

[image: image]





FRONTIERS EBOOK COPYRIGHT STATEMENT

The copyright in the text of individual articles in this ebook is the property of their respective authors or their respective institutions or funders. The copyright in graphics and images within each article may be subject to copyright of other parties. In both cases this is subject to a license granted to Frontiers. 

The compilation of articles constituting this ebook is the property of Frontiers. 

Each article within this ebook, and the ebook itself, are published under the most recent version of the Creative Commons CC-BY licence. The version current at the date of publication of this ebook is CC-BY 4.0. If the CC-BY licence is updated, the licence granted by Frontiers is automatically updated to the new version. 

When exercising any right under the CC-BY licence, Frontiers must be attributed as the original publisher of the article or ebook, as applicable. 

Authors have the responsibility of ensuring that any graphics or other materials which are the property of others may be included in the CC-BY licence, but this should be checked before relying on the CC-BY licence to reproduce those materials. Any copyright notices relating to those materials must be complied with. 

Copyright and source acknowledgement notices may not be removed and must be displayed in any copy, derivative work or partial copy which includes the elements in question. 

All copyright, and all rights therein, are protected by national and international copyright laws. The above represents a summary only. For further information please read Frontiers’ Conditions for Website Use and Copyright Statement, and the applicable CC-BY licence.



ISSN 1664-8714
ISBN 978-2-83250-984-5
DOI 10.3389/978-2-83250-984-5

About Frontiers

Frontiers is more than just an open access publisher of scholarly articles: it is a pioneering approach to the world of academia, radically improving the way scholarly research is managed. The grand vision of Frontiers is a world where all people have an equal opportunity to seek, share and generate knowledge. Frontiers provides immediate and permanent online open access to all its publications, but this alone is not enough to realize our grand goals.

Frontiers journal series

The Frontiers journal series is a multi-tier and interdisciplinary set of open-access, online journals, promising a paradigm shift from the current review, selection and dissemination processes in academic publishing. All Frontiers journals are driven by researchers for researchers; therefore, they constitute a service to the scholarly community. At the same time, the Frontiers journal series operates on a revolutionary invention, the tiered publishing system, initially addressing specific communities of scholars, and gradually climbing up to broader public understanding, thus serving the interests of the lay society, too.

Dedication to quality

Each Frontiers article is a landmark of the highest quality, thanks to genuinely collaborative interactions between authors and review editors, who include some of the world’s best academicians. Research must be certified by peers before entering a stream of knowledge that may eventually reach the public - and shape society; therefore, Frontiers only applies the most rigorous and unbiased reviews. Frontiers revolutionizes research publishing by freely delivering the most outstanding research, evaluated with no bias from both the academic and social point of view. By applying the most advanced information technologies, Frontiers is catapulting scholarly publishing into a new generation.

What are Frontiers Research Topics? 

Frontiers Research Topics are very popular trademarks of the Frontiers journals series: they are collections of at least ten articles, all centered on a particular subject. With their unique mix of varied contributions from Original Research to Review Articles, Frontiers Research Topics unify the most influential researchers, the latest key findings and historical advances in a hot research area.


Find out more on how to host your own Frontiers Research Topic or contribute to one as an author by contacting the Frontiers editorial office: frontiersin.org/about/contact





Prognostic and predictive markers in colorectal cancer

Topic editor

Cornelis F. M. Sier – Leiden University, Netherlands

Citation

Sier, C. F. M., ed. (2022). Prognostic and predictive markers in colorectal cancer. Lausanne: Frontiers Media SA. doi: 10.3389/978-2-83250-984-5





Table of Contents




CDX2: A Prognostic Marker in Metastatic Colorectal Cancer Defining a Better BRAF Mutated and a Worse KRAS Mutated Subgroup

Kristine Aasebø, Anca Dragomir, Magnus Sundström, Artur Mezheyeuski, Per-Henrik Edqvist, Geir Egil Eide, Fredrik Ponten, Per Pfeiffer, Bengt Glimelius and Halfdan Sorbye

B Cells as Prognostic Biomarker After Surgery for Colorectal Liver Metastases

Joost Hof, Lydia Visser, Diederik J. Höppener, Pieter M. H. Nierop, Miente M. Terpstra, Annette S. H. Gouw, Dirk J. Grünhagen, Cornelis Verhoef, Rolf H. Sijmons, Koert P. de Jong and Klaas Kok

Diagnostic Value of Combinatorial Markers in Colorectal Carcinoma

Veronika Voronova, Peter Glybochko, Andrey Svistunov, Viktor Fomin, Philipp Kopylov, Peter Tzarkov, Alexey Egorov, Evgenij Gitel, Aligeydar Ragimov, Alexander Boroda, Elena Poddubskaya and Marina Sekacheva

Primary Tumor Location as a Prognostic and Predictive Marker in Metastatic Colorectal Cancer (mCRC)

Ankur Bahl, Vineet Talwar, Bhawna Sirohi, Prashant Mehta, Devavrat Arya, Gunjan Shrivastava, Akhil Dahiya and K. Pavithran

Identification and Validation of Novel Serum Autoantibody Biomarkers for Early Detection of Colorectal Cancer and Advanced Adenoma

Hejing Wang, Bei Zhang, Xiaojin Li, Donghu Zhou, Yanmeng Li, Siyu Jia, Saiping Qi, Anjian Xu, Xiaomu Zhao, Jin Wang, Zhigang Bai, Bangwei Cao, Ni Li, Min Dai, Hongda Chen and Jian Huang

Genomic Alteration Characterization in Colorectal Cancer Identifies a Prognostic and Metastasis Biomarker: FAM83A|IDO1

Zaoqu Liu, Yuyuan Zhang, Qin Dang, Kunpeng Wu, Dechao Jiao, Zhen Li, Zhenqiang Sun and Xinwei Han

Genome-Wide Methylation Profiling of lncRNAs Reveals a Novel Progression-Related and Prognostic Marker for Colorectal Cancer

Shujuan Lin, Simeng Gu, Sangni Qian, Yaxin Liu, Jinghao Sheng, Qilong Li, Jinhua Yang, Xiaojiang Ying, Zhenjun Li, Mengling Tang, Jianbing Wang, Kun Chen and Mingjuan Jin

Prognostic and Predictive Models for Left- and Right- Colorectal Cancer Patients: A Bioinformatics Analysis Based on Ferroptosis-Related Genes

Yingying Chen and Hua Li

Predicting Distant Metastasis in Young-Onset Colorectal Cancer After Surgery: A Retrospective Study

Jie Cheng, Yao-Jia Lao, Qian Wang, Kai Huang, Juan-Li Mou, Jia-Hui Feng, Fan Hu, Meng-Lu Lin and Jun Lin

The Value of Intravoxel Incoherent Motion Diffusion-Weighted Magnetic Resonance Imaging Combined With Texture Analysis of Evaluating the Extramural Vascular Invasion in Rectal Adenocarcinoma

Fei Gao, Bin Shi, Peipei Wang, Chuanbin Wang, Xin Fang, Jiangning Dong and Tingting Lin

Roles of GFPT2 Expression Levels on the Prognosis and Tumor Microenvironment of Colon Cancer

Xiaorong Ding, Hua Liu, Ying Yuan, Qin Zhong and Xiaomin Zhong

High Expression of CSF-1R Predicts Poor Prognosis and CSF-1Rhigh Tumor-Associated Macrophages Inhibit Anti-Tumor Immunity in Colon Adenocarcinoma

Xingchao Wang, Jianfeng Zhang, Baoying Hu and Fei Qian

Circulating Glycan Monosaccharide Composite-Based Biomarker Diagnoses Colorectal Cancer at Early Stages and Predicts Prognosis

Haoran Li, Xueling Wang, Xiaodan Huang, Yanli He, Yiran Zhang, Cui Hao, Pengjiao Zeng, Meng Zhang, Yanyun Gao, Dandan Yang, Ming Shan, Huaiqian Dou, Xiaoyu Li, Xiaotian Chang, Zibin Tian and Lijuan Zhang

Pre-Treatment Computed Tomography Radiomics for Predicting the Response to Neoadjuvant Chemoradiation in Locally Advanced Rectal Cancer: A Retrospective Study

Yitao Mao, Qian Pei, Yan Fu, Haipeng Liu, Changyong Chen, Haiping Li, Guanghui Gong, Hongling Yin, Peipei Pang, Huashan Lin, Biaoxiang Xu, Hongyan Zai, Xiaoping Yi and Bihong T. Chen

Seven DNA Methylation Biomarker Prediction Models for Monitoring the Malignant Progression From Advanced Adenoma to Colorectal Cancer

Wei Wang, Xuecong Zhang, Xiaohui Zhu, Wenzhi Cui, Danli Ye, Guihui Tong, Dingpeng Huang, Juan Zhou, Xuwen Lai, Guangning Yan, Xia Li, Jianbing Fan, Hongwu Zhu and Chengyong Lei

Early-Stage Loss of GALNT6 Predicts Poor Clinical Outcome in Colorectal Cancer

Makiko Ogawa, Atsushi Tanaka, Kei Namba, Jinru Shia, Julia Y. Wang and Michael H. Roehrl

FBXW7 and Its Downstream NOTCH Pathway Could be Potential Indicators of Organ-Free Metastasis in Colorectal Cancer

Dongzheng Li, Shiye Jiang, Xin Zhou, Chengshuai Si, Peng Shao, Qian Jiang, Liuqing Zhu, Lu Shen, Qi Meng, Jiani C. Yin, Yang Shao, Yueming Sun and Liu Yang

Elevated Carcinoembryonic Antigen at the Time of Recurrence as a Poor Prognostic Factor in Colorectal Cancer: A Propensity Score Matching Analysis

Jung Kyong Shin, Jung Wook Huh, Woo Yong Lee, Seong Hyeon Yun, Hee Cheol Kim, Yong Beom Cho and Yoon Ah Park

A Comprehensive Prognostic Model for Colorectal Cancer Liver Metastasis Recurrence After Neoadjuvant Chemotherapy

Zhenyuan Zhou, Xin Han, Diandian Sun, Zhiying Liang, Wei Wu and Haixing Ju

Gene Mutational Clusters in the Tumors of Colorectal Cancer Patients With a Family History of Cancer

He Huang, Ting Deng, Yuntong Guo, Hao Chen, Xiaolong Cui, Jingjing Duan, Yuchong Yang, Zhixin Guo and Yi Ba

Fruquintinib in Combination With PD-1 Inhibitors in Patients With Refractory Non-MSI-H/pMMR Metastatic Colorectal Cancer: A Real-World Study in China

Miaomiao Gou, Niansong Qian, Yong Zhang, Huan Yan, Haiyan Si, Zhikuan Wang and Guanghai Dai

Stage-dependent prognostic shift in mismatch repair-deficient tumors: Assessing patient outcomes in stage II and III colon cancer

Kjersti Elvestad Hestetun, Nina Benedikte Rosenlund, Luka Stanisavljević, Olav Dahl and Mette Pernille Myklebust












	
	ORIGINAL RESEARCH
published: 11 February 2020
doi: 10.3389/fonc.2020.00008






[image: image2]

CDX2: A Prognostic Marker in Metastatic Colorectal Cancer Defining a Better BRAF Mutated and a Worse KRAS Mutated Subgroup

Kristine Aasebø1*, Anca Dragomir2,3, Magnus Sundström2,3, Artur Mezheyeuski3, Per-Henrik Edqvist3, Geir Egil Eide4,5, Fredrik Ponten3,6, Per Pfeiffer7, Bengt Glimelius3 and Halfdan Sorbye1,8


1Department of Clinical Science, University of Bergen, Bergen, Norway

2Department of Pathology, Uppsala University Hospital, Uppsala, Sweden

3Department of Immunology, Genetics and Pathology, Uppsala University, Uppsala, Sweden

4Department of Global Public Health and Primary Care, Lifestyle Epidemiology Group, University of Bergen, Bergen, Norway

5Centre for Clinical Research, Haukeland University Hospital, Bergen, Norway

6Science for Life Laboratory, Uppsala University, Uppsala, Sweden

7Department of Oncology, Odense University Hospital, Odense, Denmark

8Department of Oncology, Haukeland University Hospital, Bergen, Norway

Edited by:
Kieran Sheahan, St. Vincent's University Hospital, Ireland

Reviewed by:
Johan Nicolay Wiig, Oslo University Hospital, Norway
 Changting Meng, Institute for Systems Biology (ISB), United States

*Correspondence: Kristine Aasebø, kristine.aasebo@uib.no

Specialty section: This article was submitted to Gastrointestinal Cancers, a section of the journal Frontiers in Oncology

Received: 30 October 2019
 Accepted: 06 January 2020
 Published: 11 February 2020

Citation: Aasebø K, Dragomir A, Sundström M, Mezheyeuski A, Edqvist P-H, Eide GE, Ponten F, Pfeiffer P, Glimelius B and Sorbye H (2020) CDX2: A Prognostic Marker in Metastatic Colorectal Cancer Defining a Better BRAF Mutated and a Worse KRAS Mutated Subgroup. Front. Oncol. 10:8. doi: 10.3389/fonc.2020.00008



Background: Survival of metastatic colorectal cancer (mCRC) patients has improved, but mainly for trial patients. New predictive and prognostic biomarkers validated in the general mCRC population are needed. Caudal-type homeobox 2 (CDX2) is an intestine-specific transcription factor with potential prognostic and predictive effect, but the importance in mCRC has not been fully investigated.

