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Background

To identify a computed tomography (CT) derived radiomic signature for the options of concurrent chemo-radiotherapy (CCR) in patients with non-small cell lung cancer (NSCLC).



Methods

A total of 226 patients with NSCLC receiving CCR were enrolled from public dataset, and allocated to discovery and validation sets based on patient identification number. Using CT images of 153 patients in the discovery dataset, we pre-selected a list of radiomic features significantly associated with 5-year survival rate and adopted the least absolute shrinkage and selection operator regression to establish a predictive radiomic signature for CCR treatment. We performed transcriptomic analyzes of the signature, and evaluated its association with molecular lesions and immune landscapes in a dataset with matched CT images and transcriptome data. Furthermore, we identified CCR resistant genes positively correlated with resistant scores of radiomic signature and screened essential resistant genes for NSCLC using genome-scale CRIPSR data. Finally, we combined DrugBank and Genomics of Drug Sensitivity in Cancer databases to excavate candidate therapeutic agents for patients with CCR resistance, and validated them using the Connectivity Map dataset.



Results

The radiomic signature consisting of nine features was established, and then validated in the dataset of 73 patients receiving CCR log-rank P = 0.0005, which could distinguish patients into resistance and sensitivity groups, respectively, with significantly different 5-year survival rate. Furthermore, the novel proposed radiomic nomogram significantly improved the predictive performance (concordance indexes) of clinicopathological factors. Transcriptomic analyzes linked our signature with important tumor biological processes (e.g. glycolysis/glucoseogenesis, ribosome). Then, we identified 36 essential resistant genes, and constructed a gene-agent network including 10 essential resistant genes and 35 candidate therapeutic agents, and excavated AT-7519 as the therapeutic agent for patients with CCR resistance. The therapeutic efficacy of AT-7519 was validated that significantly more resistant genes were down-regulated induced by AT-7519, and the degree gradually increased with the enhanced doses.



Conclusions

This study illustrated that radiomic signature could non-invasively predict therapeutic efficacy of patients with NSCLC receiving CCR, and indicated that patients with CCR resistance might benefit from AT-7519 or CCR treatment combined with AT-7519.
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Introduction

Lung cancer was the first most commonly diagnosed cancer (1), with non-small cell lung cancer (NSCLC) accounting for 80% to 85% of cases (2). More than 30% of patients with NSCLC have locally advanced and unresectable disease, and the 5-year survival rate is less than 15% (3). International guidelines recommend concurrent chemo-radiotherapy (CCR) as a standard first-line treatment option for locally advanced stage NSCLC patients (4). However, the prognosis achieved with CCR remains unsatisfactory with the 5-year survival rate of less than 25% (5, 6). Therefore, it is imperative to develop a clinically feasible signature to stratify patients who might benefit from CCR treatment, avoiding these side effects of unnecessary treatment.

Currently, most predictive signatures for CCR therapeutic efficacy were constructed based on molecular characterization using genomic and proteomic technologies (7–9). However, these techniques are limited due to tumors are spatially and temporally heterogeneous, which could not provide a complete characterization of the tumor (10). In contrast, medical imaging can be used to non-invasively and cost-effectively visualize the characteristics of entire tumor, providing dynamic information that can be used to monitor the occurrence and development of tumors (11, 12). Currently, computed tomography (CT), which is the most commonly used imaging modality in oncology, especially lung cancer, allows non-invasive detection of tissue density and describes tumor spatial heterogeneity (12).

Radiomics converts medical images into high-throughput quantitative features; this is a new field that could be the vanguard of precision medicine (10, 13), which offers the possibility to minimize adverse effects and optimize the efficacy of treatments (14). Current, most researchers firstly developed prognostic signatures (15–17) for patients not receiving CCR and then demonstrated that only the high-risk patients predicted by the signatures showed significantly survival benefit after CCR treatment. Obviously, such prognostic signatures were just able to identify patients with poor prognosis who need CCR treatment, but unable to identify patients who might be sensitive to treatment. In order to provide support in patient management and achieve maximum clinical benefit, the development of CT derived radiomic signature for predicting the patients sensitive to CCR need to be assessed to predict the therapeutic efficacy of CCR treatment.

In this study, using CT images of patients, we develop a non-invasive radiomic signature for patients with locally advanced stage NSCLC receiving CCR, which might help to accurately predict therapeutic efficacy for CCR treatment with improved 5-year survival rate. Subsequently, based on the dataset with matched CT images and gene expression profiles, we characterized the underlying functional pathways reflected by the radiomic features in the signature and tentatively captured the potentially beneficial agents required for the treatment of patients with CCR resistance based on cancer cell lines dataset.



Materials and Methods


Data Sources

In this study, the NSCLC-Radiomics (NR) dataset (10) with DICOM CT scans was downloaded from The Cancer Imaging Archive (TCIA, https://www.cancerimagingarchive.net/, 2020), including 422 patients previously treated with CCR or radiotherapy. The inclusion criteria of the samples for CCR treatment planning were as follows: 1) available treatment-naive CT scans; 2) confirmed NSCLC; 3) patients treated with CCR; 4) available survival information. Finally, 226 patients with locally advanced stage NSCLC receiving CCR were preselected and divided into discovery (n = 153) and validation (n = 73) datasets based on patient identification number (pid), that is, the 153 patients whose pid wasn’t divisible by 3 were used as a discovery dataset to develop a radiomic signature for CCR treatment, and the remaining 73 patients were assigned to the validation dataset. These details and applications of the analyzed datasets are displayed in Table 1 and Supplementary Figure S1.


Table 1 | Baseline clinical characteristics of patients in the analyzed datasets.



NSCLC-Radiogenomics (NRG) dataset (18) with DICOM CT scans and matched gene expression profiles were downloaded from TCIA, including 67 NSCLC patients treated with different therapeutic strategies, which was used to understand the biological processes linked to the radiomic signature.

Genome-wide CRISPR screening of NSCLC cells (n = 87) was downloaded from the DepMap portal (https://depmap.org/portal/download/; 2019). Dependency scores for around 17,000 candidate genes were calculated using the CERES algorithm (19). Essential genes for NSCLC were defined as the genes with a CERES score of <−1 across 75% of NSCLC cell lines. The DrugBank database (https://go.drugbank.com/) was used to identify therapeutic agents targeting essential genes.

Genomics of Drug Sensitivity in Cancer dataset (20)  (GDSC, https://www.cancerrxgene.org, release-8.2), which contains responses to 345 anticancer agents across 917 cancer cell lines, with gene expression profiles and half-maximal inhibitory concentrations (IC50) values of cell lines were used to identify potential therapeutic agents.

Gene expression profiles of 27 samples treated with different concentrations (0.01 - 10 µM) of AT-7519 for 24 hours and the corresponding 124 untreated control samples were downloaded from Connectivity Map dataset (21) (CMap, https://clue.io/data/CMap2020#LINCS2020), including 12,328 genes. These samples were derived from A549 and HCC515 NSCLC cell lines. The samples treated with AT-7519 were divided into three dose groups: Low (dose < 1 µM), Middle (1 < dose < 10 µM) and High (dose = 10 µM), which was used to validate therapeutic efficacy of AT-7519.



