are presented in Table 1. The median age (interquartile range) of the 275 patients enrolled in this study was 51.0 (44.0–59.0) years.



Estimation of the Immunoscore

We employed the survminer software package on the TCGA cohort training set (235 patients) for generating the best cutoff values per immune cell fraction. A forest plot showing the correlation between every immune cell sub-population and overall survival is shown in Figure 2A. The immunoscore was modeled on the training set using LASSO-Cox regression analyses (Figures 2B, C) (see Supplementary Material for the formula used to calculate the immunoscore). Time-dependent ROC analyses were performed at the 2-, 3-, and 5-year time-points to study the accuracy of the prognosis of the immunoscore as a continuous variable in the training set (Figure 2D), and the corresponding AUC values and calibration curve are shown in Figures S4A, B. The cut-off (-0.115) derived by the survminer package was then utilized to classify the patients in the training set into high and low immunoscore groups. The results of the five-year survival analysis of different immunoscore groups, different age groups, and different pathologic stages are shown in Figure S5. The results of our multivariate Cox regression analysis regarding the correlation between immunoscore and overall survival are depicted in Table S1.




Figure 2 | Construction of the immunoscore model. (A) The forest plot shows the relationship of different subpopulations of immune cells to OS in the training set. (B) Distribution of LASSO factors for 21 immune cell fractions. The dashed curve represents values selected via 10-fold crossover validation. (C) Crossover validation of a 10-fold choice of adjustment parameters from the LASSO model. The bias likelihood deviation was expressed in log(λ) whenever λ was the adjustment parameter. Values of the bias-likelihood deviation are displayed, and the error bands indicate S.E. of the mean according to the minimal criterion and the 1-S.E. criterion; vertical dashed lines were plotted at the optimal point. Numbers at the top denote numbers for cell categories implicated in the LASSO model for (B, C) The prognostic accuracy of the immunoscore as a continuous variable as assessed by ROC analysis in the training set (D) and validation set (E).





Validation of Immunoscore Prediction of Survival in the TCGA Cohort-Validation Set

The identical equation was used in the validation data set of the TCGA cohort in order to verify a similar prognostic value for the constructed immunoscore model across populations. In the validation set, the prognostic precision regarding the immunoscore used as a continuous variable was also evaluated via time-dependent ROC analyses (Figure 2E).



Construction and Validation of Radiomics Immunoscore

Both intra- and inter-observer ICCs were greater than 0.8, indicating good reproducibility of feature extraction.

A random forest was used to construct the classification for the ISBC in the training set of the Radiogenomic Cohort. Select the top 10 features in terms of feature importance and plot the feature relative importance histogram (Figure S6). The resulting radiomics signature (RIS) consisted of 21 predictors with six marginal features and 15 intratumoral features (Table S2). In the training set, the capability of the RIS to classify high ISBC and low ISBC showed an AUC of 0.899 (95% confidence interval [CI], 0.832–0.966) (Figure 3A). The radiomics signature revealed a similar accuracy in predicting the ISBC in the validation set with an AUC of 0.815 (95% CI, 0.607–1.000) (Figure 3B). The RIS, however, exhibited a higher AUC value than any single radiomics feature (Figure S7). In addition, the AUC of the RIS was compared with the volume and diameter of the core and infiltration zones of the validation set (Figure S8). The optimal cut-off for the RIS in the training set was 0.686 as defined by the ROC curve (Figure 3A). Therefore, patients were classified into a low-RIS group when their RIS was <0.686, and a high-RIS group when their RIS was ≥0.686. The association between the RIS and clinicopathologic characteristics is shown in Table S3.




Figure 3 | ROC curves of the RIS predicted the ISBC in both the training (A) and validation sets (B).





Prognostic Value of Radiomics ImmunoScore

The prognostic value of the RIS was then evaluated in our validation cohort. The five-year RFS and OS in the low-RIS group were 91.49% and 91.32%, respectively, and these survival indices in the high-RIS group were 84.09% and 82.94%, respectively (Figure 4), indicating that the prognoses for patients who were stratified on the basis of the RIS were significantly different.




Figure 4 | Kaplan-Meier analysis for RFS (A) as well as OS (B), depending upon the RIS dichotomous signature of the breast cancer patients.