Methods: Immunohistochemistry analysis of CDX2 was performed in a Scandinavian population-based cohort of mCRC (n = 796). Frequency, clinical and tumor characteristics, response rate, progression-free survival, and overall survival (OS) were estimated.

Results: Loss of CDX2 expression was found in 87 (19%) of 452 stained cases, in 53% if BRAF mutated (BRAFmut) and in 9% if KRAS mutated (KRASmut). CDX2 loss was associated with microsatellite instability, BRAFmut, and poor differentiation and inversely associated with KRASmut. Patients with CDX2 loss received less first-line (53 vs. 64%, p = 0.050) and second-line (23 vs. 39%, p = 0.006) chemotherapy and secondary surgery (1 vs. 9%, p = 0.019). Median progression-free survival and OS for patients given first-line combination chemotherapy was 4 and 10 months if CDX2 loss vs. 9 and 24 months if CDX2 expressed (p = 0.001, p < 0.001). Immediate progression on first-line combination chemotherapy was seen in 35% of patients with CDX2 loss vs. 10% if CDX2 expressed (p = 0.003). Median OS in patients with BRAFmut or KRASmut and CDX2 expressed in tumor (both 21 months) was comparable to wild-type patients (27 months). However, if CDX2 loss, median OS was only 8 and 11 months in BRAFmut and KRASmut cases, respectively, and 10 months in double wild-type patients. In multivariate analysis, CDX2 loss (hazard ratio: 1.50, p = 0.027) and BRAFmut (hazard ratio: 1.62, p = 0.012) were independent poor prognostic markers for OS.

Conclusion: In a population-based cohort of mCRC patients, CDX2 loss is an independent poor prognostic marker. Expression of CDX2 defines a new subgroup of BRAFmut cases with a much better prognosis. Loss of CDX2 defines a small group of KRASmut cases with a worse prognosis. Patients with CDX2 loss receive less palliative chemotherapy with less benefit and rarely reach secondary surgery.

Keywords: caudal type homeobox transcription factor, CDX2, colorectal cancer, metastatic disease, stage 4 colorectal cancer, prognosis, population based


INTRODUCTION

Colorectal cancer (CRC) is one of the major cancer types worldwide. Globally, there are 1.4 million new cases and 0.7 million deaths in 2012 (1, 2). Approximately 25% of patients present with metastatic CRC (mCRC) at diagnosis, and another 20% will eventually develop metastasis. Despite progress over the past decades, with median overall survival (OS) up to 30 months in clinical trials, prognosis for patients in population-based cohorts is still poor with a median OS of 10–15 months (3, 4). Patients included in clinical trials are highly selected with, for instance, better performance status, younger age, and less or no comorbidity, and cannot be compared to the general mCRC patients. There is a need for predictive and prognostic markers validated in population-based cohorts to guide treatment selection and improve survival for mCRC patients.

Caudal-type homeobox 2 (CDX2) is an intestine-specific transcription factor and one of the most sensitive and specific markers of intestinal differentiation (5). Immunohistochemistry (IHC) analysis for CDX2 is implemented in the clinical diagnostics as a biomarker for intestinal differentiation in tumors of unknown origin. It is deregulated in a subset of patients with CRC, and downregulation has been associated with poor prognosis (6–13). Loss of CDX2 expression has also been associated with other poor prognostic features such as advanced stages, poor differentiation, BRAF mutation (BRAFmut), and microsatellite instability (MSI) (12, 14, 15). The negative prognostic effect of CDX2 could therefore be related to the known associations between these features and poor survival. No previous studies have fully explored if the negative prognostic effect of CDX2 loss in mCRC could be confounded by these associations. Two recent retrospective studies have reported CDX2 loss as a predictive biomarker for treatment benefit of chemotherapy in stage II (7) and stage III (8) CRC. This has so far not been demonstrated in mCRC (8, 9, 11). Recently, CDX2 loss was reported to be an independent negative prognostic marker in mCRC patients undergoing curative liver metastasis resection, indicating CDX2 loss as a potential biomarker to identify patients with limited benefit from surgery (11). It is therefore important to know the proper frequency of CDX2 loss and its relations to outcome in unselected mCRC patients. The aim of this study was to determine the prevalence, prognostic, and predictive effect of CDX2 loss in unselected patients of mCRC in relation to tumor differentiation, BRAF, KRAS, and MSI status.



METHODS


Patient Cohort

A prospectively collected cohort was established of all non-resectable mCRC patients referred to the oncology units of three regional hospitals in Scandinavia: Odense University Hospital (Denmark) (n = 325), Uppsala University Hospital (Sweden) (n = 155), and Haukeland University Hospital (Norway) (n = 316) during 2003–2006 with last follow-up in 2014. These hospitals cover all oncology treatment in their region. Cases not referred in the region were identified through the national (Norway and Sweden) and regional (Denmark) cancer registries (n = 49). The cohort consists of 796 patients (Figure 1).


[image: Figure 1]
FIGURE 1. Flow chart describing collection of tumor blocks, tissue microarray (TMA), and availability of CDX2 status in a population-based Scandinavian cohort of metastatic colorectal cancer.




Tissue Retrieval and Tissue Microarray Generation

Paraffin-embedded tissue blocks were retrieved from the primary tumor in the majority of cases or from a metastatic lesion (six cases), and corresponding hematoxylin–eosin stained glass slides were examined. Tissue microarray (TMA) generation had been performed previously in 460 (58%) cases (16) according to standards used in the Human Protein Atlas (17), with two 1-mm diameter tumor cores extracted per patient. TMA was generated from tissue blocks from surgical resection of primary tumor in 419 of 460 (91%) TMA cases, the remaining 41 from biopsies (35 cases from primary tumor and 6 cases from metastatic lesion).



Tumor Analyses

Results on gene analysis of KRAS, BRAF, and MSI in BRAFmut tumors and IHC analysis on BRAF and MMR were available and performed as described previously (16, 18). IHC for CDX2 was performed for all patients included in the TMA cohort (n = 460) using a mouse-monoclonal antibody, #NCL-CDX2, from Leica Biosystems (formerly Novocastra), diluted 1:50. Automated IHC was performed using an Autostainer 480 instrument (Thermo Fischer Scientific, Waltham, MA, United States), with diaminobenzidine (Thermo Fisher Scientific) as chromogen. High-resolution images of the IHC staining were obtained by scanning with an Aperio AT2 slide scanner (Aperio, Vista, CA, United States) at 200× magnification. Semiquantitative assessment of immunoreactivity in all tumor cells was assessed independently by two pathologists (AD, FP) without knowledge of clinicopathological data. Annotation discrepancies were re-evaluated to reach consensus. Immunoreactivity was scored for nucleus on a four-tier intensity scale (1 = negative, 2 = weak, 3 = moderate, or 4 = strong), and the estimated fraction of stained tumor cells was denoted as 1 (0–1%), 2 (2–10%), 3 (11–25%), 4 (26–50%), 5 (51–75%), and 6 (>75%) (Figure 2). Loss of CDX2 expression (CDX2 loss) was defined as tumors with nuclear fraction staining <10% regardless of intensity, as recommended in the interpretation of IHC of tumor markers in CRC (19). This cutoff was chosen according to previous literature, and the distribution of expression across the cohort. CDX2 expression was defined as tumors with nuclear fraction staining >10% regardless of intensity. CDX2 status was evaluable in 452 cases (Figure 1).


[image: Figure 2]
FIGURE 2. Immunohistochemical staining images of caudal-type homeobox 2 (CDX2) on tumor tissue microarray in a population-based Scandinavian cohort of metastatic colorectal cancer patients. (A) Strong staining in all cells. (B) Completely negative staining.




Statistics

Exact chi-square test was used for group comparisons. Multiple binary logistic regression was used for dichotomous outcome variables, and results are reported as odds ratios (ORs) with 95% confidence intervals (CIs). OS was the interval from the date of metastatic disease to the date of death and censored if the patient was alive on February 4th, 2014. Progression-free survival (PFS) was the interval from the date of first administration of chemotherapy to the date of progression (on CT scan) or death and censored if the patient was alive without progression on February 4th, 2014. OS and PFS were analyzed using the Kaplan–Meier method with log rank test and Cox multiple regression. Cox regression was performed with backward stepwise selection of covariates to the final model. At the first step, we included all relevant covariates. From this model, we removed the variable with the largest p-value. In the second step, we removed the covariate with largest p > 0.05 among the remaining variables from the first step. The process continued until all remaining variables were significant at level 0.05, and a final model was obtained. Results are reported as hazard ratios (HRs) and 95% CIs. All analyses were performed with the statistical program SPSS v22. All statistical tests were two-tailed using 5% significance level.




RESULTS


Study Population

Of the 796 patients included, 460 patients had TMA generated; reasons for no TMA were too small biopsies with no resection of primary tumor performed (n = 239) and missing or no cancer tissue (n = 97) (Figure 1). Cases with lacking TMA was evenly distributed between the three regions of inclusion (45% from Haukeland, 36% from Uppsala, and 43% from Odense University Hospital, p = 0.190). For patients with CDX2 status available, median OS was 11 months (9.4, 12.6) for all patients (n = 452), 18 months (15.0, 21.0) if given first-line chemotherapy (n = 281) and 21 months (17.1, 24.9) if given first-line combination chemotherapy (n = 217). As first-line treatment, 52 patients received irinotecan-based and 168 oxaliplatin-based combination chemotherapy, and 57 received 5-fluorouracil monotherapy. Twenty-one had bevacizumab and 20 had cetuximab combination treatment. Combination chemotherapy was mainly doublet; only three patients received triplet chemotherapy. There was no significant difference in treatment schedules given between patients with loss or expression of CDX2 (Table S1). For patients with CDX2 status available, 21% had a BRAF V600E mutation (BRAFmut), 41% a KRAS mutation (KRASmut), 8% were MSI high (MSI-H), and 38% double (KRAS and BRAF) wild-type tumor (Table 1, Figure 3A).


Table 1. Patient characteristics according to caudal-type homeobox 2 status in a population-based cohort of metastatic colorectal cancer with CDX2 status available (n = 452).
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FIGURE 3. Distribution of different molecular markers in a population-based Scandinavian cohort of metastatic colorectal cancer. (A) Frequency (%) of BRAF, microsatellite instability (MSI), KRAS, and caudal-type homeobox 2 (CDX2) status and their interrelations. (B) Frequency (%) of BRAF, MSI-H, and KRAS mutations in tumors with CDX2 loss and CDX2 expression. (C) BRAF/MSI subgroups in tumors with CDX2 loss and CDX2 expression. KRASmut, KRAS mutation; BRAFmut, BRAF mutation; MSI-H, microsatellite instable high; MSS, microsatellite stable; double wild type, wild-type KRAS and BRAF; CDX2–, CDX2 loss; CDX2+, CDX2 expression.