Image Segmentation and Radiomic Feature Extraction

The regions of interest (ROI) of CT scans in the NR and NRG datasets were publicly available. In general, the three-dimensional radiomic features that enabled quantification of the tumor characteristics were divided into ten groups according to the following: I) Tumor intensity, II) Shape, III) Texture, IV) wavelet filters, V) Laplacian of Gaussian filters, VI) Logarithm filters, VII) Square filters, VIII) Exponential filters, IX) Gradient filters and X) Squareroot filters features. For the NR and NRG datasets, radiomic feature extraction was performed for each CT scan with ROIs using free and open-source PyRadiomics (v2.2.0) libraries. An extraction intensity bin width was set at 25 HU and the slice thicknesses of all scans were interpolated to a voxel size of 1×1×1 mm3. The quantitative values of 1781 radiomic features (Supplementary Table S1) were calculated according to feature definitions in the PyRadiomics documentation (https://pyradiomics.readthedocs.io/en/latest/index.html) by the Imaging Biomarker Standardization Initiative (22). 



Construction of the Radiomic Signature for CCR Treatment

In the discovery dataset, radiomic features whose quantitative values were significantly associated with the 5-year survival rate were identified as CCR-associated features. Based on the CCR-associated features, we adopted the least absolute shrinkage and selection operator (LASSO) regression (23) using “glmnet” R package to establish an optimal predictive model, and defined it as a predictive radiomic signature for CCR treatment. “Cox” was set as the family in the model. Ten-fold cross-validation was performed using cv.glmnet function to select lambda minimum to give the minimum cross-validated error. The resistant score of the signature for each patient was calculated via a linear combination of features in the signature that were weighted by their respective coefficients as follows:

	

where i represents the i-th feature in the signature; wi represents the weight of the i-th feature derived from LASSO model; FeatureValuei represents the quantitative value of the i-th feature; and n represents the number of features contained in the signature.

The median value of resistant scores of the radiomic signature in the discovery dataset was used as the cut-off value for dividing patients into the resistance (≧ Median) and sensitivity (< Median) groups.



Statistics Analyzes

The 5-year survival rate of the patients was used as the end point of interest. Patients with more than 5 years follow-up were censored at 5 years because deaths occurring past five years were not likely to be related to CCR treatment. Survival curves were estimated using the Kaplan-Meier method and statistically compared using the log-rank test (24). To analyze the associations between the different influencing factors and the 5-year survival rate of the patients, a univariate Cox regression model was used, and to test the independent association of the radiomic signature with the 5-year survival rate after adjusting for the clinical parameters recorded in the data, a multivariate Cox regression model was used. Hazard ratio (HR) and 95% confidence interval (CI) were generated using the Cox proportional hazards models, and the concordance index (C-index) (25) was also used to estimate the predictive performance of clinical factors. Time-dependent receiver operating characteristic curve (ROC) analysis (26) and the area under the curve (AUC) were performed to evaluate the radiomic signature’s performance in predicting the 1-, 3- and 5-year survival rates.

To assess the complementary effect of the radiomic signature on the clinical model in predicting the therapeutic efficacy in patients with NSCLC receiving CCR treatment, a radiomic nomogram was constructed using multivariate linear regression analysis (“rms” R package). Additionally, the predictive performance of the radiomic nomogram was evaluated based on C-index, calibration curve, and the decision curve analysis. The net reclassification improvement (NRI) (27) index was determined to quantify the radiomic signature’s incremental improvement using the “nricens” R package.

Spearman’s rank correlation was applied to investigate the association between the radiomic signature and clinical parameters. The “clusterProfiler” R package was used to conduct the functional enrichment analysis of the genes that were correlated with the radiomic features based on the current Kyoto Encyclopaedia of Genes and Genomes (KEGG) database, wherein a hypergeometric test was employed.

ESTIMATE (28) was introduced to estimate the immune score for a given sample by performing ssGSEA (29), based on its mRNA expression profiles using an “estimate” R package. The ssGSEA was also utilized to quantify the relative infiltration levels of 28 immune cell types in the tumor microenvironment by using a “GSVA” R package. The relative infiltration levels of each immune cell type were represented by an enrichment score in the ssGSEA analysis.

Student’s t-test was used to examine the intergroup difference by comparing samples treated with potential therapeutic agents and the corresponding untreated control samples. Binomial distribution was used to examine the difference in the distribution of the down-regulated and up-regulated resistance genes induced by the potential therapeutic agents.

Statistical analyzes were performed using R, version 3.5.3; P values were adjusted using the Benjamini-Hochberg procedure for multiple tests to control the false discovery rate (FDR). Statistical significance was defined as two-sided P<0.05 or FDR<0.05 for multiple tests.




Result


Construction and Validation of a Radiomic Signature for CCR Treatment

Figure 1 describes the flowchart of this study. In the discovery dataset, comprising 153 patients with NSCLC receiving CCR, we extracted 398 CCR-associated radiomic features which were potentially significantly associated with 5-year survival rate (Univariate Cox regression, P < 0.05). The CCR-associated features were selected as inputs for LASSO regression to generate a radiomic signature consisting of nine weighted features (denoted as CCR-9RS, Figure 2A and Table 2). The weighted sum of these nine radiomic features gave a resistant score for each sample (Supplementary Table S2). Using the median value (0.6241) of the 153 samples as the cut-off value, the patients were divided into resistance and sensitivity groups, respectively, with significantly 5-year survival rate differences (resistance vs. sensitivity = 77: 76, log-rank P = 2.38E-06, HR = 2.33, 95% CI: 1.63-3.34, C-index = 0.61, Figure 2B) in the discovery dataset. The time-dependent ROC curve of CCR-9RS in predicting the 1-, 3-, and 5-year survival rates were shown in Figure 2C, and the area under the curve (AUC) was 0.69, 0.73, and 0.74, respectively. In the multivariate Cox regression model, CCR-9RS remained significantly associated with the 5-year survival rate (P = 7.40E-06, HR = 2.45, 95% CI: 1.66-3.62, Figure 2D) after adjusting for TNM stage, age, gender and histologic subtype.




Figure 1 | Flowchart of developing and validating of a radiomic signature derived from computer tomography (CT) for the patients with NSCLC receiving CCR treatment.






Figure 2 | Feature selection and survival analyzes for patients with NSCLC receiving CCR in the discovery dataset. (A) Tuning parameter (λ) selection in the least absolute shrinkage and selection operator (LASSO) Cox model used a 10-fold cross-validation via minimum criteria. The area under the receiver operating characteristic (AUC) curve was plotted versus log(λ). (B) Kaplan–Meier curves of the 5-year survival rate for 153 patients. (C) Time-dependent receiver operating characteristic curve (ROC) of CCR-9RS in predicting the 1-, 3- and 5-year survival rates. (D) Multivariate Cox analyzes of CCR-9RS after adjusting for clinical factors.




Table 2 | Composition of CCR-9RS.