We conducted multivariate Cox regression analyses and adjusted for clinicopathologic variables. In the validation cohort, the RIS continued to be a strong and independent prognostic predictor of RFS and OS (Table 2). Finally, we noted that the combined model-integrating radiomics and clinicopathologic features enhanced the prognostic accuracies of the validation cohort (Figure S9 and Tables S4, S5).


Table 2 | Cox regression analysis of multivariate for RFS and OS of breast cancer patients.






Discussion

The immune microenvironment of tumors is a critical determining factor in the therapeutic response and results in numerous types of cancers (23), and high-level immune infiltration has been shown to be related to positive clinic results in BC (24). In the present study, we calculated an immunoscore using CIBERSORT, an algorithm that can accommodate high numbers of cancer samples that have already been analyzed by RNA sequencing so as to estimate proportions of immune cells. This algorithm avoids the complex process of immunostaining and offers a substitute for flow or mass cytometry-based approaches. Importantly, archives of RNA and cellular samples are equally accessible to CIBERSORT (25). It has also been demonstrated that CIBERSORT is effective in identifying particular immune subgroups, representing a major advance compared to other methods that reflect more restricted capabilities (26–28). In the present study, an immunoscore model consisting of seven immune cells was constructed and evaluated by applying LASSO regression (29, 30), and the predictive value was validated in both the training as well as the validation set. We showed a significant segregation between OS curves of high and low immunoscore subjects, which is in line with previous studies (31). Furthermore, the ability of the ImmunoScore in predicting patient group survival, similar to TNM staging, suggests this model may be useful for prognostic purposes and could possibly supplement the current TNM staging approach.

Our assessment of the immune microenvironment in the tumors was determined for histologic samples, was only available on a single postoperative basis, and was restricted by the inherent heterogeneity of the biopsied tissue. By comparison, the rare benefit of radiographic images is that they are available non-invasively and can be obtained continuously prior to and across the course of therapy. Radiomic analyses can uncover microscopic tumor profiles that mirror the makeup of tumor-invading immune cells. In our study, we found that RIS can be used to predict breast cancer immunoscore and confirmed in the validation set, suggesting that radiomics is feasible for predicting breast cancer immunoscore. While image-based assessments will likely neither supplant nor substitute for the current gold standard of tissue-based assessment, we posit that our radiographic methodology would be helpful in promoting long-term evaluation and in vivo surveillance of the TME. In fact, some researchers have surveyed the relationship between radiographic features and tumor-invading lymphocytes (10–12), and the ability of radiomic features to predict prognosis (12). Ferté et al. correlated both on-tumor and peri-tumor radiomic features with CD8 expression at the central tumor area and suggested that imaging features might help assess the CD8 cell population and also forecast the clinical response for those patients receiving antibody therapy (11). In another study, Tang et al. related intra-tumor radiomics to critical immunologic profiles (32). In addition, RFS as well as OS curves were significantly separated based on the RIS dichotomous characteristics of breast cancer patients and patients with low RIS had a better prognosis, which is consistent with the literature (33).

The radiomic signature presented in this study was defined using preprocessed MRI images that reflected the potential biologic (principally immune-related) features of the TME unrelated to therapy (33). Therefore, the radiomic signature developed during diagnostic imaging might also apply to clinical settings that encompass multiple treatment regimens. Further efforts will be required to evaluate the radiomic signature within these specified settings.

A major advantage to our work was that when we deduced a radiomic signature, we not only executed an analysis of the imaging features within the tumor alone but also clearly identified the structure of the circumferential ring around the peritumoral area. The reason for this was that the peritumor environment secretes large amounts of growth factors and cytokines, which can induce oxygen deprivation and angiogenesis, playing important functions in tumor development, progression or metastasis. Integrating tumor and peritumor data can more comprehensively portray the aggressive and metastatic characteristics of tumors. Thus, extraction and fusion of tumor and peritumor features can be improved as the predictive properties of radiomics models (34). Similar radiomic methods are already employed to exploit radiomic signatures for the purpose of forecasting chemotherapeutic reactions in gastric cancer (33). The utilization of sophisticated deep-learning technologies also contributes to the automated identification of new imaging phenotypes in forecasting results (35).