Patient Characteristics and Treatment

Eighty-seven (19%) of 452 patients had CDX2 loss (Figure 3A). Frequency of CDX2 loss was similar (20%) among the subgroup of elderly patients (>75 years). In patients with MSI-H, BRAFmut and KRASmut tumors, 58, 53, and 9% had CDX2 loss, respectively. A Venn diagram (Figure 3A) illustrates the frequency of CDX2 loss, MSI-H, BRAFmut, and KRASmut, and their interrelations. CDX2 loss was associated with right-sided primary tumor, poor differentiation, MSI-H, BRAFmut, and KRAS wild type (KRASwt) (Table 1, Figure 3B). In subgroup analyses, cases with CDX2 loss were mostly BRAFmut/MSS (42%), and cases with CDX2 expression were mostly BRAFwt/MSS (87%) (Figure 3C). Patients with CDX2 loss had less often lung metastases and liver-only disease, but more often distant lymph node metastases (Table 1). In multiple logistic regression, BRAFmut and poor differentiation were significantly correlated to CDX2 loss (Table S2). Patients with CDX2 loss received less first- (53 vs. 64%, p = 0.050) and second-line chemotherapy (23 vs. 39%, p = 0.006) and rarely had secondary surgery (1 vs. 9%, p = 0.019) compared to patients with CDX2 expressed.



Survival and Response

Median OS in the whole cohort (untreated and treated with chemotherapy) was 6 months if tumor had CDX2 loss and 13 months if tumor showed CDX2 expression (p < 0.001). For patients given first-line chemotherapy, median OS was 11 months if CDX2 loss (n = 46) and 21 months if CDX2 expressed (n = 235) (p < 0.001). For patients given first-line combination chemotherapy, median OS was 10 months if CDX2 loss and 24 months if CDX2 expressed (p < 0.001) (Figure 4). Median PFS after first-line chemotherapy was 5 vs. 8 months (p = 0.003) in patients with CDX2 loss vs. expression and 4 vs. 9 months (p = 0.001) if given first-line combination chemotherapy (Figure 4). We did not observe any survival benefit of combination chemotherapy compared to monotherapy in first-line treatment of patients with tumors demonstrating CDX2 loss (median OS 10 vs. 12 months, p = 0.979 and median PFS 5 vs. 4 months, p = 0.742), but this was evident in patients with tumors demonstrating CDX2 expression (median OS 12 vs. 24 months, p < 0.001 and median PFS 5 vs. 9 months p < 0.001) (Figure 5). For patients given first-line combination chemotherapy with response registered (n = 194 of 217), objective response rate was 35% if the tumor showed CDX2 loss and 49% if CDX2 was expressed. Immediate disease progression was seen in 35% of patients with CDX2 loss compared to 10% with CDX2 expressed (Table S3, Figure 5E).
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FIGURE 4. Median overall survival (OS) and progression-free survival (PFS) in a population-based Scandinavian cohort of metastatic colorectal cancer according to tumor molecular alterations. Kaplan–Meier curves were calculated with log-rank test for p value and univariate Cox regression for HR and 95% CI. (A) Median OS for all patients according to CDX2 status. (B) Median OS according to CDX2 status for patients given first-line combination chemotherapy. (C) Median PFS according to CDX2 status for patients given first-line combination chemotherapy. (D) Median OS according to tumor molecular alterations in patients given first-line combination chemotherapy: double wild type 26 months (n = 88, e = 80), KRASmut/CDX2 expressed 21 months (n = 82, e = 77), BRAFmut/CDX2 expressed 21 months (n = 21, e = 20), KRASmut/CDX2 loss 11 months (n = 4, e = 4), BRAFmut/CDX2 loss 8 months (n = 18, e = 18). (E) Median PFS according to tumor molecular alterations in patients given first-line combination chemotherapy: double wild type 10 months (n = 88, e = 85), KRASmut/CDX2 expressed 8 months (n = 83, e = 78), BRAFmut/CDX2 expressed 9 months (n = 21, e = 20), KRASmut/CDX2 loss 2 months (n = 4, e = 4), BRAFmut/CDX2 loss 4 months (n = 18, e = 18). n, number; e, events; double wild type: KRAS and BRAF wild type; BRAFmut, BRAF mutation; KRASmut, KRAS mutation; HR, hazard ratio; CI, confidence interval; CDX2–, CDX2 loss; CDX2+, CDX2 expression.
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FIGURE 5. Median overall survival (OS), progression-free survival (PFS), and response rate if given first-line mono- or combination chemotherapy according to tumor CDX2 status in a population-based Scandinavian cohort of metastatic colorectal cancer. Kaplan–Meier curves were calculated with log-rank test for p-value and univariate Cox regression for HR and 95% CI. (A) Median OS in patients with CDX2 loss. (B) Median OS in patients with CDX2 expressed. (C) Median PFS in patients with CDX2 loss. (D) Median PFS in patients with CDX2 expressed. (E) Response rate (%) after first-line combination chemotherapy according to CDX2 status. n, number; e, events; HR, hazard ratio; CI, confidence interval; CR, complete response; PR, partial response; SD, stable disease; PD, progressive disease.


In further subgroup survival analyses, we selected patients given first-line combination chemotherapy to eradicate potential treatment selection bias (Figure 4D). In patients with double (KRAS and BRAF) wild-type tumor, median OS was 10 months if CDX2 loss (n = 10) compared to 27 months if CDX2 expressed (n = 77) (p = 0.576). Patients with KRASmut tumor had median OS of 11 months if CDX2 loss (n = 4) compared to 21 months if CDX2 expressed (n = 83) (p = 0.007). Patients with BRAFmut tumors had median OS of 8 months if CDX2 loss (n = 18) compared to 21 months if CDX2 expressed (n = 21) (p = 0.008). Owing to selection of patients treated with combination chemotherapy, we had few patients in some subgroups, particularly of cases with KRASmut and CDX2 loss. However, when analyzing all KRASmut cases, regardless of treatment, median OS was only 2 months if CDX2 loss (n = 16) compared to 13 months if CDX2 expressed (n = 163) (p < 0.001). The negative prognostic effect of CDX2 loss was also significant when analyzing all BRAFmut cases, with 6 months median OS if CDX2 loss (n = 51) compared to 10 months if CDX2 expressed (n = 45) (p = 0.008) (Figure S1). In patients treated with first-line chemotherapy, the negative prognostic potential of CDX2 loss was seen regardless of BRAF, KRAS, and MSI status (Figure S2), however with few patients in some of the subgroups. CDX2 loss was a poor prognostic marker regardless of tumor side (left-sided 12 vs. 25 months and right-sided 8 vs. 22 months median OS, p < 0.001) and tumor grade (poorly differentiated 6 vs. 20 months, p < 0.001 and well/moderately differentiated 14 vs. 25 months median OS, p = 0.002) in patients treated with first-line combination chemotherapy. Elderly given first-line chemotherapy had a median OS of 9 months if CDX2 loss compared to 15 months if CDX2 expressed (p = 0.048).

In multiple Cox regression analyses, with known prognostic factors for mCRC survival, both CDX2 loss and BRAFmut (among others) were statistically significant associated with reduced OS. CDX2 loss, MSI-H, BRAFmut, and KRASmut (among others) with shorter PFS (Table 2).


Table 2. Results from multiple Cox regression of overall survival and progression-free survival in a population-based Scandinavian cohort of metastatic colorectal cancer patients.
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DISCUSSION

This is the largest study of incidence of CDX2 loss and its correlation to treatment and survival in a population-based cohort of mCRC and the first study that also corrects for the prognostic markers MSI, BRAF, and KRAS status in the analyses. The generally poor survival in our cohort is comparable to Scandinavian cancer registries (3) and the American SEER database during the same time period (20), reflecting our unselected population of mCRC. A recent study confirms the low median OS of mCRC patients in the general population compared to phase III trial results (4). Our real-world data shows that mCRC patients who have non-resectable metastatic disease with CDX2 loss have a worse prognosis, receive less first- and second-line chemotherapy with less benefit and rarely receive secondary surgery.

The incidence of CDX2 loss was 19%, comparable to previous published results on stage IV CRC patients in population-based cohort studies (8, 15). Others have reported lower frequency of CDX2 loss, but most of these studies have very few patients with stage IV disease (21, 22). Two recent mCRC studies showed only 3–6% CDX2 loss, probably reflecting the selection of patients with better prognosis into clinical trials (10) and patients treated at the Mayo Clinic (9) compared to our population-based cohort. CDX2 loss was significantly associated with poor prognostic markers such as MSI-H, BRAFmut, right-sided tumors, and poor differentiation, in accordance with previous reports (8, 12, 15). In our study, we demonstrate that CDX2 loss is an independent negative prognostic tumor marker, even after correcting for these known prognostic factors.

BRAFmut is considered the clinically most important negative prognostic marker in mCRC (23, 24). Both BRAFmut and KRASmut are poor prognostic markers after liver (25–27) and lung surgery (28) and after cytoreductive surgery with hyperthermic intraperitoneal chemotherapy (29). BRAFmut has therefore been suggested to be one of the factors to consider before metastatic surgery. However, in the clinic, it has been observed that some patients with BRAFmut tumors have a relatively long survival, despite the mutational status. This was recently explored in study of 395 BRAFmut mCRCs, where clinical prognostic markers defined three vastly different prognostic groups (30). Our study may, at least in part, explain this as it demonstrates that CDX2 expression defines a new prognostic subgroup in patients with BRAFmut (53%) with a much better prognosis, comparable to wild-type patients. We also verify that CDX2 loss is a poor prognostic marker in this subgroup, as demonstrated in a very recently published study (31).

Loss of CDX2 expression also defines a smaller group (9%) of KRASmut cases with a worse prognosis, but this needs to be validated due to few cases in our cohort. These results could have clinical implications when considering treatment strategies for such patients, and further studies of patients undergoing curative metastasis surgery should evaluate if CDX2 status could impact on the negative prognosis of BRAFmut and KRASmut. CDX2 loss has also recently been demonstrated as a negative prognostic marker after liver metastasectomy, but this study did not correct for KRAS or BRAF mutation status (11). According to our results, it is a reason to believe that CDX2 loss could be a negative prognostic marker for these patients regardless of mutational status, but due to small numbers in our subgroup analysis, particularly in cases with KRASmut and CDX2 loss, this needs to be verified in larger study cohorts.

Recent retrospective studies of stage II–III CRC report CDX2 loss as a potential predictor of benefit from adjuvant chemotherapy (7, 8). In the metastatic situation, the predictive effect of CDX2 loss seems rather to be the opposite (8, 9, 11). In our study, patients with CDX2 loss had poorer survival and response to chemotherapy with more often immediate disease progression on first-line combination chemotherapy, shorter PFS, and few made it to second-line treatment or secondary surgery. This might indicate that patients with CDX2 loss should have a different treatment regimen. An intuitive approach would be, as for BRAFmut tumors, to use triple combination therapy (32). Only a few patients were included in our subgroup analyses, however, no increased OS benefit of using doublet chemotherapy vs. monotherapy was seen in patients with CDX2 loss. It is therefore not sure that these patients will benefit from a more intensified chemotherapy regimen. Further studies on new treatment regimens in this subgroup of patients are clearly warranted, as they might need a completely different treatment approach.

The recently updated National Comprehensive Cancer Network guidelines recommend addition of BRAF inhibitors to standard second-line treatment in patients with BRAFmut tumors (33). Encouraging data have been published on EGFR-, BRAF-, and MEK-inhibitor combination treatment of patients with BRAFmut mCRC (34). However, far from all patients benefit substantially from this treatment, and it could be relevant to study if the benefit of this regimen depends on CDX2 status. Tumor MSI status is used as a predictive marker for immunotherapy effect in mCRC patients, and checkpoint inhibitors are currently recommended as second-line treatment for patients with MSI-H tumor according to the National Comprehensive Cancer Network guidelines (33). Since CDX2 loss is associated with MSI-H status and both are poor prognostic markers with poor response to standard chemotherapy in mCRC, future studies should also evaluate if the effect of checkpoint inhibitors may vary according to CDX2 status.



LIMITATIONS

As this is a population-based study, patients with both poorer performance status, older age, and comorbidity are included, and results are therefore difficult to compare with patients included in phase III clinical trials. It is also difficult to assess the predictive effect of CDX2 in our cohort, as patients not given chemotherapy are in the worst prognostic group. Although this is a population-based study, we know that patients who did not have tumor tissue available to perform TMA, and therefore not included in the biomarker analysis, have a particularly poor prognosis (16). To remove treatment selection bias, we chose to select patients treated with first-line and first-line combination chemotherapy for further subgroup survival analyses. In some of the biomarker subgroup analyses, we therefore had few patients, which could affect the results. Our molecular analyses were mainly performed on tissue from primary tumor and not the metastatic site; however, most studies of tumor molecular alterations show high concordance between primary tumor and metastases (35). Furthermore, the evaluation of CDX2 was based on IHC analysis on small TMA sections. Although two samples were taken from each tumor, the possibility of intratumoral heterogeneity cannot be excluded. Finally, the studied patient cohort is more than 10 years old. Treatment options for mCRC patients has, however, not changed much during this time period, although today we treat more fit patients with intensified chemotherapy regimens as well as metastasectomy. There are also recent data from a Dutch population-based synchronic mCRC series reporting no difference in median OS during the past 10 years (4).