The predictive performance of CCR-9RS was validated in the validation dataset, consisting of 73 patients with NSCLC receiving CCR. According to the trained cut-off (0.6241) of CCR-9RS, the 35 patients were classified into the resistance group, and exhibited significantly shorter 5-year survival rate than the 38 patients classified into the sensitivity group (log-rank P = 0.0005, HR = 2.52, 95% CIs: 1.47-4.30, C-index = 0.61, Figure 3A). The time-dependent ROC curve confirmed that CCR-9RS had a good performance for predicting 1-, 3- and 5-year survival rates in the validation dataset (Figure 3B). Multivariate Cox analysis revealed that 5-year survival rate was independently predicted by CCR-9RS after adjusting for the clinical factors in validation dataset (Figure 3C). Additionally, in order to exclude the influence of the not otherwise specified (NOS) subtype of NSCLC, CCR-9RS was also validated in the patients with clarifying histologic subtypes (Adenocarcinoma, Squamous cell carcinoma and Large-cell lung carcinoma) in the discovery dataset (n = 131, log-rank P = 4.81E-05, HR = 2.19, 95% CI: 1.49-3.22, C-index = 0.60, Supplementary Figure S2A) and validation dataset (n = 60, log-rank P = 0.0013, HR = 2.55, 95% CI: 1.42-4.61, C-index = 0.62, Supplementary Figure S2B), respectively.




Figure 3 | Validation of CCR-9RS. (A) Kaplan–Meier curves of 5-year survival rate for patients in the validation dataset (n = 73). (B) Time-dependent receiver operating characteristic curve (ROC) of CCR-9RS in predicting 1-, 3- and 5-year survival rates in the validation dataset. (C) Multivariate Cox analyzes of CCR-9RS after adjusting for clinical factors in the validation dataset.





Incremental Value of CCR-9RS

To further investigate whether CCR-9RS could provide incremental value for therapeutic evaluation of patients with NSCLC receiving CCR, we generated a radiomic nomogram (Figure 4A) that incorporated clinical factors (TNM stage, age, gender and histologic subtype) and CCR-9RS. The radiomic nomogram showed a significantly higher C-index relative to that of the clinical nomogram (Supplementary Figure S3A) and CCR-9RS alone based on the NRI index (P < 0.05, Supplementary Figures S3B, C) in the discovery dataset (C-index = 0.65, Table 3) and validation dataset (C-index = 0.66, Table 3). The calibration curves corresponding to the radiomic nomogram at 1-, 3-, and 5-year survival rates 7 showed good agreement between the estimations and the clinical outcomes in the discovery (Figure 4B) and validation datasets (Figure 4C). Furthermore, the decision curve analysis showed that the radiomic nomogram exhibited superior performance compared with the clinical nomogram across the majority of the range of reasonable threshold probabilities in the discovery (Figure 4D) and validation datasets (Figure 4E).




Figure 4 | Radiomic nomogram and its performance for patients with NSCLC receiving CCR treatment. (A) Survival radiomic nomogram that incorporated with CCR-9RS and the clinical factors trained in the discovery cohort (n=153). The points of CCR-9RS and the clinical factors were obtained based on the top ‘points’ bar (scale: 0–100). The total point was calculated by summing the two points, and a line was drawn downward to the survival axes to determine the likelihood of 1-, 3-, or 5-year survival rate. (B, C) Calibration curves for the radiomic nomogram in the discovery and validation datasets; the diagonal gray line represents an ideal evaluation. (D, E) Decision curves for the radiomic nomogram in the discovery and validation datasets.




Table 3 | Performances of different models.





Biological Function of CCR-9RS

The biological basis of CCR-9RS was evaluated in the independent NRG dataset (n = 67) with matched CT images and gene expression profiles. Using Spearman’s rank correlation analysis, we identified the significantly correlated genes of each feature in CCR-9RS (P < 0.05) and performed functional enrichment analysis for these correlated genes. It was observed that 6 of the 9 features were significantly enriched in 20 functional pathways (hypergeometric test, FDR < 0.05; Figure 5A and Supplementary Table S3), including “glycolysis/glucoseogenesis” (30), “ribosome” (31) and other functional pathways related to CCR treatment resistance. For example, we observed that “wavelet_HHL_glszm_SizeZoneNonUniformityNormalized” showed a strong positive correlation with genes enriched in “ribosome”, “glycolysis/glucoseogenesis” (Supplementary Table S3). The feature measures the variability of size zone volumes throughout the image, and a higher value of this feature represents a higher level of tumor heterogeneity, which might reflect the high glycolysis ability of a tumor with high CCR resistant capability (30, 32).




Figure 5 | Molecular characteristics associated with CCR-9RS in NSCLC. (A) Gene-enrichment analysis of correlated genes with 6 radiomic features in CCR-9RS based on the Kyoto Encyclopedia of Genes and Genomes (KEGG) database in the NRG (NSCLC-Radiogenomics) dataset. (B) Molecular lesions and immune landscapes along with the resistant scores calculated by CCR-9RS. The correlation was estimated by Spearman rank correlation. The histogram on the right represents the significantly correlation with the resistant scores of CCR-9RS; the orange-dotted line represents P = 0.05.



We also investigated the association of CCR-9RS with the molecular lesions (EGFR mutation, KRAS mutation and ALK translocation) and immune landscapes based on Spearman’s rank correlation analysis (Figure 5B). The resistant scores of CCR-9RS were not observed to be significantly associated with EGFR mutation (P = 0.3685), KRAS mutation (P = 0.8272) and ALK translocation (P = 0.6256). The result indicated that patients with CCR resistance might not benefit from the currently molecular-targeted therapies. Furthermore, we observed that patients with CCR resistance exhibited marginally significantly negatively correlated with immune scores (29) (Rho = -0.2222, P = 0.0707), and significantly negatively correlated with some immune cells (28), such as Activated dendritic cell (Rho = -0.2488, P = 0.0423), Activated B cells (Rho = -0.2387, P = 0.0517) and Central memory CD4 T cell (Rho = -0.2968, P = 0.0147). The result suggested that patients with CCR resistance had lower infiltration levels predicted by CCR-9RS, who might also not benefit from immunotherapy.



Identification of Potential Therapeutic Agents for Patients Resistant to CCR Treatment

To further screen candidate therapeutic agents for patients resistant to CCR treatment, we first identified 470 resistant genes responsible for their resistance, whose expression values were significantly positively associated with the resistant scores of CCR-9RS in the NRG dataset (Spearman’s rank correlation, Rho > 0 and P < 0.05, Figure 6A). Second, we investigated genome-wide CRISPR-based loss-of-function screens derived from DepMap to pinpoint 689 essential genes for maintaining survival in 87 NSCLC cell lines and found 36 resistant genes to be essential genes for NSCLC.  The correlations among ;the 36 resistant genes is displayed in Supplementary Figure S4. Therefore, the 36 essential resistant genes could be the potential targets of patients with CCR resistance. Third, taking advantage of the DrugBank database, we extracted 35 candidate therapeutic agents targeting 10 essential resistant genes and constructed a gene-agent network (Figure 6B). Finally, we input the 35 candidate therapeutic agents of gene-agent network into the GDSC cancer cell line dataset, and searched for 4 overlapped therapeutic agents (Seliciclib, AT-7519, Vinorelbine and Vinblastine) with completely IC50 values corresponding to two essential resistant genes (CDK1 and TUBB). Using Spearman’s rank correlation analysis, we found that only the IC50 value of AT-7519 therapeutic agent was significantly negatively associated with the mRNA expression of the target gene (CDK1) in the GDSC dataset (Rho = -0.1548, P = 5.86E-06, Figure 6C). Therefore, AT-7519 was selected as a candidate therapeutic agent for the patients resistant to CCR treatment.