Although we uncovered several significant elements, there were still some limitations to our study that need to be resolved. First, the size of our patient cohort remained comparatively small, as there were only a restricted number of usable and accessible RNA sequencing information and breast MR images from the TCGA as well as the TCIA databases. The predictive accuracy of imaging signatures in predicting the ISBC remains to be validated by additional extrinsic research in this area. Next, data from the DCE-MRI were obtained in a multisite cohort that possessed different imaging characteristics and provided a variety of images. Finally, since all subjects in our study were chosen retrospectively, prospective randomized trials are required in the future to validate our findings.

Overall, we established a radiomic signature that enabled us to non-invasively assess TIME, particularly the immunoscore. Studying radiomic features to forecast and detect immunotherapeutic reactions may therefore constitute an attractive area of focus when considering the dynamic quality of the immune reaction.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author.



Author Contributions

XH carried out the study design. XH and WC conducted the experiments. LW helped to analyze the data. CL provided experimental assistance. XH wrote the manuscript. CL supervised the overall project. CL revised the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by the Key R&D Program of Guangdong Province, China (grant number: 2021B0101420006); the National Key R&D Program of China (grant number: 2017YFC1309100); National Natural Science Foundation of China (grant number: 82071892); High-level Hospital Construction Project (grant number: DFJH201805); Project Funded by China Postdoctoral Science Foundation (grant number: 2020M682643); the National Science Foundation for Young Scientists of China(grant number: 82102019).



Acknowledgments

XH served as a visiting student of University of Alberta supported by Chinese Scholarship Council.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2021.773581/full#supplementary-material

  

References

1. Binnewies, M, Roberts, EW, Kersten, K, Chan, V, Fearon, DF, Merad, M, et al. Understanding the Tumor Immune Microenvironment (TIME) for Effective Therapy. Nat Med (2018) 24(5):541–50. doi: 10.1038/s41591-018-0014-x

2. Bruni, D, Angell, HK, and Galon, J. The Immune Contexture and Immunoscore in Cancer Prognosis and Therapeutic Efficacy. Nat Rev Cancer (2020) 20(11):662–80. doi: 10.1038/s41568-020-0285-7

3. Lanzi, A, Pagès, F, Lagorce-Pagès, C, and Galon, J. The Consensus Immunoscore: Toward a New Classification of Colorectal Cancer. Oncoimmunology (2020) 9(1):1789032. doi: 10.1080/2162402X.2020.1789032

4. Gentles, AJ, Bratman, SV, Lee, LJ, Harris, JP, Feng, W, Nair, RV, et al. Integrating Tumor and Stromal Gene Expression Signatures With Clinical Indices for Survival Stratification of Early-Stage Non-Small Cell Lung Cancer. J Natl Cancer Inst (2015) 107(10):djv211. doi: 10.1093/jnci/djv211

5. Wang, K, Li, HL, Xiong, YF, Shi, Y, Li, ZY, Li, J, et al. Development and Validation of Nomograms Integrating Immune-Related Genomic Signatures With Clinicopathologic Features to Improve Prognosis and Predictive Value of Triple-Negative Breast Cancer: A Gene Expression-Based Retrospective Study. Cancer Med (2019) 8(2):686–700. doi: 10.1002/cam4.1880

6. Azizi, E, Carr, AJ, Plitas, G, Cornish, AE, Konopacki, C, Prabhakaran, S, et al. Single-Cell Map of Diverse Immune Phenotypes in the Breast Tumor Microenvironment. Cell (2018) 174(5):1293–308.e36. doi: 10.1016/j.cell.2018.05.060

7. Lesterhuis, WJ, Bosco, A, Millward, MJ, Small, M, Nowak, AK, and Lake, RA. Dynamic Versus Static Biomarkers in Cancer Immune Checkpoint Blockade: Unravelling Complexity. Nat Rev Drug Discov (2017) 16(4):264–72. doi: 10.1038/nrd.2016.233

8. Ha, S. Perspectives in Radiomics for Personalized Medicine and Theranostics. Nucl Med Mol Imaging (2019) 53(3):164–6. doi: 10.1007/s13139-019-00578-x