CONCLUSIONS

In an unselected cohort of mCRC, CDX2 loss is an independent negative prognostic marker for survival. CDX2 loss indicates poor response and less survival benefits from standard chemotherapy in the metastatic situation, and effort is needed in finding new treatment regimens for this subgroup of patients. Expression of CDX2 defines a new subgroup of BRAFmut cases with a much better prognosis. Loss of CDX 2 also defines a smaller group of KRASmut cases with a worse prognosis. CDX2 status may therefore be clinically relevant for a choice of treatment strategy.
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Background: The aim of this study was to identify more accurate variables to improve prognostication of individual patients with colorectal liver metastases (CRLM). Clinicopathological characteristics only partly explain the large range in survival rates.

Methods: MessengerRNA expression profiles of resected CRLM of two patient groups were analysed by mRNA sequencing: poor survivors (death from recurrent disease <30 months after surgery) and good survivors (no recurrent disease >60 months after surgery). Tumour and adjacent liver parenchyma samples were analysed.

Results: MessengerRNA expression profiling of the tumour samples identified 77 genes that were differentially expressed between the two survival groups at a False Discovery Rate (FDR) <0.1. In the adjacent liver parenchyma samples only one gene, MTRNR2L1, showed significantly higher expression in the good survivors. Pathway analysis showed higher expression of immune-related and stroma-related genes in tumour samples from good survivors. Expression data was then validated by immunohistochemistry in two cohorts comprising a total of 125 patients. Immunohistochemical markers that showed to be associated with good survival in the total cohort were: high K/L+ infiltration in tumour stroma [p = 0.029; OR 2.500 (95% CI 1.100–5.682)] and high CD79A+ infiltration in tumour stroma [p = 0.036; OR 2.428 (95%CI 1.062–5.552)].

Conclusions: A high stromal infiltration of CD79A+ B cells and K/L+ plasma cells might be favourable prognostic biomarkers after surgery for CRLM.

Keywords: colorectal liver metastases, cancer, genetics, RNA sequencing, B cells, immunohistochemistry


INTRODUCTION

Colorectal cancer is the cancer with the third highest incidence in Europe, and it often disseminates to the liver (1). Curative treatment by liver surgery is possible in about 10–20% of patients with colorectal liver metastases (CRLM) (2, 3) and survival rates after surgery have improved in the last decades, with reported 5-year survival rates ranging from 14 to 60% (4–6). Clinicopathological characteristics can partly explain this large range, but they are inconsistent in accurately determining the prognosis for the individual patient (7).

Recent advances in technology have led to the notion that molecular characteristics might outperform clinicopathological scoring systems in predicting patient treatment and survival (8). Four individual centres have published prognostic gene signatures for colorectal liver metastases based on expression microarrays, but no single gene was shared between the four signatures (9–12).

As early as 1889, Paget suggested that it is not only the metastatic tumour (the “seed”) but also the hosting organ or tissue (the “soil”) that might be important for metastatic tumour growth (13). Progression of remaining, clinically undetectable metastatic tumour cells in the remnant liver after liver surgery is dependent on both micrometastases and on a favourable micro-environment (14–16). For example, it has been shown that microRNA expression in adjacent liver parenchyma can be associated with recurrent disease and patient survival (17).

In this study, we applied genome-wide mRNA expression profiling by RNAseq in two patient groups selected on survival after liver surgery for CRLM: poor survivors, those who died from recurrences within 30 months after surgery, and good survivors, those alive without recurrences 60 months or more after surgery. Samples from both tumour tissue and adjacent liver parenchyma were included. Immunohistochemistry was performed in two cohorts to validate the RNAseq results on protein level. The goal of this study was to identify molecular markers for favourable patient survival.



MATERIALS AND METHODS


Patients and Samples

In this study we included patients from two tertiary referral centres for liver surgery, the University Medical Centre Groningen (UMCG, cohort 1) and the Erasmus Medical Centre in Rotterdam (cohort 2). Patients were selected from prospectively maintained databases. Inclusion criteria were (1) R0 partial liver resection for CRLM, (2) no neoadjuvant chemotherapy before liver surgery and no adjuvant chemotherapy after liver surgery, (3) a Fong clinical risk score (5) of 3 or lower, (4) no detectable extrahepatic disease at time of surgery, (5) no other known malignant disease, and (6) availability of fresh frozen (−80°C) resected CRLM material. Of note, (neo)adjuvant chemotherapy is not a standard treatment in the Netherlands. None of the patients received perioperative chemotherapy; neither neoadjuvant nor adjuvant after liver surgery. Adjuvant chemotherapy after primary tumor resection was allowed provided that it was not within 6 months before liver surgery. Follow-up consisted of cross-sectional imaging and measurement of carcinoembryonic antigen (CEA) serum levels every 3–4 months during the first 2 years after liver resection and at 6-month intervals afterwards up to 5 years. Samples of two groups of patients with different survival rates were selected: poor survivors, who died of recurrent disease within 30 months after partial liver resection, and good survivors, who showed no evidence of recurrent disease at 60 months after liver resection. The samples of tumour tissue and adjacent liver parenchyma were reviewed by an experienced hepatopathologist to judge the quality of the tissue. Genome-wide mRNA expression profiling by RNAseq followed by immunohistochemistry was performed on a cohort of patients treated in the University Medical Centre Groningen (cohort 1). Corroboration of immunohistochemical results was performed using tissue samples from patients with similar inclusion criteria who underwent liver surgery in another tertiary referral centre for liver surgery in the Netherlands (cohort 2, Erasmus Medical Centre in Rotterdam). Baseline clinicopathological characteristics of both cohorts are summarised in Table 1.


Table 1. Cohorts 1 and 2.
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RNA/DNA Isolation

Macrodissected frozen samples of tumour tissue and adjacent liver parenchyma were included. Both genomic DNA and total RNA were isolated from 10 μm-tissue sections (RNA/DNA purification kit, Norgen Biotek Corporation, Thorold, Ontario, Canada). DNA/RNA isolation was performed according to the manufacturer's protocol. Quality check and RNA quantification of samples was carried out by capillary electrophoresis using the LabChip GX (Perkin Elmer, Waltham, Massachusetts, USA).



Microsatellite Instability and Mutational Hotspots

Microsatellite instability (MSI) was tested for all cases by amplifying 20 ng genomic DNA using primers for five polymorphic mononucleotide loci (NR21, NR24, BAT25, BAT26, MONO27). The resulting PCR products were analysed on the ABI 3730xl DNA Analyzer (Thermo Fisher, Waltham, Massachusetts, USA). The MSI status was assessed as MSI-instable when two out of five markers showed instability (18). For assessment of somatic driver mutations in KRAS (codon 12 and 13) and BRAF (V600E), genomic DNA was amplified by PCR and the resulting amplicons were analysed by Sanger sequencing. Primers are listed in Table S9.



mRNA Sequencing and Gene Expression Quantification

Sequence libraries were generated using the Quantseq 3' mRNA sample preparation kit (Lexogen, Vienna, Austria) starting from 500 ng total RNA of each sample. Library preparation was performed according to the manufacturer's protocol. Quality check and quantification of libraries was carried out by capillary electrophoresis using the LabChip GX (Perkin Elmer). Barcoded libraries were pooled in equimolar ratios aiming at a final concentration of 2–10 pM. Sequencing was performed on an Illumina HiSeq2500, applying a 50 bp single-read protocol and aiming at 5–10 million reads per sample.

The first 12 nucleotides (nt) were trimmed of the 50nt-reads to remove sequencing artefacts. Hisat version 0.1.5-beta (19) was used to align reads to human genome reference build 37 (20). SAMtools version 1.2 (21) was used to sort the aligned reads, and gene-level quantification was then performed by HTSeq version 0.6.1p1 (22) using “–mode=union,” enabling strandedness. Because of internal poly-A priming bias, only reads mapping within 500 bp upstream from the transcript termination sites—corrected for splicing—were counted, based on Ensembl version 75 gene annotation (23). Reads in genes with multiple transcript termination sites were summed up, resulting in a read count per gene. Genes with an average read count <20 in both survival groups were excluded from further analysis.



Data and Pathway Analysis mRNA Sequencing

Data analysis was performed in R (24). To discover possible bias, a principal component analysis was carried out on all 81 samples after read count normalization by the VSD-function of the DESeq2 package (25). Samples with <300,000 reads in the target regions were excluded from further analysis (Table S1). One sample was removed because of an undesirable patient characteristic (an additional oncological disease). Differential expression analysis using DESeq2 was performed separately for the tumour samples and adjacent liver parenchyma samples comparing the poor vs. good survivors (25). P-values were corrected for multiple testing by the Benjamini Hochberg method (False Discovery Rate, FDR). Heatmap visualizations were made after read count normalization by the regularized log transformation of the DESeq2 package, followed by mean centring per gene (25). Pathway analysis was performed by DAVID EASE software (26, 27), with p-values corrected for multiple testing by the Bonferroni method (Family Wise Error Rate, FWER).



Immunohistochemistry

We included formalin-fixed paraffin-embedded (FFPE) samples containing both tumour and adjacent liver tissue. Besides samples from patients treated at the University Medical Centre Groningen, Groningen, the Netherlands (cohort 1), we also included samples from patients with similar inclusion criteria who were treated at the Erasmus Medical Centre, Rotterdam, the Netherlands (cohort 2). Three μm sections from FFPE tissue blocks were deparaffinised in xylene, rehydrated in graded alcohol and hematoxylin and eosin (H&E) stained. H&E stained slides were examined to confirm the inclusion of the tumour-liver transition area and to score the histopathological growth pattern (28). The Ventana automated staining system (Roche, Basel, Switzerland) was used to stain the tissue sections for CD45 (RP2/18), CD4 (SP35), CD8 (SP57), CD79A (SP18), and Kappa/Lambda (double staining, polyclonal). Staining with the primary antibodies FOXP3 (236A/E7, ABCAM, 1/100 dilution) and SLAMF7 (HPA055945, Atlas Antibodies, 1/200 dilution) was done manually. Antigen retrieval in FOXP3-stained slides was performed in a pressure cooker using a Tris/EDTA buffer (PH 9.0). Antigen retrieval in SLAMF7-stained slides was performed in the microwave using a citrate buffer (PH 6.0). Primary antibodies were diluted with 1%BSA/PBS and incubated at room temperature for 60 min. Secondary and tertiary antibodies were diluted in 1%BSA/PBS and 1% AB serum and incubated at room temperature for 30 min. Appropriate positive and negative controls were used. Diaminobenzidine (DAB) was used as the chromogen, followed by a counterstaining by hematoxylin. The staining of the immunophenotypical markers was graded by microscopic inspection in a semi-quantitative scoring system for three different areas: the invasive margin, the tumour stroma and intra-tumoural region. The invasive margin was defined as the tumour-liver transition area, the tumour stroma was defined as the area of stroma surrounding the tumour cells, and intra-tumoural staining was defined as immunopositive intra-epithelial lymphocytes in tumour cell areas. The grading of immunoreactivity was supervised by two experienced researchers and consensus was achieved in all cases. All markers were scored in grades 1–3.



Statistical Analysis

Summary statistics were obtained using established methods and presented as percentages, median (interquartile range, IQR) or mean (standard deviation, SD). Correlation coefficients of ranked data were calculated using Spearman's rho. Variables associated with survival were first tested by univariable binary logistic regression analyses comparing poor vs. good survivors. Variables with a p-value <0.1 in univariable analysis were entered into the multivariable model. The used multivariable regression model was a binary logistic regression comparing poor vs. good survivors, entering all covariates simultaneously and including a constant in the model. Odds ratio (OR) and 95% confidence intervals (CI) were estimated, and a p-value <0.05 was considered significant. Statistical analyses were carried out with IBM SPSS Statistics V22 (IBM, Armonk, New York, USA).