Figure 6 | Identification of potential therapeutic agents for the patients resistant to CCR treatment. (A) Venn diagram of the resistant genes identified in tumor tissues (NSCLC-Radiogenomics dataset) and essential genes identified by CRISPR dataset. The blue circle represents the essential genes screened by CRISPR dataset and the red circle represents the resistant genes significantly positively associated with the resistant scores of the CCR-9RS in the NSCLC-Radiogenomics dataset. (B) A gene-agent network of essential resistant genes and candidate therapeutic agents using DrugBank database. The blue dotted line represents the significantly correlated essential resistant genes (Pearson correlation, FDR < 0.05, Figure S4) and the red dotted line represents the candidate therapeutic agents targeting essential resistant genes in DrugBank database. (C) The correlation analysis of four overlapped therapeutic agents corresponding to two essential resistant genes using GDSC cancer cell line dataset. (D) Binomial distribution for the down-regulated and up-regulated resistance genes induced by AT-7519. (E) The number of down-regulated resistance genes induced by AT-7519 in three dose groups (left to right: Low, Middle and High).



Finally, using the CMap dataset, we collected 27 samples treated with AT-7519 and the corresponding 124 untreated control samples to tentatively validate the therapeutic efficacy of AT-7519 for samples with CCR resistance. The detailed information of cell line samples treated with AT-7519 have been described in the Supplementary Table S4. Among the 341 resistant genes measured in the CMap dataset, we found that 183 resistant genes were significantly differently expressed between the AT-7519-treated and control groups (Student’s t-test, FDR < 0.05). Herein, 124 of the 183 resistance genes were significantly down-regulated induced by AT-7519, including the targeted CDK1 gene of AT-7519 (Student’s t-test, P = 0.0046, Supplementary Figure S5), and showed a significant difference in the resistance genes distribution of the down-regulated induced (67.76%) and up-regulated induced (32.24%) by binomial distribution (P = 1.76E-06, Figure 6D). Furthermore, we divided the samples treated with AT-7519 into three dose groups: Low (n = 15), Middle (n = 8) and High (n = 4), and found that significantly more resistant genes (Low, 59; Middle, 93; High, 118, Figure 6E) were down-regulated induced by AT-7519, and the degree was gradually increased with the enhanced doses.




Discussion

Radiomics is an emerging technique that converts traditional medical images into high-dimensional features, and has been widely applied in early diagnosis, prognosis and therapeutic efficacy evaluation, guiding clinicians develop individualized treatment plans for patients. In this study, we established a CT derived radiomic signature (CCR-9RS), which is the predictor of the therapeutic efficacy in patients with locally advanced stage NSCLC receiving CCR treatment. The radiomic signature successfully stratified NSCLC patients into the resistance and sensitivity groups with significantly different 5-year survival rate when they receiving CCR treatment. The combination of clinical factors with the radiomic signature in a radiomic nomogram could significantly improve the predictive performance of the clinical evaluation system in the discovery and validation datasets. These results indicated that CCR-9RS could provide additional predictive information for patients within the same clinical factors, and it will be worthwhile to develop this signature as a non-invasive predictive tool for clinical application.

Additionally, we tentatively estimated the predictive performance of CCR-9RS in early stage (stage I-II) NSCLC patients receiving radiotherapy, which is a guideline-recommended treatment for some early stage patients, based on the hypothesis that patients who were resistant to CCR should be resistant to both chemotherapy and radiotherapy. Here, we collected 93 stage I and 40 stage II NSCLC patients receiving radiotherapy in the NR dataset, and found that the resistance patients predicted by CCR-9RS also had significantly shorter 5-year survival rate than the predicted sensitivity patients (resistance vs. sensitivity = 55 vs. 78, log-rank P = 0.0138, HR = 1.61, 95% CI: 1.10-2.35, C-index = 0.57, Supplementary Figure S6A) when they receiving radiotherapy only. The time-dependent ROC curve confirmed the good performance of CCR-9RS in predicting 1-, 3- and 5-year survival rates of patients receiving radiotherapy (Supplementary Figure S6B). Multivariate Cox analysis revealed that 5-year survival rate was independently predicted by CCR-9RS after adjusting for the clinical factors in the radiotherapy dataset (Supplementary Figure S6C). This result indicated that CCR-9RS might also predict the efficacy of radiotherapy for early stage NSCLC patients, which needs further validation.

The underlying biological progression of the radiomic signature for CCR treatment is favorable for clinical application. Therefore, we first revealed that several known cancer-related functional processes, including “glycolysis/glucoseogenesis”, “ribosome” and other functional pathways related to CCR resistance, might be reflected by radiomic features in CCR-9RS. Next, we found that patients with CCR sensitivity were characterized by a higher immune score and levels of some immune cell infiltration (such as Activated dendritic cell and Activated B cells), providing evidence that patients sensitive to CCR treatment with higher infiltration levels might benefit from CCR treatment in the molecular mechanism. In contrast, patients with CCR resistance might not benefit from targeted therapy or immunotherapy, which requires further analysis of the benefit from other therapeutic agents.

In order to further screen potential therapeutic agents for the patients with CCR resistance, we first identified resistant genes significantly positively associated with the resistant scores of CCR-9RS in the tumor tissues (NRG dataset). Thereafter, via the leveraging the genome-scale CRIPSR data, we pre-selected a set of essential resistant genes, which could be the potential targets of the patients with CCR resistance. Then, we extracted candidate therapeutic agents targeting essential resistant genes and constructed a gene-agent network using the DrugBank database. Finally, we identified AT-7519 as a therapeutic agent for samples with CCR resistance in GDSC dataset. Furthermore, we tentatively validated the therapeutic efficacy of AT-7519 for samples with CCR resistance using the CMap dataset that significantly more resistant genes, positively correlated with the resistant scores of CCR-9RS, were down-regulated induced by AT-7519, and the degree was gradually increased with the enhanced doses of AT-7519. The results suggest that the patients with CCR resistance might benefit from AT-7519 or CCR treatment combined with AT-7519. We additionally explored the underlying correlation of AT-7519 and immunetherapy, and found that AT-7519 induced significant increases in the expression levels of 17 immune inhibitor/checkpoint genes (33) in CMap dataset (Student’s t-test, P < 0.05, Supplementary Figure S7), such as CTLA4 (P = 0.0002), PDCD1 (P = 0.0298) and IDO1 (P = 6.61E-06). The correlation between AT-7519 and immunotherapy has not been mentioned yet, which merits further exploration. AT-7519 is an ATP competitive CDK inhibitor with effective anti-proliferative activity and has been undertaken or are undergoing the phase I and II clinical trials in a variety of solid tumors, including colorectal cancer (34), cervical cancer (35) and ovarian cancer (36). Therefore, AT-7519 would be a practical therapeutic agent for NSCLC patients with CCR resistance, because the conventional drug in new use can avoid the time-consuming and expensive procedure of new drug development (37).