9. Gillies, RJ, Kinahan, PE, and Hricak, H. Radiomics: Images Are More Than Pictures, They Are Data. Radiology (2016) 278(2):563–77. doi: 10.1148/radiol.2015151169

10. Tran, WT, Jerzak, K, Lu, FI, Klein, J, Tabbarah, S, Lagree, A, et al. Personalized Breast Cancer Treatments Using Artificial Intelligence in Radiomics and Pathomics. J Med Imaging Radiat Sci (2019) 50(4 Suppl 2):S32–41. doi: 10.1016/j.jmir.2019.07.010

11. 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

12. Tang, WJ, Jin, Z, Zhang, YL, Liang, YS, Cheng, ZX, Chen, LX, et al. Whole-Lesion Histogram Analysis of the Apparent Diffusion Coefficient as a Quantitative Imaging Biomarker for Assessing the Level of Tumor-Infiltrating Lymphocytes: Value in Molecular Subtypes of Breast Cancer. Front Oncol (2020) 10:611571. doi: 10.3389/fonc.2020.611571

13. Yoon, HJ, Kang, J, Park, H, Sohn, I, Lee, SH, and Lee, HY. Deciphering the Tumor Microenvironment Through Radiomics in Non-Small Cell Lung Cancer: Correlation With Immune Profiles. PloS One (2020) 15(4):e0231227. doi: 10.1371/journal.pone.0231227

14. Winters, S, Martin, C, Murphy, D, and Shokar, NK. Breast Cancer Epidemiology, Prevention, and Screening. Prog Mol Biol Transl Sci (2017) 151:1–32. doi: 10.1016/bs.pmbts.2017.07.002

15. Fournier, MV, Goodwin, EC, Chen, J, Obenauer, JC, Tannenbaum, SH, and Brufsky, AM. A Predictor of Pathological Complete Response to Neoadjuvant Chemotherapy Stratifies Triple Negative Breast Cancer Patients With High Risk of Recurrence. Sci Rep (2019) 9(1):14863. doi: 10.1038/s41598-019-51335-1

16. Burugu, S, Asleh-Aburaya, K, and Nielsen, TO. Immune Infiltrates in the Breast Cancer Microenvironment: Detection, Characterization and Clinical Implication. Breast Cancer (2017) 24(1):3–15. doi: 10.1007/s12282-016-0698-z

17. Soysal, SD, Tzankov, A, and Muenst, SE. Role of the Tumor Microenvironment in Breast Cancer. Pathobiology (2015) 82(3-4):142–52. doi: 10.1159/000430499

18. Tekpli, X, Lien, T, Røssevold, AH, Nebdal, D, Borgen, E, Ohnstad, HO, et al. An Independent Poor-Prognosis Subtype of Breast Cancer Defined by a Distinct Tumor Immune Microenvironment. Nat Commun (2019) 10(1):5499. doi: 10.1038/s41467-019-13329-5

19. Li, L, Ouyang, Y, Wang, W, Hou, D, and Zhu, Y. The Landscape and Prognostic Value of Tumor-Infiltrating Immune Cells in Gastric Cancer. PeerJ (2019) 7:e7993. doi: 10.7717/peerj.7993

20. Zhou, R, Zhang, J, Zeng, D, Sun, H, Rong, X, Shi, M, et al. Immune Cell Infiltration as a Biomarker for the Diagnosis and Prognosis of Stage I-III Colon Cancer. Cancer Immunol Immunother (2019) 68(3):433–42. doi: 10.1007/s00262-018-2289-7

21. Zeng, D, Zhou, R, Yu, Y, Luo, Y, Zhang, J, Sun, H, et al. Gene Expression Profiles for a Prognostic Immunoscore in Gastric Cancer. Br J Surg (2018) 105(10):1338–48. doi: 10.1002/bjs.10871

22. van Griethuysen, JJM, Fedorov, A, Parmar, C, Hosny, A, Aucoin, N, Narayan, V, et al. Computational Radiomics System to Decode the Radiographic Phenotype. Cancer Res (2017) 77(21):e104–7. doi: 10.1158/0008-5472.CAN-17-0339