RESULTS


Quality Control

A summary of the mRNA sequencing quality control data is shown in Table S1. The mean (±SD) number of reads on target was 1.57 10e6 (±0.75 10e6). The variance in the dataset was explored by principal component analysis. Principal component 1 explained 78% of the total variance and showed a high concordance with tissue type (tumour vs. adjacent liver parenchyma, Figure S1). The expression of the liver-specific gene Albumin also resembled the differences in tissue type. Two adjacent liver samples that clustered with the tumour samples had very low levels of Albumin mRNA (0.10 and 0.37% of all reads in Albumin gene, respectively) compared to the mean Albumin mRNA level in the adjacent liver samples (6.21% ± 3.10) (Figure S1). Similarly, three tumour samples that clustered close to adjacent liver samples showed high levels of Albumin mRNA (10.69, 6.87, and 4.25%) compared to the mean Albumin expression in the tumour samples (0.65% ± 1.87) (Figure S1). This suggested a sampling error, and we therefore excluded these five samples from further analyses. Additionally, five samples with fewer than 300,000 reads in the target region were excluded. In total 70 samples were included for further analyses: 39 tumour samples and 31 adjacent liver samples. Of note, for 16 patients both a tumour sample and an adjacent liver sample were available. The additional 38 samples (70 minus 2*16) are from different patients.



Clinicopathological Characteristics

The clinicopathological characteristics of the 39 patients of whom we included tumour samples are shown in Table S2, stratified by survival. High preoperative CEA was the only statistically different variable between both groups, with a high CEA in the poor survival group (p = 0.049). The clinical risk score, which is a combined score of five clinicopathological factors (5), was also significantly higher in the poor survivors (p = 0.031; Table S2).

The clinicopathological characteristics of the 31 patients with sampled adjacent liver parenchyma are shown in Table S3. There was no clinicopathological characteristic that was statistically different between the good and poor survivors.



Tumour-Specific Expression Profiling

After filtering for low read counts, 8,931 genes were included for further analysis by DESeq2 to identify differentially expressed genes (DEGs) between the poor vs. good survivors. Of these, 333 DEGs were differentially expressed between the two groups with a p <0.01, and for 77 of these DEGs the FDR was <0.1 (Table S4). Figure 1 depicts an unsupervised clustering-based heatmap of the 77 genes with a FDR <0.1, in which a clear separation of the survival groups is observed. To find out if specific biological pathways are over-represented in the 333 genes with p <0.01, we carried out a pathway analysis with DAVID EASE. Two biological entities appeared to be different between the survival groups (Table S5): the extracellular matrix and the immune system. The most significant GO-term-related pathway in each of these two entities was “extracellular matrix” (FWER = 1.17e-10) and “response to external stimulus” (FWER = 0.039), respectively. In general, a higher expression in both the extracellular matrix pathways and the immune-system-related pathways was observed in the good survivors.
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FIGURE 1. Heatmap of tumour samples. Unsupervised clustering of the 77 genes with the lowest FDR values in DESeq2 analysis. Samples are shown on the x-axis and the 77 genes on the y-axis. A quantile colour scale is used with 10 different colours ranging from black (low expression) to yellow (high expression).



Correlation With Estimate

Pathway analysis suggested that the expression of extracellular-matrix-related genes and immune-related genes is different between the survival groups (Table S5). We further analysed this using the ESTIMATE (“Estimation of STromal and Immune cells in MAlignant Tumours using Expression data”) software (29). The goal of this software package is to estimate the amount of stromal cells and immune cells by calculating a stromal score and an immune score based on 282 genes. The stromal score was higher in the good survivors (42 ± 603 vs. −469 ± 601; p = 0.013), as was the immune score (725 ± 660 vs. 317 ± 495; p = 0.043). Overall, the differences we observed in the mRNA expression data of the poor vs. good survivors are likely to be caused by the presence of immune cells and stromal cells in the tumour samples.




Adjacent Liver Parenchyma Expression Profiling

Raw read counts of 8,772 genes were used as input for differential mRNA expression analysis by DESeq2. We compared the poor vs. good survivors to find DEGs (Table S6), and identified 109 genes with a p <0.01. Of these, only one gene was differentially expressed between the survival groups with a FDR <0.1: MTRNR2L1 was more highly expressed in the good survivors (Table S6). The relatively high FDRs in this analysis indicate that the results from the adjacent liver parenchyma analysis are not as reliable as the results from the tumour samples. A pathway analysis including the 109 DEGs was performed with DAVID EASE. The transfer RNA pathway was significantly enriched and had, in general, a higher expression in the poor survivors (Table S7). Unsupervised clustering did not show uniform DEGs across the adjacent liver samples, as can be seen in the heatmap (Figure S2). The separation of the survival groups is not as clear as that seen in the tumour samples (Figure 1). Therefore, in the validation, we focused on the mRNA expression data of the tumour samples.



Immunohistochemistry

Tissue slides of two cohorts were analysed, in which cohort 1 consisted of 47 patients (Groningen) and cohort 2 of 78 patients (Rotterdam). The samples in cohort 1 are mostly from the same patients included in the mRNA expression analysis. Table 1 shows that patients in cohort 1 had larger tumours, higher CEA levels, more frequent major liver surgery and a higher clinical risk score; Of note, all these variables are interrelated. Additionally, patients in cohort 2 had an older age.

To study the expression of stroma-related genes, a small pilot experiment was performed in which immunohistochemistry on 11 tumour tissue slides was performed using four stroma-related markers (FBLN1, MMP2, PRRX1, ABLIM1) that were differentially expressed in the mRNA expression analysis. The results did not validate the sequencing results (data not shown). We then hypothesized that the stroma-related differences might resemble the histopathological growth pattern (28). The two most prevalent growth patterns are a desmoplastic growth pattern, which is characterized by a rim of stromal cells between the tumour cells and the adjacent liver cells, and a replacement growth pattern, which lacks a desmoplastic rim. A 100% desmoplastic growth pattern was associated with good survival in both cohort 1 and 2 (p = 0.089 and p = 0.008, respectively; Table 2).


Table 2. Clinicopathological and biological markers vs. survival in cohorts 1, 2 and combined.
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The mRNA expression data prompted us to stain tumour sections to validate immune-related expression, by which we chose seven immunophenotypical markers [CD45, CD4, CD8, FOXP3, CD79A, Kappa/Lambda (K/L) and SLAMF7] to study both T cell and B cell expression. Besides T cell markers we also chose to stain B cell markers as multiple immunoglobulin genes were differentially expressed between the survival groups (Table S5). CD45+ and CD4+ cells generally had a higher abundancy compared to the other markers. Figure 2 shows detailed pictures of the staining. Table 2 shows the clinicopathological characteristics and the scoring of the seven immunophenotypical markers in the poor vs. good survivors of both cohorts separately and combined. The clinical risk score was a good predictor of survival in cohort 1 (p =0.006; Table 2), while in cohort 2 and the combined cohort the CRS was a less good predictor of survival [p = 0.931 and p = 0.055, respectively (Table 2)]. A high CD79A expression in the tumour stroma tended to be associated with good survival in both cohort 1 and 2 (p = 0.069 and p = 0.054, respectively). Similarly, K/L expression in the tumour stroma also tended to be associated with good survival in cohorts 1 and 2 (p = 0.081 and p = 0.070, respectively). A 100% desmoplastic growth pattern tended to be associated with good survival in cohort 1 (p = 0.089) and was significantly associated with good survival in cohort 2 (p = 0.008; Table 2).
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FIGURE 2. Detailed pictures of immunohistochemistry. (A) x10 magnification image of high Kappa/Lambda + staining in the tumour stroma. Kappa light chains are stained brown, Lambda light chains are stained pink. (B) x4 magnification image of high CD79A+ staining (brown) in the invasive margin. (C) x10 magnification image of a replacement growth pattern by H&E staining. (D) x10 magnification image of a desmoplastic growth pattern by Masson's trichrome staining. Tumour and liver cells are stained purple, connective tissue (desmoplastic rim) is stained blue. Tu, tumour; Li, liver; St, tumour stroma.




Multivariable Analysis

A multivariable analysis was performed to test whether immunohistochemical markers have significant impact in predicting patient survival. The three most significant biomarkers were analysed in multivariable analysis (Table 3). Immunohistochemical markers that might be associated with good survival in cohorts 1 and cohort 2 were (respectively): high K/L+ infiltration in tumour stroma [p = 0.124; OR 2.682 (95%CI 0.762–15.248] and p = 0.067; OR 2.589 [95%CI 0.934–7.171)], high CD79A+ infiltration in tumour stroma [p = 0.110; OR 2.740 (95%CI 0.795–9.443)] and p = 0.095; OR 2.443 [95%CI 0.856–6.978)], and a 100% desmoplastic growth pattern [p = 0.157; OR 2.709 (95% CI 0.682–10.768) and p = 0.040; OR 5.858 (95%CI 1.083–31.693)]. These three biomarkers are significantly associated with patient survival (all p < 0.05) if we combine data from cohort 1 and 2 (Table 3). If we correct only for the clinicopathological factor CRS (high vs. low) in the total cohort, high K/L+ infiltration in tumour stroma [p = 0.026; OR 2.359 (95% CI 1.109–5.019) as high CD79A+ infiltration in tumour stroma (p = 0.031; OR 2.338 (95% CI 0.1.081–5.056)] as a 100% desmoplastic growth pattern [p = 0.007; OR 3.952 (95% CI 1.454–10.742)] were all significantly associated with favourable survival whereas the CRS was not (p = 0.168; p = 0.103; p = 0.163, respectively).


Table 3. Multivariable analysis to predict survival.
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Statistical correction for clinicopathological factors did not uniformly improve the prognostic value of biomarkers in multivariable analysis (30). This is partly explained by an association between the clinical marker tumour size and protein expression (Table S8). Of note, in patients with more than one metastasis (n = 36; 29% of all cases), the tumour with the largest diameter was used for immunohistochemical staining in 28 out of 36 patients. A desmoplastic growth pattern was associated with smaller tumour size [2.8 cm (1.5–4.9) vs. non-desmoplastic growth pattern 3.8 cm (2.6–5.1); p = 0.029]. In addition, high stromal CD79A+ infiltration was also associated with smaller tumour size [3.4 cm (2.0–4.5) vs. low CD79A+ infiltration 4.1 cm (3.0–7.0); p = 0.011]. Especially B cell-related markers scored in the invasive margin were associated with size of the tumour (Table S8).




DISCUSSION

In this study we used mRNA sequencing to identify prognostic molecular markers in patients after liver surgery for colorectal liver metastases. We selected two patient groups: poor survivors (death due to recurrence within 30 months) and good survivors (disease-free survival > 60 months after liver surgery). We show that patients with good survival had a higher expression of immune-related and stroma-related genes. Additional analysis by ESTIMATE software indicated higher immune cell and stromal cell infiltration in the tumour samples of good survivors (29). Immunohistochemistry showed in two cohorts that high immune infiltration of CD79A+ B cells and K/L+ plasma cells in tumour stroma tended to be associated with good survival. Comparable results from these biomarkers were observed in multivariable analysis correcting for clinicopathological factors. In addition, the desmoplastic growth pattern, in which a stroma-rich pseudo-capsule around the tumour is present, might also be associated with good patient survival. The prognostic value of a desmoplastic growth pattern has been reported previously (31–36). In contrast, the associations between good patient survival and high stromal infiltration of CD79A+ cells and K/L+ cells are, to the best of our knowledge, novel findings.

The top differentially expressed genes in the tumour samples in this study did not overlap with those of the four previously published expression signatures (9–12). However, no individual gene was shared between these earlier studies either (9–12). This may partly be explained by the different experimental methods used by the studies. We used mRNA sequencing, while the earlier studies used different expression microarrays (9–12, 37). The inclusion criteria for patients were also very different between studies. Our study and that of van der Stok et al. (11) did not administer neoadjuvant or adjuvant chemotherapy to included patients, while the three other studies did (9, 10, 12). Neoadjuvant chemotherapy influences tumour biology and might thereby alter gene expression levels (38). Three of the studies aimed at identifying genes that are associated with recurrence rather than with overall survival (10–12), and the cut-off values to stratify rapid recurrence vs. late or no recurrence differed per study: Snoeren et al. (10) included patients with DFS ≤ 1 year vs. DFS >1 year, Snoeren et al. (13) included patients with DFS <6 months vs. DFS > 2 years, and van der Stok et al. included patients with DFS ≤ 1 vs. DFS >3 years. In our opinion we used the most straight-forward inclusion by selecting chemotherapy-naïve patients, the strongest endpoint (disease-related overall survival; death of recurrent disease within 30 months vs. alive and free of disease 5 years after liver surgery) and the most accurate gene expression technology. These inter-study differences might explain the lack of shared genes.