This study still had some limitations. First, as a single-center retrospective study, the predictive estimation of CCR-9RS still need to be further validated in multicenter clinical trial studies. Second, our study indicated that the NSCLC patients with CCR resistance might benefit from AT-7519 or CCR treatment combined with AT-7519, which should be further validated in the phase of clinical development for cancer treatment.

In conclusion, the radiomic signature developed in this study could be applied to identify patients with NSCLC, who might benefit from CCR treatment prior to treatment, thus allowing clinicians to monitor the progress of patients. Furthermore, AT-7519 was captured as a potentially therapeutic agent for NSCLC patients with CCR resistance, which is worth exploring in future studies.



Data Availability Statement

The datasets for this study can be found in the NSCLC-Radiomics and NSCLC-Radiogenomics datasets (TCIA, https://www.cancerimagingarchive.net/, 2020), the Genome-wide CRISPR (https://depmap.org/portal/download/; 2019), the GDSC dataset (https://www.cancerrxgene.org, release-8.2) and the CMap dataset (https://clue.io/data/CMap2020#LINCS2020).



Ethics Statement

All data in this study source from public data sets. The patients/participants provided their written informed consent to participate in this study.



Author Contributions

Experiment conceiving, LQ and JL. Manuscript writing, LQ and YL. Results interpretation, JL, LQ, and YL. Experimental design and execution, YL and HQ. Image collection, reading, and interpretation, HQ and CW. Data collection and analysis, HQ, CW, YT, JD, LL, and ZC. Manuscript editing, all authors. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by the National Natural Science Foundation of China (no. 81872396 and 61773134) and the National Undergraduate Innovation and Entrepreneurship Training Program (no. 202110226018).



Acknowledgments

The authors thank Professor Zheng Guo (College of Bioinformatics Science and Technology, Harbin Medical University, Harbin, China) for providing significant insights.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2022.832343/full#supplementary-material

  

References

1. Siegel, RL, Miller, KD, Fuchs, HE, and Jemal, A. Cancer Statistics, 2021. CA Cancer J Clin (2021) 71(1):7–33. doi: 10.3322/caac.21654

2. Bade, BC, and Dela Cruz, CS. Lung Cancer 2020: Epidemiology, Etiology, and Prevention. Clin Chest Med (2020) 41(1):1–24. doi: 10.1016/j.ccm.2019.10.001

3. 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(suppl_4):iv1–iv21. doi: 10.1093/annonc/mdx222

4. Hennequin, C, Favaudon, V, Balosso, J, Marty, M, and Maylin, C. [Radio-Chemotherapy Combinations: From Biology to Clinics]. Bull Cancer (1994) 81(12):1005–13.

5. O'Rourke, N, and Macbeth, F. Is Concurrent Chemoradiation the Standard of Care for Locally Advanced Non-Small Cell Lung Cancer? A Review of Guidelines and Evidence. Clin Oncol (R Coll Radiol) (2010) 22(5):347–55. doi: 10.1016/j.clon.2010.03.007

6. Liu, WJ, Du, Y, Wen, R, Yang, M, and Xu, J. Drug Resistance to Targeted Therapeutic Strategies in non-Small Cell Lung Cancer. Pharmacol Ther (2020) 206:107438. doi: 10.1016/j.pharmthera.2019.107438

7. Qi, L, Li, Y, Qin, Y, Shi, G, Li, T, Wang, J, et al. An Individualised Signature for Predicting Response With Concordant Survival Benefit for Lung Adenocarcinoma Patients Receiving Platinum-Based Chemotherapy. Br J Cancer (2016) 115(12):1513–9. doi: 10.1038/bjc.2016.370

8. Van Laar, RK. Genomic Signatures for Predicting Survival and Adjuvant Chemotherapy Benefit in Patients With non-Small-Cell Lung Cancer. BMC Med Genomics (2012) 5:30. doi: 10.1186/1755-8794-5-30

9. Yu, P, Tong, L, Song, Y, Qu, H, and Chen, Y. Systematic Profiling of Invasion-Related Gene Signature Predicts Prognostic Features of Lung Adenocarcinoma. J Cell Mol Med (2021) 25(13):6388–6402. doi: 10.1111/jcmm.16619

10. Aerts, HJ, Velazquez, ER, Leijenaar, RT, Parmar, C, Grossmann, P, Carvalho, S, et al. Decoding Tumour Phenotype by Noninvasive Imaging Using a Quantitative Radiomics Approach. Nat Commun (2014) 5:4006. doi: 10.1038/ncomms5006

11. Aerts, HJ. The Potential of Radiomic-Based Phenotyping in Precision Medicine: A Review. JAMA Oncol (2016) 2(12):1636–42. doi: 10.1001/jamaoncol.2016.2631

12. Seijo, LM, Peled, N, Ajona, D, Boeri, M, Field, JK, Sozzi, G, et al. Biomarkers in Lung Cancer Screening: Achievements, Promises, and Challenges. J Thorac Oncol (2019) 14(3):343–57. doi: 10.1016/j.jtho.2018.11.023

13. Lambin, P, Leijenaar, RTH, Deist, TM, Peerlings, J, de Jong, EEC, van Timmeren, J, et al. Radiomics: The Bridge Between Medical Imaging and Personalized Medicine. Nat Rev Clin Oncol (2017) 14(12):749–62. doi: 10.1038/nrclinonc.2017.141

14. Trebeschi, S, Drago, SG, Birkbak, NJ, Kurilova, I, Calin, AM, Delli Pizzi, A, et al. Predicting Response to Cancer Immunotherapy Using Noninvasive Radiomic Biomarkers. Ann Oncol (2019) 30(6):998–1004. doi: 10.1093/annonc/mdz108

15. Vaidya, P, Bera, K, Gupta, A, Wang, X, Corredor, G, Fu, P, et al. CT Derived Radiomic Score for Predicting the Added Benefit of Adjuvant Chemotherapy Following Surgery in Stage I, II Resectable Non-Small Cell Lung Cancer: A Retrospective Multi-Cohort Study for Outcome Prediction. Lancet Digit Health (2020) 2(3):e116–28. doi: 10.1016/s2589-7500(20)30002-9

16. Sun, C, Tian, X, Liu, Z, Li, W, Li, P, Chen, J, et al. Radiomic Analysis for Pretreatment Prediction of Response to Neoadjuvant Chemotherapy in Locally Advanced Cervical Cancer: A Multicentre Study. EBioMedicine (2019) 46:160–9. doi: 10.1016/j.ebiom.2019.07.049