23. Zuo, S, Wei, M, Wang, S, Dong, J, and Wei, J. Pan-Cancer Analysis of Immune Cell Infiltration Identifies a Prognostic Immune-Cell Characteristic Score (ICCS) in Lung Adenocarcinoma. Front Immunol (2020) 11:1218. doi: 10.3389/fimmu.2020.01218

24. Manuel, M, Tredan, O, Bachelot, T, Clapisson, G, Courtier, A, Parmentier, G, et al. Lymphopenia Combined With Low TCR Diversity (Divpenia) Predicts Poor Overall Survival in Metastatic Breast Cancer Patients. Oncoimmunology (2012) 1(4):432–40. doi: 10.4161/onci.19545

25. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust Enumeration of Cell Subsets From Tissue Expression Profiles. Nat Methods (2015) 12(5):453–7. doi: 10.1038/nmeth.3337

26. Fu, H, Zhu, Y, Wang, Y, Liu, Z, Zhang, J, Xie, H, et al. Identification and Validation of Stromal Immunotype Predict Survival and Benefit From Adjuvant Chemotherapy in Patients With Muscle-Invasive Bladder Cancer. Clin Cancer Res (2018) 24(13):3069–78. doi: 10.1158/1078-0432.CCR-17-2687

27. Mao, Y, Feng, Q, Zheng, P, Yang, L, Zhu, D, Chang, W, et al. Low Tumor Infiltrating Mast Cell Density Confers Prognostic Benefit and Reflects Immunoactivation in Colorectal Cancer. Int J Cancer (2018) 143(9):2271–80. doi: 10.1002/ijc.31613

28. Zhou, L, Xu, L, Chen, L, Fu, Q, Liu, Z, Chang, Y, et al. Tumor-Infiltrating Neutrophils Predict Benefit From Adjuvant Chemotherapy in Patients With Muscle Invasive Bladder Cancer. Oncoimmunology (2017) 6(4):e1293211. doi: 10.1080/2162402X.2017.1293211

29. Dai, W, Feng, Y, Mo, S, Xiang, W, Li, Q, Wang, R, et al. Transcriptome Profiling Reveals an Integrated mRNA-lncRNA Signature With Predictive Value of Early Relapse in Colon Cancer. Carcinogenesis (2018) 39(10):1235–44. doi: 10.1093/carcin/bgy087

30. He, A, He, S, Peng, D, Zhan, Y, Li, Y, Chen, Z, et al. Prognostic Value of Long Non-Coding RNA Signatures in Bladder Cancer. Aging (Albany NY) (2019) 11(16):6237–51. doi: 10.18632/aging.102185

31. Sui, S, An, X, Xu, C, Li, Z, Hua, Y, Huang, G, et al. An Immune Cell Infiltration-Based Immune Score Model Predicts Prognosis and Chemotherapy Effects in Breast Cancer. Theranostics (2020) 10(26):11938. doi: 10.7150/thno.49451

32. Tang, C, Hobbs, B, Amer, A, Li, X, Behrens, C, Canales, JR, et al. Development of an Immune-Pathology Informed Radiomics Model for Non-Small Cell Lung Cancer. Sci Rep (2018) 8(1):1922. doi: 10.1038/s41598-018-20471-5

33. Jiang, Y, Wang, H, Wu, J, Chen, C, Yuan, Q, Huang, W, et al. Noninvasive Imaging Evaluation of Tumor Immune Microenvironment to Predict Outcomes in Gastric Cancer. Ann Oncol (2020) 31(6):760–8. doi: 10.1016/j.annonc.2020.03.295

34. Yang, F, and Yu, Y. Tumor Microenvironment-the Critical Element of Tumor Metastasis. Zhongguo Fei Ai Za Zhi (2015) 18(1):48–54. doi: 10.3779/j.issn.1009-3419.2015.01.08

35. Jiang, Y, Jin, C, Yu, H, Wu, J, Chen, C, Yuan, Q, et al. Development and Validation of a Deep Learning CT Signature to Predict Survival and Chemotherapy Benefit in Gastric Cancer: A Multicenter, Retrospective Study. Ann Surg (2020) 274(6):e1153–61. doi: 10.1097/SLA.0000000000003778




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.