We also studied adjacent liver parenchyma and found a significantly higher expression of MTRNR2L1 in the good survivors. This gene is an isoform of MT-RNR (humanin), which is reported to have neuroprotective and anti-apoptotic functions and is mainly studied in age-related illness like Alzheimer's disease (39, 40).

In our study, the B-cell-related immunohistochemical markers CD79A and K/L suggest an association with patient survival. There are no previous studies that analysed CD79A and K/L in CRLM, but the prognostic value of B-cell marker CD20 was analysed by four other studies (41–44). Two studies reported an association of high CD20+ B cells in the invasive margin with a favourable overall survival (41, 44). In addition, one of these studies also showed an association between high CD20+ B cells in the tumour stroma and a favourable survival (41). Two other studies observed no associations with patient survival (42, 43). The results in literature are diverse when focussing on the role of the immune system on prognosis after surgery for CRLM (45). Although the role of tumour-infiltrating B cells and immunoglobulins is not as well-described as the role of tumour-infiltrating T cells, an association between B cell infiltration and favourable patient survival has been reported for other solid tumours (46–48). Anti-tumour immunity can be achieved through immunoglobulin production by plasma cells and, moreover, through increased cytotoxic T cell activation via antigen presenting B cells (46–48). In contrast, others have questioned the actual effect of the B cell response (47, 48). It is also proposed that the B cell infiltration is the result of IFNγ production and serves as a surrogate marker of the T-cell-mediated anti-tumour response (47).



CONCLUSIONS

In conclusion, our study of the liver metastasis of patients with colorectal cancer showed that high stromal infiltration of CD79A+ B cells and high stromal infiltration of K/L+ plasma cells might be favourable prognostic biomarkers after surgery for CRLM. Future evaluation on external cohorts is needed to prove whether these biomarkers truly are associated with patient survival and of practical clinical value.
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Objectives: Blood-based tests have been shown to be an effective strategy for colorectal cancer (CRC) detection in screening programs. This study was aimed to test the performance of 20 blood markers including tumor antigens, inflammatory markers, and apolipoproteins as well as their combinations.

Methods: In total 203 healthy volunteers and 102 patients with CRC were enrolled into the study. Differences between healthy and cancer subjects were evaluated using Wilcoxon rank-sum test. Several multivariate classification algorithms were employed using information about different combinations of biomarkers altered in CRC patients as well as age and gender of the subjects; random sub-sampling cross-validation was done to overcome overfitting problem. Diagnostic performance of single biomarkers and multivariate classification models was evaluated by receiver operating characteristic (ROC) analysis.

Results: Of 20 biomarkers, 16 were significantly different between the groups (p-value ≤ 0.001); ApoA1, ApoA2 and ApoA4 levels were decreased, whereas levels of tumor antigens (e.g. carcinoembriogenic antigen) and inflammatory markers (e.g., C-reactive protein) were increased in CRC patients vs. healthy subjects. Combinatorial markers including information about all 16 significant analytes, age and gender of patients, demonstrated better performance over single biomarkers with average accuracy on test datasets ≥95% and area under ROC curve (AUROC) ≥98%.

Conclusions: Combinatorial approach was shown to be a valid strategy to improve performance of blood-based CRC diagnostics. Further evaluation of the proposed models in screening programs will be performed to gain a better understanding of their diagnostic value.
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INTRODUCTION

Colorectal cancer (CRC) is the third most commonly diagnosed malignancy worldwide with the highest prevalence in developed countries (1). In 2018, the predicted total mortality rates in the Russian Federation were 158.5/100,000 men and 84.1/100,000 women (2). Early diagnosis of cancer represents an effective way to reduce mortality rates, however, since clinical symptoms are often minor and non-specific until advanced disease stages, dedicated screening programs are required (3).

Several instrumental methods are currently used to diagnose CRC, including colonoscopy, computer tomography (CT), colonoscopy, flexible sigmoidoscopy etc. (4, 5). While these methods are required to confirm diagnosis, their usage in screening programs is limited due to invasiveness, labor intensiveness, risk of complications and the need for specific equipment. Additionally, several non-invasive methods such as fecal immunochemical test (FIT), fecal occult blood testing (FOBT) can be used (4, 6), however, high false positive rates are an important disadvantage of these tests (7, 8). DNA-based methods represent another strategy of CRC detection, but despite the diagnostic advantage over FOBT these systems cannot be used in screening programs due to their expense (9).

Blood-based tests would be the most suitable option for massive screening programs, since they can be easily combined with other biochemical assays. Several blood-based biomarkers, including carcioembriogenic antigen (CEA) and carbohydrate antigen (CA) 19-9 are well established in clinical practice, howbeit, low specificity and sensitivity are key limitations of these tests (10). Recent advances in -omics technologies enabled discovery of new potential biomarkers, including different proteins (11), circulating tumor DNA (12, 13) or microRNA (14) and circulating tumor cells (15) as well as numerous metabolites (16, 17) and transcriptional biomarkers (18). Despite many of these biomarkers demonstrated high diagnostic potential in retrospective proof-of-concept studies, further research is required to determine their clinical validity and utility (11). Another challenges, limiting extensive use of these biomarkers in routine practice nowadays, are their expensiveness and lack of reproducibility (11).

An alternative strategy of the screening optimization is exploiting multifactorial approaches, implying development of multivariate classification models, which can be used to calculate probability of having the disease based on measurements of several biomarkers (10, 19). Such biomarkers may demonstrate higher diagnostic performance compared to single analytes due to more comprehensive reflection of complex and diverse mechanisms of carcinogenesis and multiple metabolic, genetic and structural alternations in cancer cells (10). The current work is aimed to assess the diagnostic potential of multiple biomarkers, including oncofetal proteins, inflammation, and vascularization markers, adhesion molecules and their combination to evaluate the CRC risk.



MATERIALS AND METHODS

Patients, Sampling and Measurements

The study was approved by the Local Ethics Committee of I.M. Sechenov First Moscow State Medical University. All patients were given an informed consent to participate in the study. In total 102 patients with histologically-confirmed CRC (16 patients with T1-2, 86 patients with T3-4) and 203 healthy subjects were included in the analysis. Serum samples were collected at Sechenov University Hospital after overnight fasting and sent to the Hospital laboratory. Samples were stored at −70°C in liquid nitrogen until analyzed.

In total 20 biomarkers were measured including apolipoproteins A1, A2, B (ApoA1, ApoA2, ApoB), alpha-fetoprotein (AFP), beta 2 microglobulin (B2M), carbohydrate antigen 19-9 (CA 19-9), cancer antigens 15-3 and 125 (CA 15-3, CA 125), carcinoembryonic antigen (CEA), cytokeratin 19-fragments (CYFRA 21-1), human epididymis protein 4 (HE4), human-specific C-reactive protein (hsCRP), D-dimer, leucine-rich alpha-2-glycoprotein 1 (LRG 1), total prostate-specific antigen (PSA), regulated on activation, normal T cell expressed and secreted (RANTES) soluble vascular cell adhesion molecule 1 (sVCAM 1), transthyretin (TTR), vascular endothelial growth factor receptor 1 (VEGFR 1). Biomarker levels were measured in all 305 samples, except total PSA, which was only analyzed in serum samples obtained from men.

Sandwich enzyme-linked immunosorbent assay (ELISA) was used to analyze RANTES, sVCAM-1, VEGFR-1, ApoA4, LRG-1 (Quantikine® kits, R&D systems, US) with Biochrom Anthos 2020 microplate reader (Biochrom, UK); AFP, CA15-3, CA19-9, CA125, HE4, CEA, CYFRA21-1, and total PSA were measured using Elecsys® sandwich electrochemiluminiscent assay (ECLIA) on the Cobas e411 analyzer (Roche diagnostics, Germany); hsCRP, ApoA1, ApoB, TTR were measured on Advia 1800 auto-analyzer by immunoturbodimeric method (Siemens Healthcare, Germany); B2M and Ddimer were measured by sandwich chemiluminescent assay (CLIA) on Immulite 2000 auto-analyzer (Siemens Medical Solutions, USA); ApoA2 was measured using enzymatic colorimetric method (Randox laboratories, UK).



Statistical Methods

All data processing, statistical and visualization procedures were performed using R statistical software (v.3.5.1) (20). R-based packages randomForest (v.4.6-14), MASS (v.7.3-50), e1071 (v.1.7-2), stats (v.3.5.1) and caret (v.6.0-84) were used for development of combinatorial biomarkers; sensitivity analysis of the developed biomarkers was done using R-based mmpf package (v.0.0.5); R-based pROC package was used to perform ROC analysis (v.1.15.3).

Biomarker values were log-transformed prior to analysis. At first, the significance of single biomarkers was evaluated using Mann-Whitney U-test and the diagnostic value of each biomarker was assessed via receiver operating characteristics (ROC) analysis; sensitivity, specificity, and diagnostic accuracy at optimal cut-off values as well as area under ROC curve (AUROC) were calculated. Influence of subject characteristics (gender and age) on biomarker levels in healthy and CRC groups was evaluated via analysis of covariance (ANCOVA) using generalized linear models.

Secondly, classification models were assembled based on the measurements of biomarkers, which were significantly different between healthy subjects and CRC patients (p-value<0.05) and demonstrated discriminative ability (AUROC > 0.6). Patient characteristics (age and gender) were also tested as predictors. Several classification algorithms including random forest (RF), support vector machine (SVM), linear discriminant analysis (LDA), and naïve Bayes classifier (NBC), as well as multiple logistic regression (MLR) (21) were trained using the whole dataset and their discriminative ability was assessed via ROC analysis, similar to single biomarkers. Accuracy of model-predicted probabilities of having the disease was evaluated using Brier score. To detect overfitting of classification models a 100-times repeated random 5-fold sub-sampling cross-validation was performed. Sensitivity of the model predictions to changes in values of single biomarkers and patient characteristics was evaluated using model-agnostic permutation importance method (22).

Finally, all possible classification models, exploiting information about one to five biomarkers and patient characteristics, were trained and their diagnostic performance was assessed.




RESULTS

Diagnostic Accuracy of Single Biomarkers

Comparison of the biomarker levels in healthy subjects and CRC patients is presented in Figure 1 and Table 1. Among considered analytes AFP, ApoB, CA 15-3, and VEGFR 1 were not significantly different between the two groups; ApoA1 and ApoA2 levels were lower in CRC group compared to healthy subjects; levels of the rest biomarkers were higher in CRC vs. healthy group (Table 1). While disease stratification to early (T1-T2) and advanced (T3-T4) stages, levels of ApoA2, ApoA4, Ddimer, HE4, and LRG 1 were found to be significantly changed in both early and advanced CRC stages (Figure 1). As can be seen from Table 1, mean age of CRC patients was higher compared to healthy subjects (48 ± 6.33 and 63 ± 12.4 years, respectively, p-value < 0.001); in accordance to ANCOVA results, significant differences in biomarker levels persisted after age and gender adjustment (Table S1).


[image: Figure 1]
FIGURE 1. Comparison of biomarker levels between healthy subjects and patients with early and advanced CRC stages. Dots indicate individual patient data; differences between healthy subjects and CRC patients with stages T1-T2 or T3-T4 were evaluated using Wilcoxon test with Bonferroni correction for multiple testing.



Table 1. Diagnostic performance of biomarkers for CRC diagnosis, ranged by AUROC.

[image: Table 1]

Diagnostic accuracy of single biomarkers was assessed using the data, collected from all CRC patients simultaneously (Table 1) as well as separately from patients with early and advanced CRC stages (Tables S2, S3, Figure S1). The highest diagnostic performance was demonstrated for ApoA4, LRG 1, and ApoA2 with AUROC 0.9, 0.89, and 0.87, respectively (Table 1, Figure 2), which can be explained by their good performance in patients with both early and advanced stages; as expected, CRC-specific biomarkers, such as CEA and CA 19-9 demonstrated good performance only in CRC patients with advanced stages.