17. Xie, D, Wang, TT, Huang, SJ, Deng, JJ, Ren, YJ, Yang, Y, et al. Radiomics Nomogram for Prediction Disease-Free Survival and Adjuvant Chemotherapy Benefits in Patients With Resected Stage I Lung Adenocarcinoma. Transl Lung Cancer Res (2020) 9(4):1112–23. doi: 10.21037/tlcr-19-577

18. Bakr, S, Gevaert, O, Echegaray, S, Ayers, K, Zhou, M, Shafiq, M, et al. A Radiogenomic Dataset of Non-Small Cell Lung Cancer. Sci Data (2018) 5:180202. doi: 10.1038/sdata.2018.202

19. Meyers, RM, Bryan, JG, McFarland, JM, Weir, BA, Sizemore, AE, Xu, H, et al. Computational Correction of Copy Number Effect Improves Specificity of CRISPR-Cas9 Essentiality Screens in Cancer Cells. Nat Genet (2017) 49(12):1779–84. doi: 10.1038/ng.3984

20. Yang, W, Soares, J, Greninger, P, Edelman, EJ, Lightfoot, H, Forbes, S, et al. Genomics of Drug Sensitivity in Cancer (GDSC): A Resource for Therapeutic Biomarker Discovery in Cancer Cells. Nucleic Acids Res (2013) 41:D955–61. doi: 10.1093/nar/gks1111

21. Lamb, J, Crawford, ED, Peck, D, Modell, JW, Blat, IC, Wrobel, MJ, et al. The Connectivity Map: Using Gene-Expression Signatures to Connect Small Molecules, Genes, and Disease. Science (2006) 313(5795):1929–35. doi: 10.1126/science.1132939

22. Zwanenburg, A, Vallieres, M, Abdalah, MA, Aerts, H, 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

23. Tibshirani, R. The Lasso Method for Variable Selection in the Cox Model. Stat Med (1997) 16(4):385–95. doi: 10.1002/(sici)1097-0258(19970228)16:4<385::aid-sim380>3.0.co;2-3

24. Bland, JM, and Altman, DG. The Logrank Test. BMJ (2004) 328(7447):1073. doi: 10.1136/bmj.328.7447.1073

25. Harrell, FE Jr., Lee, KL, and Mark, DB. Multivariable Prognostic Models: Issues in Developing Models, Evaluating Assumptions and Adequacy, and Measuring and Reducing Errors. Stat Med (1996) 15(4):361–87. doi: 10.1002/(SICI)1097-0258(19960229)15:4<361::AID-SIM168>3.0.CO;2-4

26. Heagerty, PJ, Lumley, T, and Pepe, MS. Time-Dependent ROC Curves for Censored Survival Data and a Diagnostic Marker. Biometrics (2000) 56(2):337–44. doi: 10.1111/j.0006-341x.2000.00337.x

27. Pencina, MJ, D'Agostino SR, RB, D'Agostino, RB Jr., and Vasan, RS. Evaluating the Added Predictive Ability of a New Marker: From Area Under the ROC Curve to Reclassification and Beyond. Stat Med (2008) 27(2):157–72. doi: 10.1002/sim.2929

28. Yoshihara, K, Shahmoradgoli, M, Martinez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring Tumour Purity and Stromal and Immune Cell Admixture From Expression Data. Nat Commun (2013) 4:2612. doi: 10.1038/ncomms3612

29. Subramanian, A, Tamayo, P, Mootha, VK, Mukherjee, S, Ebert, BL, Gillette, MA, et al. Gene Set Enrichment Analysis: A Knowledge-Based Approach for Interpreting Genome-Wide Expression Profiles. Proc Natl Acad Sci U S A (2005) 102(43):15545–50. doi: 10.1073/pnas.0506580102

30. Jeong, H, Kim, S, Hong, BJ, Lee, CJ, Kim, YE, Bok, S, et al. Tumor-Associated Macrophages Enhance Tumor Hypoxia and Aerobic Glycolysis. Cancer Res (2019) 79(4):795–806. doi: 10.1158/0008-5472.CAN-18-2545

31. Ruan, Y, Sun, L, Hao, Y, Wang, L, Xu, J, Zhang, W, et al. Ribosomal RACK1 Promotes Chemoresistance and Growth in Human Hepatocellular Carcinoma. J Clin Invest (2012) 122(7):2554–66. doi: 10.1172/JCI58488

32. Ye, M, Wang, S, Wan, T, Jiang, R, Qiu, Y, Pei, L, et al. Combined Inhibitions of Glycolysis and AKT/autophagy Can Overcome Resistance to EGFR-Targeted Therapy of Lung Cancer. J Cancer (2017) 8(18):3774–84. doi: 10.7150/jca.21035

33. Ayers, M, Lunceford, J, Nebozhyn, M, Murphy, E, Loboda, A, Kaufman, DR, et al. IFN-Gamma-Related mRNA Profile Predicts Clinical Response to PD-1 Blockade. J Clin Invest (2017) 127(8):2930–40. doi: 10.1172/JCI91190

34. Do, KT, O'Sullivan Coyne, G, Hays, JL, Supko, JG, Liu, SV, Beebe, K, et al. Phase 1 Study of the HSP90 Inhibitor Onalespib in Combination With AT7519, a Pan-CDK Inhibitor, in Patients With Advanced Solid Tumors. Cancer Chemother Pharmacol (2020) 86(6):815–27. doi: 10.1007/s00280-020-04176-z

35. Xi, C, Wang, L, Yu, J, Ye, H, Cao, L, and Gong, Z. Inhibition of Cyclin-Dependent Kinases by AT7519 is Effective to Overcome Chemoresistance in Colon and Cervical Cancer. Biochem Biophys Res Commun (2019) 513(3):589–93. doi: 10.1016/j.bbrc.2019.04.014

36. Wang, L, Chen, Y, Li, H, Xu, Q, and Liu, R. The Cyclin-Dependent Kinase Inhibitor AT7519 Augments Cisplatin's Efficacy in Ovarian Cancer via Multiple Oncogenic Signaling Pathways. Fundam Clin Pharmacol (2022) 36(1):81–8. doi: 10.1111/fcp.12709

37. Mandal, R, Becker, S, and Strebhardt, K. Targeting CDK9 for Anti-Cancer Therapeutics. Cancers (Basel) (2021) 13(9):2181. doi: 10.3390/cancers13092181




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 Liu, Qi, Wang, Deng, Tan, Lin, Cui, Li and Qi. 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-12-832343-g005.jpg
Pathways of neurodegeneration — multiple diseases
Ubiquitin mediated proteolysis
Parkinson disease g =
Protein export
:‘:ermogenesls 5
agosome .