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 © 2022 Han, Cao, Wu and Liang. 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/fimmu-12-773581-g002.jpg
Cell Type

B cells naive

B cells memory

Plasma cells

T cells CD8

T cells CD4 memory resting
T cells CD4 memory activated
T cells follicular helper

T cells regulatory (Tregs)
T cells gamma delta

NK cells resting

NK cells activated
Monocytes
Macrophages MO
Macrophages M1
Macrophages M2
Dendritic cells resting
Dendritic cells activated
Mast cells resting

Mast cells activated
Eosinophils

Neutrophils

o

Time positive rate

10

08

06

04

02

0.0

f-$+¢f¥$ii*jiiif*ffi

Hazard Ratio P value

0.70[0.44, 1.13] 0.143
0.54[0.20, 1.45] 0.221
0.82[0.49, 1.36] 0.440
0.66 [0.42, 1.02] 0.059
1.33[0.92,1.92] 0.124
0.74[0.48, 1.15] 0.182
0.90[0.64, 1.27] 0.553
0.84[0.57, 1.24] 0.386
0.78[0.31, 1.98] 0.605
0.64[0.43,0.97] 0.037
1.23[0.88, 1.71] 0.221
1[0.98, 1.76] 0.067
[070 1.37] 0913

1.31] 0.649
0.003
0.359
0.490
0.898
0.665
0.710
0.567

Coefficients

o= o -

1.3
0.98
0.92
1.58
1.1
0.85
1.02
0.90
091
1.12

CEEEREEEE
\l‘h(ﬁ\lg

COPRRONOC
e e
-J S W H =
bgagaga

ROC in training set

-0.4 -0.2 -0.0 -0.2 -0.4

-0.6

—

=

0.0

T T T
0.2 04 06

False-positive rate

20 17 9 2 C
1
ﬂ!
S
c
- & o
s " 414
=} %
°
o
o
£ 9
£
=1
s
5=
2
8 7 6 -5 -4 3 8 7
Log Lambda
ROC in validation set
) E
|
@ |
s
a
[
3
2
=
3
o
a <
o ©
E
=
L. g |
B
— 2years
— 3years
s — S5years
T T T T T T
Lo ta 00 02 04 08 08 1.0

False-positive rate

AUC (training set): 2 years: 0.763; 3 years: 0.744; 5 years: 0.928
AUC (validation set): 2 years: 0.813; 3 years: 0.802; 5 years: 0.72

-6

5
Log (1)

2120 20 20 20 21 20 20 18 17 17 17 15 12 9 7 §

-4

4

10

-3





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Radiomics Assessment of the Tumor Immune Microenvironment to Predict Outcomes in Breast Cancer

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Introduction

        



        		

          Patients and Methods

        

          		

            Collection of Data Cohorts

          



          		

            Outline of the Framework

          



          		

            Calculation of Immunoscore

          



          		

            Image Collection and Tumor Segmentation

          



          		

            Feature Extraction

          



          		

            Feature Selection

          



          		

            Construction of a Radiomics Immunoscore

          



          		

            Statistical Analyses

          



        



        



        		

          Results

        

          		

            Demographic Characteristics

          



          		

            Estimation of the Immunoscore

          



          		

            Validation of Immunoscore Prediction of Survival in the TCGA Cohort-Validation Set

          



          		

            Construction and Validation of Radiomics Immunoscore

          



          		

            Prognostic Value of Radiomics ImmunoScore

          



        



        



        		

          Discussion

        



        		

          Data Availability Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-12-773581-g003.jpg
Time positive rate

1.0

0.8

06

0.4

0.2

0.0

AUC=0.899 (0.832-0.966)

0.2

0.4 06
False-positive rate

0.8

1.0

Time positive rate

. AUC=0.815 (0.607-1.000)

0.2 0.4 0.6 0.8 1.0
False-positive rate





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Variables RFS os

validation cohort 95%CI P 95%ClI ]
RIS (high vs. low) 0.079-0.870 0.029 0.083-0.920 0.036
Estrogen receptor status(positive vs. negative) 0.564-1.088 0.145 0.542-1.046 0.009
Progesterone receptor status(positive vs. negative) 0.607-1.162 0.293 0.610-1.168 0.306
Human epidermal growth factor receptor2 status(positive vs. negative) 0.572-3.835 0.419 0.547-3.655 0.474
Laterality(left vs. right) 0.379-2.407 0.922 0.389-2.470 0.967
Age(=60 vs. <60) 0.429-5.126 0.533 0.446-5.322 0.495