[image: Figure 2]
FIGURE 2. ROC curves for the (A) single-biomarker based tests and (B) multivariate classification models. Different models are shown by color. Numbers denote AUROC values; 90% confidence intervals for validation are shown in brackets.


Diagnostic performance of AFP, ApoB, CA 15-3, and VEGFR 1 was poor (AUROC = 0.55, 0.55, 0.52, and 0.52, respectively, Table 1) and, hence, these biomarkers were excluded from further analysis. Total PSA measurements were not used for classification models, since the information was not available for all patients.



Diagnostic Accuracy of Multivariate Classification Models

Measurements of 15 biomarkers, selected on the last step, were used to train classification models. Diagnostic performance of classification models as well as results of cross-validation are reported in Table 2; ROC curves are summarized in Figure 2. All multivariate classification models demonstrated better performance compared to single-marker-based tests while a whole dataset was used (AUROC ≥ 0.99, specificity and sensitivity ≥95%). In cross-validation exercise, MLR, NBC, and RF demonstrated higher variability in diagnostic performance compared to SVM and LDA.


Table 2. Diagnostic performance of 15-biomarker models for CRC diagnosis.

[image: Table 2]

ROC analysis, performed separately on data, collected from patients with early and advanced disease stages, indicated higher performance of MLR, NBC and LDA classifiers for the latter group (Figure S2, Table S4). To further investigate diagnostic performance of the models for each cancer stage, individual probabilities of having the disease were calculated using the models, grouped by stage and visualized (Figure 3). All models correctly identified most of patients with T2-T4 stages, but patients with T1 were correctly classified only using RF model; this model also demonstrated the highest predictive accuracy (Brier score = 0.006).


[image: Figure 3]
FIGURE 3. Predicted individual probabilities of having the disease stratified by CRC stage. Different stages are shown by color.


Sensitivity analysis revealed differences in feature importance across the developed models (Figure 4). Among tested classifiers RF classifier was less sensitive to feature permutations. Probabilities calculated using MLR, LDA, and SVM classifiers were sensitive to permutations in ApoA4 and ApoA2 levels; age was found to be an important patient characteristic for most of the tested algorithms.


[image: Figure 4]
FIGURE 4. Feature importance measures for proposed classification models.




Testing Alternative Multivariate Classification Models

Our next question was to see whether a comparable diagnostic performance can be achieved by including information from lower number of biomarkers. To test this hypothesis, we selected SVM and LDA classifiers, and trained them using measurements of 1–5 biomarkers extracted from the whole dataset; influence of patient characteristics information inclusion into the models was additionally evaluated. In total, 6,340 models were tested, AUROC, sensitivity, and specificity was calculated.

Inclusion of information from higher number of biomarkers was followed by AUROC, sensitivity and specificity increase; taking into consideration the information about patient age and gender improved diagnostic performance of all combinations, mostly by increasing test sensitivity; this improvement is more pronounced in SVM vs. LDA algorithm, as a result, while accounting for patient characteristics, SVM performance was higher than LDA (Figure 5). While evaluating the discriminative ability, it was found that models, jointly considering information about both tumor antigens (e.g., CEA) and metabolic or inflammatory markers (e.g., ApoA2) demonstrated the highest diagnostic potential (Table 3).


[image: Figure 5]
FIGURE 5. Comparison of alternative classification models, stratified by number of biomarkers and grouped by inclusion of age and gender.



Table 3. Diagnostic performance of 2-5-biomarker models for CRC diagnosis with highest AUROC values.

[image: Table 3]

As among 15 analytes, levels of ApoA2, ApoA4, Ddimer, HE4, and LRG 1 were found to be altered in patients with both early and advanced CRC stages (Figure 1), diagnostic performance of the combination of these 5 biomarkers was additionally evaluated and was shown to be comparable to that of the full 15-biomarker models (Table S5).




DISCUSSION

Multivariate approach represents a promising strategy to improve performance of diagnostic tools for cancer risk evaluation and several tests have been already approved by FDA, including OVA1® intended for ovarian cancer detection based on plasma measurements of 5 biomarkers (23), and multitarget stool DNA-based test Cologuard® for colorectal cancer screening (24). At the same time identification of new biomarkers in genome and proteome studies could further enhance the potential of cancer diagnostics (25, 26) whereas the increase of computational power followed by dissemination of machine learning techniques enabled a more efficient use of routinely collected patient data to improve different aspects of CRC screening. Hence, algorithms enabling identification of subjects with high CRC risk based on age, gender and full blood count information, can be applied to optimize screening programs (27–29), while deep learning methods could be used for computer-assisted colonoscopy image analysis (30). However, the development of multiple-biomarker tests still seems to be key to machine learning application in cancer diagnostics. In total, in a systematic review by Bhardwaj et al. 36 studies evaluated diagnostic performance of multiple-biomarker tests for CRC detection were identified (10). Variability in diagnostic performance of both single biomarkers and multiplex biomarker panels across the studies was reported, which was hypothesized as being a result of between-population differences as well as study design features (e.g., stage and histology of the tumors), thus, underlying the importance of developing or validating diagnostic platforms using the data obtained from intended to screen population. In the current study we reported the results of the cancer screening program “OncoPro,” aimed at improving early CRC detection in the Russian Federation.

Well-known biomarkers, associated with CRC diagnosis, such as CEA and CA 19-9 (31), demonstrated limited sensitivity in the present analysis and were not significantly increased in patients with early T1-T2 stages. This is in line with previous findings, which limits their usage in screening programs (32). Moreover, other proteins associated with CRC diagnosis such as CYFRA 21-1, HE 4, and LRG 1 were also tested and found to be altered in CRC patients, as previously reported (33–35). An interesting finding from the current study were the differences in PSA levels between healthy subjects and patients with CRC (1.13 ± 0.97 vs. 1.9 ± 1.61, p-value = 0.003), although the PSA level was only outside the reference range in two patients. One possible explanation could be the cross-reactivity of the PSA antibody with other serine proteases produced by colon cancer (36). Interestingly, in contrast to the results of the Hou, Luo, and Zhang meta-analysis (37), we found no AFP abnormalities in cancer subjects, which may suggest the need for screening tests adjusted to different populations. While the diagnostic potential of various antigens for CRC screening has been investigated, to our knowledge the current study is the first that demonstrates the alternations of metabolic markers ApoA1, ApoA2, and ApoA4 in CRC patients. Currently, ApoA1 is included into FDA-approved OVA1 test, used for ovarian cancer screening and was shown to be decreased in pancreatic cancer (38). These observations may point to antitumor ApoA1 activity (38), and support the link between metabolic disorders and cancer risk, previously hypothesized and investigated in the epidemiological Malmo Diet and Cancer Study (39).

The next step of our research was to evaluate the multivariate classification models, and in order to achieve this, we tested several classification algorithms, including information about different combinations of the aforementioned biomarkers, as well as patient characteristics. As expected, the diagnostic performance of multivariate models was higher compared to that of single-biomarkers and a number of considered biomarkers and patient characteristics was positively associated with the diagnostic accuracy of the tests. Classification models, exploiting information about all 15 biomarkers, age and gender of patients, demonstrated high performance (AUROC > 0.95) in line with previous studies, where similar biomarker panels enabled accurate identification of subjects with breast and lung cancer (40, 41). We hypothesized that such a good agreement between the model predictions and actual data could be consequence of overfitting, negatively affecting model predictive power, which is common for genomic and proteomic tests, exploiting information about thousands of predictors (42). A relatively small number of analytes was considered in the proposed models (15 biomarkers, age, and gender of patients) and cross-validation did not indicate this problem. Alternative explanation of good diagnostic performance of the models could be a large proportion of patients with advanced cancer stages, characterized by more pronounced alternations in biomarker levels. To evaluate this hypothesis, we investigated diagnostic performance of the models for early and advanced stages separately and compared posterior probabilities of the disease presence by stage. Higher probabilities were predicted for patients with advanced cancer stages using all classifiers, but only RF enabled accurate identification of patients with T1 stage. A possible explanation could be that this algorithm has more flexible structure compared to linear classifiers, such as MLR or LDA (43), howbeit, it should be stated, that performance of the algorithms may significantly depend on the tuning parameters (e.g. number of trees for RF or type of kernel function for SVM) and characteristics of a training dataset.

Whereas numerous multi-marker diagnostics tests with good performance have been developed already, they are not suitable for screening programs due to expensiveness. Cost-effective analysis did not demonstrate advantage of ~$500 Cologuard® test over current screening strategies (44). The estimated cost of the 15 biomarker-based analysis is ~$100, which is much cheaper compared to recently proposed multivariate diagnostic systems. To investigate possibility of further cost reduction, we evaluated models, considering smaller number of analytes, and identified several perspective candidates with good diagnostic performance.

As the current study was a pilot to evaluate the multiple-biomarker approach for CRC screening in the Russian Federation further research is still required to understand better the potential of the proposed classification models. This includes: (1) additional enrollment of patients with T1-T2 CRC stages, since the group size was relatively small in the current analysis; (2) inclusion of patients with benign tumors and colon diseases to evaluate the discriminative ability of the tests between CRC and other pathologies. Finally, prospective randomized clinical trials are required to demonstrate the clinical value of the proposed approach (42).

In conclusion, it could be stated that combinatorial biomarkers ensure more accurate discrimination between healthy subjects and CRC patients compared to univariate biomarkers and could be used as a decision-support tool for screening programs, however, further large-scale studies are necessary to confirm clinical utility of the developed diagnostic platform.
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Clinico-pathological differences between adenocarcinoma in the right and left colo-rectum play a role in determining the prognosis and response to treatment. Studies suggest that primary tumor location is more relevant as the disease progresses and reflects a possible difference in biology and response to therapy. This review aims to explore the clinico-pathological features of right and left colo-rectum and the impact of primary tumor location on prognosis of CRC as well as discuss the available clinical data on tumor sidedness in metastatic colorectal cancer. In so far as the clinical data of tumor sidedness is concerned, very few reviews have discussed the clinical implications of sidedness in heavily pre-treated metastatic colorectal cancer (second and subsequent lines of therapy in metastatic disease). This review aims to fill the current gap in this setting.
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INTRODUCTION

Colorectal cancer (CRC) is the third most common cancer globally, with an estimated 1.8 million new cases and 881,000 deaths occurring in 2018 (1). In India, CRC comprises 6.3% of the all cancers with annual incidence rates (AARs) of 4.4 per 100,000 for men and 3.9 per 100,000 for women (2). In terms of the left vs. right sided colorectal cancer, a 2017 study from Mumbai, India noted 80.2% cases originated from the left side whereas 19.8% from right side (3).

Embryologically, the right colon develops from the midgut while the left colon from the hindgut. These different origins consequently lead to differences in gene expression, methylation signatures, and the mutation profiles in right vs. left colorectal cancer (4). Right sided colonic tumors are more likely to have microsatellite instability, associated with a RAS or a BRAF signature, have a serrated pathway, and to have a JAK-STAT gene signature. Left sided colorectal tumors are more likely to be associated with WNT and MYC pathways activation, have beta-catenin activation, and are associated with EGFR and HER2 upregulation (5).

Multiple studies have highlighted the impact of sidedness on survival and suggested that primary tumor location (PTL) may be a predictive marker for treatment selection in metastatic colorectal cancer (mCRC) (6, 7).

This review will explore the differences in clinical and molecular characteristics between Right sided colon cancer (RCC) and Left sided colorectal cancer (LCC) along with the therapeutic and prognostic implications of various targeted therapies, especially anti-EGFR monoclonal antibodies, for the treatment of metastatic CRC (mCRC).


Tumor Sidedness: Clinicopathological and Molecular Characteristics

Right sided Colonic cancers and Left sided colorectal cancers harbor different epidemiological, clinical, and molecular-pathological features (4, 8). Mucinous, undifferentiated, and signet ring histology is more common in right sided tumors as compared to left sided tumors (8). A 2018 SEER Database analysis of 163,232 colorectal patients revealed that 12.13% patients with Right sided tumors had a mucinous histology. In left sided tumors, 6.02% had a mucinous histology. Similarly the signet ring histology, albeit rare, was more common in the right sided cases as compared to left (1.43% right sided cases, 0.66% left sided cases) (9). This analysis also reported that Left sided tumors were more likely to be detected at a smaller tumor size than Right sided cases (median tumor size: 40 vs. 45 mm), P < 0.001 (9).