Glycolysis / Gluconeogenesis

Vibrio cholerae infection
L

Qlaremot _gldm_DependenceVariance

V\velet_LHH |_glem_JointAverage

Protein processing
in endoplasmic reticulum \vavelet_LHH_glcm_Sum e

Amyotrophic lateral sclerosis l

wavelet_LHH_firstorder_Range

wavelet_LHH_glszm_ZoneEntropy

Coronavirus disease — COVID—]9\

R:bosunA

Dilated card lomyopnthy T mm=
¢GMP-PKG signaling pathway Vascular smooth muscle contraction
Circadian entrainment  Oxytocin signaling pathway

wavelet_ HHL_glszm_
SizeZoneNonUniformityNormalized

Resistant scores )
TNM Stage LN N ORI 0 UROLEN N mommnel

Gender (LI TE UL TR T T |
N nm onnm

Histologic subtype

[EGFR mutation i (1] mi
11} 1 1

I

KRAS mutation
ALK translocation
Immune_score ll-
Activated B cell |.
' 'I
l I
I L

Activated CD4 T cell
!
III | l l
(Il I
|

Clinic

Activated CD T cell
Activated dendritic cell
CD56bright natural killer cell
CDS56dim natural killer cell
Central memory CD4 T cell
Central memory CDS T cell
Effector memeory CD4 T cell |
Effector memeory CD8 T cell II

Eosinophil
Gamma delta T cell
Immature B cell
Immature dendritic cell
Macrophage
Mast cell
MDSC |
Memory Beell
Monocyte
Natural killer cell
Natural killer T cell |
Neutrophil

Immune cells infiltration

Plasmacytoid dendritic cell
Regulatory T cell

7 follicular helper cell
Type I T helper cell

Tiype 17 T helper cell

Tpe 2 T helper cell | |
Rt TNMSuge Grler Hisolgcinge EGPRmomion  KRAS i ALK roaion oo
[ T \ rorie B Nemamonion (B et ] om st g
EERLRIEE] W Mk [scc Wvsion W Muocion [ ansocaion
o






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Predicting Chemo-Radiotherapy Sensitivity With Concordant Survival Benefit in Non-Small Cell Lung Cancer via Computed Tomography Derived Radiomic Features

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Introduction

        



        		

          Materials and Methods

        

          		

            Data Sources

          



          		

            Image Segmentation and Radiomic Feature Extraction

          



          		

            Construction of the Radiomic Signature for CCR Treatment

          



          		

            Statistics Analyzes

          



        



        



        		

          Result

        

          		

            Construction and Validation of a Radiomic Signature for CCR Treatment

          



          		

            Incremental Value of CCR-9RS

          



          		

            Biological Function of CCR-9RS

          



          		

            Identification of Potential Therapeutic Agents for Patients Resistant to CCR Treatment

          



        



        



        		

          Discussion

        



        		

          Data Availability Statement

        



        		

          Ethics Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fonc-12-832343-g001.jpg
I. Radiomic feature Acquistion

ROI segmentation

y

FEATURE
EXTRACTOR
(Pyradiomics V2.2.0)

0 N\

Texture
o Jill o
| o Jill 0 ] g
| o il 0 |
o il 0

o
o
o

Radiomic features extraction

v

PP LLLN PN,

laplace of Gaussian feature

l High quantitative value
. - N iow quantitative value
CT-derived radiomic feature profiles

I1. Construction of CCR-9RS

Q
PPl PP PP S

laplace of Gaussian feature

|| ' High quantitative value
=

- . Low quantitative value
CT-derived radiomic feature profiles

Univariate Cox
(P <0.05) .y
Clinical information

=
CCR-associated radiomic features

P
=1

]
| |
.
Clinical information

155 130 118 94 72 65 49 37 28 25 19 12 11 9 2

Partial Likelihood Deviance

log(Lambda)
Radiomic features selection

y

Radiomic signature (CCR-9RS)

I11. Vadlidation of CCR-9RS
Function analyses

== Sensitivity
== Resistance
+ Censored

S-year survival (%)

C-index = 0.61

Log-rank P = 4.84E-04

HR=2. 52 (95% Cls 1.47 -4.30)

] 10 2 30 i S0
Overall Survival Time (months)

Survival analyses

Points
CCR-9RS

TNM stage

Threshold Probability

Radiomic Nomogram

gldm_Dependence Variance

\\‘;wclﬂj.l IH_glem_JointAverage
\-m!cx,um _glem_SumAverage

Huntington disy m‘ e - - [ wavelet LHH firstorder_Range
” ==

Oxidative phosphorylatio { f

Z |
/5 | avelet L] o] ZoneEs
RNA transpor l\ / 7 /a\ let_LHH_glszm_ZoneEniropy
4;;,'

Coronavirus disease ~ COVID 1\

THL_glszm
formityNormalized

P h\
GMP-PKG signaling pathway
Circadian entrainment  Oxytocin s lgnallmpn!h vay

Biological interpretation

L R |Il|ul II 1
I ERTNAY
NENEN NNENENEEEE NN EER R W W
ARNRCHEN WACNROMEONNERE RN R I
|

Molecular les10ns and immune landscapes

IV. Pharmacogenomic Analysis

Genome-wide
CRISPR

Resistant genes
associated with CCR-9RS

Essential resistant genes

V Screen candidate agents
@ORUGBANK
y

’ Olomoicine Al(l)cillib /v
B

Indirubin-3"-monoxime _~ Fostamatinib

o Ir--o

AT-7519 CDKI  ~_ avotaciciib
'/ \ L v
I | \
Seliciclib ’ v Hymenialdisine

Alsterpaullone SU9516

Genes - Agents network

y

Potential agents for CCR resistance






OEBPS/Images/fonc.2022.832343_cover.jpg
, frontiers ‘ Frontiers in Oncology

Predicting Chemo-Radiotherapy
Sensitivity With Concordant Survival
Benefit in Non-Small Cell Lung
Cancer via Computed Tomography
Derived Radiomic Features





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-12-832343-g003.jpg
75

50

S-year survival (%)

Sensitivi

Resistance

C-index = 0.61
Log-rank P = 0.0005

== Sensitivity
== Resistance
+ Censored

HR = 2.52 (95% Cls: 1.47 - 4.30)
0 10 20 30 40 50 60
Overall Survival Time (months)
Number at risk
38 31 26 20 19 14 11
35 21 13 1 5 4 2
0 10 20 30 40 50 60

Sensitivity

0.00

025

0.50
1-Specificity

0.75

Multivariable factors HR (95% Cls)

CCRYRS 2.53
(Resistance vs. Sensitivity) (142 —4.54)

TNM stage 1.03
(IIB vs. IITA) (0.55—1.92)
Age 0.87
(>65 vs. 65<) (0.48 - 1.59)
Gender 1.08
(Male vs. Female) (0.58 -2.02)
Histologic subtype 0.78

(ADC vs. SCC vs. LCC vs. NOS) (0.57 — 1.06)

0.5

0.0017

0.9211

0.6576

0.8024

0.1153





OEBPS/Images/table2.jpg
Radiomic feature name HR P-value C-index

squareroot_gldm_DependenceVariance 1.06 0.0011 0.58
wavelet_LHH_glcm_JointAverage 1.10 0.0067 0.55
wavelet_LHH_glcm_SumAverage 1.05 0.0067 0.55
wavelet_LHH_firstorder_Range 1.01 0.0053 0.55
wavelet_LHH_glszm_ZoneEntropy 167 0.0051 0.56
wavelet_LLH_glrim_LongRunHighGrayLevelEmphasis 1.01 0.0005 0.57
wavelet_LLH_glszm_SizeZoneNonUniformity 1.01 0.0002 0.58
wavelet_HHH_glszm_SizeZoneNonUniformity 1.02 2.91E-05 0.56
wavelet_HHL_glszm_SizeZoneNonUniformityNormalized 5370.36 0.0042 0.57

HR and P-value are the statistics calculated using a univariate Cox regression model. HR represents the risk coefficient of the quantitative values for the feature; P-value represents the
significance of the quantitative values for radiomic feature.