OEBPS/Images/fimmu-12-773581-g001.jpg
Calculation of ImmunoScore

Gene Lasso-cox
expression Regression
data model
Validation
set
(n=100,
30%)

High-lSBC
Low-I1Sgc

Validation
cohort (n=155)

MRI/Clinical data

Radiogenomic cohort
(n=120)

Validation set
(n=24, 20%)

Training set
(n=96, 80%)

Develop a MRI-based model for
predicting ImmunoScore at RNA-seq

Radiomic signature
of ImmunoScore





OEBPS/Images/fimmu.2021.773581_cover.jpg
’ frontiers

in Immunology

Radiomics Assessment of the Tumor
Immune Microenvironment to Predict
Outcomes in Breast Cancer





OEBPS/Images/logo.jpg
’ frontiers
in Immunology





OEBPS/Images/fimmu-12-773581-g004.jpg
Recurrence-free survival

1.00

0.75

0.50

0.25

0.00

High RIS
Low RIS

T —

P <0.05 ~ High RIS
HR:3.82(1.15-12.71) * LowRIS
[ 365 730 1095 1460 1825
Time(Days)
Number at risk
53 49 45 39 22 7
88 87 85 75 48 20
0 365 730 1095 1460 1825

Time(Days)

Overall survival

1.00

0.75

0.50

0.25

0.00

High RIS
Low RIS

R

P <0.05 ~ High RIS
HR:3.61(1.09-12) + LowRIS
0 365 730 1095 1460 1825
Time(Days)
Number at risk
53 50 47 46 26 8
88 87 86 79 51 18
0 365 730 1095 1460 1825
Time(Days)





OEBPS/Images/table1.jpg
Variables

Age (years)
18-60

>60
Laterality
Left

Right

Race

White

Black or African American
Asian

Other
Status

Alive

Dead

Lost
OS(years)

<1

>1 <3

>3 <5
>byears
Unknown
Depth of invasion
pT1

pT2

pT3

pT4

Lymph node metastasis
pNO

pN1

pN2

pN3

PNx
Metastasis
pMO

pM1

pMx

Stage

|

I

n

\%

Unknown
Estrogen receptor status
Positive
Negative
Indeterminate
Unknown

Progesterone receptor status

Positive
Negative
Indeterminate
Unknown

Human epidermal growth factor receptor 2 status

Positive
Negative
Indeterminate
Unknown

Neoadjuvant chemotherapy

YES
NO
Unknown

TCGA cohort

Radiogenomic Cohort

Validation cohort

194
141

165
170

216
70
21
28

286
49

50
151
58
70

70
220
33
12

166
107
36
21
277
52
49

206
69

206
116

13

173
148

13
60
184
46
45
316

19

n =335

%

57.9
42.1

49.3
50.7

64.5
20.9
6.3
8.4

85.4
14.6

14.9
45.1
17.3
20.9
18

20.9
65.7
9.9
3.6

49.6

31.9
10.7
6.3
1.5

82.7
18
15.5

14.6

61.5

20.6
18
15

61.5
34.6

39

51.6
44.2
03
3.9

17.9
54.9
13.7
13.4
94.3

57

n=120

80 66.7
40 33.3

61 50.8
59 49.2

97 80.8
22 183
1 0.8

17 97.5
3 0.5

6 5.0
50 4.7
31 25.8
30 25.0

3 25

48 40.0
66 55.0
6 5.0

63 52.5
41 34.2
9 7.5
6 5.0
1 0.8
94 78.3
26 21.7

28 23.3
76 63.4
16 13.3

99 82.5
21 17.5

88 733
32 26.7

13 10.8
62 51.7
26 21.7
19 15.8

1 0.8
19 99.2

187
18

102
27

N N

~~~~~

-~~~ ~

n=155

%

88.4
1.6

49.7
50.3

92.3
2.6
5.2

85.2
135
1.3

3.2
136
65.8
17.4

~~~~

~~~~~

~~~~~

56.8
419

477
51.0

30.3
67.7

2.0

98.7
13