OEBPS/Images/table3.jpg
C-index (95% Cls)

Discovery dataset Validation dataset
Radomic nomogram 0.65 (0.60 - 0.71) 0.66 (0.59 - 0.74)
CCR-9RS 0.61 (0.57 - 0.65) 0.61 (0.55 - 0.68)

Clinical nomogram 0.57 (0.51 - 0.63) 0.58 (0.50 - 0.66)





OEBPS/Images/fonc-12-832343-g004.jpg
A

. 0 10 20 30 40 50 60 70 8 90 100
Points
Resistance

CCR-9RS

Sensitiviey

Stage [1IB

TNM stage

Stage I11A

>65

Age

65<

Male

Gender

Female

. sce Lee

Histology subtype

NOS ADC
Total Points

0 20 40 60 80 100 120 140 160 180 200 220 240 260
Linear Predictor ——— . —
-12 -1 08 -0.6 04 02 0 02 04 06 08 |1
1—year Survival Probability
0.8 0.7 06 05 04 03
3—year Survival Probability
05 04 03 02 0.1

S—year Survival Probability
0.5 04

0.3

0.2 0.1

~ 1.0 — 1-Year Survival
g — 3-Year Survival
";‘g 0.8 — 5-Year Survival
=% .
2
£ 064
s
2
Z 0.4-| /
3
7]
302
g e
< 001"
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Predicted Probability
—— Nomogram
0.5 —— CCR-9RS
—— Clinical
— All

None

e
W

Net Benefit

0.0 0.2 0.4 0.6

Threshold Probability

0.8

1.0

E

'~ 1.0 — 1-Year Survival
8 — 3-Year Survival °
g 0.8 — S5-Year Survival /
o
S o
& 0.6
=
& .
z 04+ %
=
v
T 0.2
g
o
< 00l
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Predicted Probability
—— Nomogram
0.5 —— CCR-9RS
—— Clinical
— All
0.4 —— None
03
53
m
302
Z
0.1
0.0
=0.1
0.0 0.2 04 0.6 0.8 1.0

Threshold Probability





OEBPS/Images/fonc-12-832343-g006.jpg
A

689 CRISPR-based
essential genes

470 Resistant Genes

associated with CCR-9RS

CDK1

TUBB

36 essential resistant genes

Seliciclib

-0.0039
(P-value = 0.9399)

Vinorelbine

AT-7519

Vinblastine

0.0369
(P-value = 0.2879)

-0.0278
(P-value = 0.4080)

02
0.16
0.12
0.08
0.04

—0.04
—0.08
—0.12
—0.16
~0.2

B &
' Colchicelne ’
' ZENYI2 , Griseoftilvin ,
] Tirbanibutin—\ / dofilox ’
’ Olomodycine  Albocidib ’ ’ ot \ \ ] / Depagxizumab mafodotin
o DO Isolelucine N N P4 ’
Indirubin-3"-monoxime .~ Fostamatinib | S \ , / 7 e
e \ 4,
— ~ S
At S 7 : Agoiae = = fdbi
\\ - - ‘inorelbine
&7 & -~ By T B
Seliciclib 'l \'Mymenlaldislne - P \\ ~ '
P . s/ | N~ vinrisine
sterpautione  SU9SI6 \ N
opG. 7/
RN <
[ ‘inblastine
.{@ Genes d V%s‘ { N Z \ " 4
Cysteine 1 POLE2 | \ Epothilone D | ’ Colchicine
r'd
’ Agents | | i N N Milataxel il Patupitone
- == Gene&Gene & | & &
Valine ' LY2181308 ' Berberine
- = Gene&Agent i Reserpine
D E (n=118)
P =1.76E-06 2
Down-regulated resistance genes ——————
5 &
)
(n=124, 67.76%) g
Qo
o ©
=
53
]
o
oy
o

Up-regulated resistance genes -

Low dose

Middle dose High dose





OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/fonc-12-832343-g002.jpg
Partial Likelihood Deviance

Sensitivity

100 150 200 250

50

1.00

0.75

0.50

0.25

0.00

155130 118 94 72 65 49 37 28 25 19 12 11 9 2

0.00

0.25

T
-4
log(Lambda)

0.50
1-Specificity

0.75

100 == Sensitivity
== Resistance
+ Censored
&
3\/ 75
)
2
2 50
7
o
53
15
N
w25

C-index = 0.61
Log-rank P = 2.38E-06
0 1 HR=233(95%Cls: 1.63 - 3.34)

0 10 20 30 40 50 60
Overall Survival Time (months)
Number at risk

Sensitivity { 76 57 41 29 28 23 20

Resistance { 77 39 17 11 7 5 3
0 10 20 30 40 50 60
D
Multivariable factors HR (95% Cls)
CCR-9-RS 245 e
(Resistance vs. Sensitivity)  (1.66 — 3.62)
TNM stage 0.87 ;
———
(1B vs. IITA) (0.60 —1.28)
Age 097 ;
(565 vs. 655) (0.66— 1.41) &
Gender 131 :
A
(Male vs. Female) (0.86 —2.00) ;
Histologic subtype 0.97 :
(ADC vs. SCC vs. LCC vs. NOS) (0.80 — 1.20) '5
i 15 2 253354

7.40E-06

0.4857

0.8596

0.2033

0.8063





OEBPS/Images/M1.jpg
Risk score

SwFeatureValue, i€
>





OEBPS/Images/table1.jpg
Discovery dataset (n = 153) Validation dataset (n = 73)

Age (years)

<65 78 (51.0%) 35 (47.9%)

>65 70 (45.8%) 34 (46.6%)
Gender

Female 54 (35.3%) 28 (38.4%)

Male 99 (64.7%) 45 (61.6%)
TNM stage

| — -

I —- -

1} 153 (100%) 73 (100%)
T stage

T 20 (18.1%) 20 (27.4%)

T2 68 (44.4%) 24 (32.9%)

T3 21 (13.7%) 0(18.7%)

T4 41 (26.8%) 9 (26.0%)
N stage

NO - =

N1 - -

N2 97 (63.4%) 44 (60.3%)

N3 56 (36.6%) 29 (39.7%)
Histologic subtype

ADC 8 (11.8%) 1(16.1%)

scc 53 (34.6%) 22 (30.1%)

LCC 53 (34.6%) 3 (31.5%)

NOS 2 (14.4%) 3 (17.8%)
Average survival (Month) 28.65 34.78

ADC, Adenocarcinoma; SCC, Squamous cell carcinoma; LCC, Large-cell lung carcinoma; NOS, Not otherwise specified subtype.