Due to relatively poor prognostic features, patients with Right sided tumor have poorer survival as compared to LCC (6–9). However, the impact of primary tumor location (PTL) on clinical outcome is more relevant following the development of metastatic disease, which reflects a possible difference in biology and response to therapy. The hypothesis is supported by multiple studies in metastatic settings, showing worsening in Overall survival (OS) in cancers originating from the right colon (6, 7, 10). Studies have not reported a significant difference in survival between left sided and right sided tumors in earlier stages (Stage I–III) (8). In fact, some studies have even reported a better survival for Stage I and II RCC (11).


Molecular Characteristics and the Impact of Sidedness

A study by Glebov et al., in 2003 used cDNA microarray technology and evaluated the difference between gene signatures of right and left sided colorectal cancer. This study reported more than 1,000 differentially expressed genes between right and left colon, with >2- and >3-fold differences in expression of 165 and 49 genes, respectively (5). A recent study by Loree et al. at MD Anderson Cancer Centre reported higher rates of BRAF, PIK3CA, CTNNB1, SMAD, KRAS, NRAS mutations, CpG island methylator phenotype (CIMP) and Mismatch repair defects in right sided tumors whereas TP53 mutations were more common on the left sided colonic and rectal tumors (12). In another study by Salem et al. 10,570 colorectal tumors were profiled using next-generation sequencing, immunohistochemistry, and other similar techniques (13). Sidedness could be determined for 2,413 tumors. BRAF mutations were reported in 25% right sided tumors whereas only 7% left sided tumors had BRAF mutations. Among other mutations, TP53 and APC were more commonly found on the left side whereas PIK3CA, CTNNB1, ATM, PTEN, and BRCA1 were more commonly mutated on the right side. Similarly, Mismatch repair (MMR) defects were more commonly seen in the right side tumors (22.3% of all right sided tumors) as compared to left (7.1%). Her2/neu gene amplification was reported in 5.4% rectal tumors and overexpression was reported in 2.7% rectal tumors. The amplification and ovexpression was relatively lower in both right (1.3% and 1.4% respectively) and left sided colonic tumors (2.8% and 1.7% respectively) (13).

The Consensus Molecular subtypes (CMS), initially proposed by Guinney et al. (14) in 2015, also show a differential expression based on tumor location, the CMS1 being more common the right side and CMS2 predominates on the right side (12). In a study by Loree et al., CMS1 subtype was reported in 36% right sided colonic tumors, whereas only 3–4% of left colorectal cancers had this subtype. CMS2 subtype was found in 56% left colonic, 61% rectal, and only 29% right colonic samples (12). An exploratory analysis of FIRE-3 study also reported similar results, where CMS1 subtype was more common on the right sided and CMS2 subtype was more common on the left. There was marginal difference in the distributions of CMS3 and CMS4 subtypes (15).

The differential distribution of CMS subtypes may offer greater insights into the drivers and pathophysiology of right and left sided colorectal tumors. Guinney et al. observed that CMS1 phenotypes were generally hypermutated and had lower somatic copy number alterations and relatively widespread hypermthylation signatures (12). MSI high tumors (common on the right side) are driven by CMS1 subtype and display strong activation of immune evasion pathways. In this analysis by Guinney et al., BRAF mutations more frequently occurred in CMS1 subtype and on the right side. CMS2 phenotypes reported higher somatic copy number alterations and consequently higher chromosomal instability along with upregulation of WNT and MYC downstream pathways. CMS3 phenotypes displayed low frequency of somatic copy number alterations, about 30% were hypermutated and a higher frequency of CpG Island Methylator Phenotype (CIMP). CMS3 phenotype was characterized by increased expression of various metabolic signatures which was reported in line with the presence of activating mutation in RAS (12). Guinney et al. also reported the prognostic relevance of CMS subtypes with regards to tumor sidedness. The study reported that CMS1 subtype was more common on the right side and CMS2 subtype was more common on the left. CMS2 subtype had a better survival after relapse whereas the prognosis was poorer in CMS1 phenotype after relapse (12).




Tumor Sidedness: Implications for Upfront First Line mCRC Management

Biologics, in combination with chemotherapy, are indicated for the treatment of Unresectable metastatic Colorectal cancer (16). Even though there is clinical data for Biologics in borderline resectable and liver limited metastatic CRC, this review would not discuss this data (unless and until it is relevant to the discussion of tumor sidedness). Biologics indicated in upfront metastatic colorectal cancer setting include vascular endothelial growth factor (VEGF) inhibitor, Bevacizumab, and anti-epidermal growth factor receptor inhibitors, Cetuximab and Panitumumab (16).

Cetuximab is a chimeric monoclonal antibody whereas Panitumumab is a fully humanized monoclonal antibody.




IS SIDEDNESS PREDICTIVE FOR ANTI-EGFR MONOCLONAL ANTIBODIES IN FIRST LINE TREATMENT?

The CALGB/SWOG 80405 trial was one of the pioneer trials to evaluate the difference of primary tumor location (PTL) and response to anti-EGFR monoclonal antibodies in patients with KRAS wild-type mCRC (17). In this trial, patients with KRAS wild-type (codons 12 and 13) mCRC received FOLFIRI or mFOLFOX6 and were randomized to either Cetuximab or Bevacizumab. Primary tumor location based retrospective analysis of this trial showed significantly prolonged median overall survival (OS) in patients with left sided tumors as compared to right sided tumors, irrespective of allocation to Cetuximab or Bevacizumab group. The median OS with Cetuxumab based therapy was 37.5 months in left sided tumors as compared to 32.1 months with Bevacizumab based therapy on the left sided (HR = 0.77, p < 0.04) (17). On the right side, Bevacizumab arm reported an OS of 24.5 months vs. an OS of 16.4 months in the Cetuximab arm. This retrospective analysis concluded that primary tumor location could be an independent prognostic factor in addition to predicting response to Cetuximab therapy (17).

Retrospective analyses of the FIRE-3 and CRYSTAL Phase III studies in RAS wild type (KRAS and NRAS) population confirmed the sidedness findings of CALGB 80405 (18). Cetuximab plus FOLFIRI were compared with FOLFIRI alone in the CRYSTAL trial whereas Cetuximab plus FOLFIRI were compared to Bevacizumab plus FOFIRI in the FIRE-3 study. In left sided tumors in Phase III CRYSTAL study, Ceuximab plus FOFIRI reported an OS of 28.7 vs. 21.7 months with FOFIRI alone (HR = 0.65, p = 0.002); whereas on the right side the OS difference was not statistically significant (18).

Retrospective analysis of FIRE-3 study revealed a statistically significant OS advantage for Cetuximab plus FOLFIRI arm in left sided tumors, OS of 38.3 months in Cetuximab arm vs. 28.0 months in Bevacizumab arm (HR = 0.63, p = 0.002). There was no difference in OS between arms when right sided tumors were analyzed, Cetuximab arm reported an OS of 18.3 vs. 23.0 months (HR = 1.31, p = 0.28) (18).

Similar results were also reported by the post hoc analysis of the pivotal trials of Panitumumab (PRIME and PEAK), showing improved PFS and OS in RAS wild type (KRAS and NRAS) left-sided tumors after the addition of Panitumumab to chemotherapy. PRIME study compared FOFOLX alone to the combination of FOLFOX plus Panitumumab whereas PEAK study compared the combination of Panitumumab plus FOLFOX vs. Bevacizumab plus FOLFOX (19).

In 2017, Arnold et al. (20) published the results of a retrospective pooled analysis from six randomized trials of tumor sidedness and anti-EGFR therapy in patients with RAS wild type (KRAS/NRAS wild type) metastatic colorectal cancer. Of six trials on anti-EGFR therapy, five trials were from first-line therapy (CRYSTAL, FIRE-3, PRIME, PEAK, and CALGB/SWOG 80405) and one trial from second-line therapy (Panitumumab's 20050181 trial). The results showed a significantly worse prognosis in patients with Right sided cancers, HR for OS in right-sided vs. left-sided tumors was 1.38 (95% CI = 1.17–1.63). In patients with left sided cancers, chemotherapy (either FOLFOX or FOLFIRI) plus anti-EGFR therapy (cetuximab or panitumumab) was associated with improved OS compared with chemotherapy with or without Bevacizumab (HR = 0.75; 95% CI = 0.67–0.84). However, no benefit of anti-EGFR therapy was seen in patients with right sided CRC (HR = 1.12; 95% CI = 0.87–1.45) (20).

Holch et al. (21) performed a meta-analysis of 13 first-line randomized controlled trials and one prospective pharmacogenetic study in metastatic mCRC. In this analysis; all first line anti-EGFR vs. anti-VEGF studies in RAS wild type mCRC patients revealed a significant OS benefit of anti-EGFR therapy in left sided tumors (HR = 0.71, p = 0.0003). An non-significant OS favoring anti-VEGF (HR = 1.3, p = 0.081) in patients with right sided tumors was observed (21).

The recently published pre-planned retrospective analysis of Panitumumab's VALENTINO trial also reported benefits in ORR, PFS, and OS with Panitumumab based induction therapy for left sided tumors (22). VALENTINO trial looked at the PFS noninferiority of maintenance with single-agent Panitumumab vs. Panitumumab plus FU plus Leucovorin after an induction treatment with Panitumumab plus FOLFOX in patients with RAS wild-type mCRC. Interestingly, the PFS benefit with Panitumumab plus FU plus Leucovorin during maintenance treatment was independent of tumor sidedness (22).



IS SIDEDNESS PREDICTIVE FOR BEVACIZUMAB IN FIRST LINE?

Whereas there is evidence to the effect that tumor sidedness may predict response to anti-EGFR monoclonal antibodies (17–22), the evidence specifically for Bevacizumab is not very robust. In all the anti-EGFR vs. anti-VEGF studies referred to in the above discussion (17–19), there was no statistically significant survival advantage of Bevacizumab over anti-EGFR antibodies in right sided tumors.

In a retrospective analysis of TRIBE trial by Cremolini and colleagues, which looked at intensification of frontline therapy in mCRC with FOLFOXIRI plus Bevacizumab, right sided mCRC had inferior OS as compared to left side (23.7 vs. 31.0 months, HR = 1.42, p = 0.010) (23). However, when the associations were adjusted for BRAF and RAS status, the right and left sides did not differ in terms of overall survival. Right sided patients benefitted more from the intensification of their frontline treatment, with both PFS and OS advantage (23).

A meta-analysis by You et al. (24) investigated the impact of tumor sidedness on Bevacizumab based treatment. This study reported a PFS benefit for patients taking Bevacizumab based treatment in left sided mCRC as compared to right (HR = 0.31, p = 0.03).


Tumor Sidedness: Implications on Second and Subsequent Lines of mCRC Management

A retrospective analysis by Boeckx evaluated the effect of primary tumor location on second- or later-line treatment outcomes in patients with RAS wild-type mCRC, Study 20050181, and Study 20020408 were included in this analysis (10).

In study 20050181, the addition of Panitumumab to FOLFIRI did not result in an improved PFS or OS on the left sided RAS wild type tumors. For left side, Median OS was 20.1 in the Panitumumab arm vs. 16.6 months in the FOLFIRI arm (HR = 0.96; p = 0.7388) and PFS was 8.0 vs. 5.8 months (HR = 0.88; p = 0.3086). In right-sided mCRC patients, there were no significant difference between the groups (10).

In study 20020408, there was a significant PFS benefit in the Panitumumab plus BSC arm (5.5 vs. 1.6 months; HR = 0.31; p < 0.0001) in left sided tumors. However, in the right side there was no difference in PFS between arms (1.7 vs. 1.5 months; HR = 0.50, p = 0.1029) (10).

A retrospective analysis of phase III NCIC CO 17 trial compared Cetuximab with best supportive care (BSC) in patients with KRAS wild-type, chemotherapy-refractory disease was carried by Brule et al. (25). In this trial, Cetuximab significantly improved OS in left sided KRAS wild type tumors (median OS 5.4 vs. 1.8 months, HR = 0.28 [0.18–0.45], p < 0.0001). There was no difference in OS between the two arms in right sided KRAS wild type tumors (25).

A Korean single center study retrospectively investigated the impact of tumor sidedness in chemo-refractory mCRC patients on treatment with Regorafenib (26). There was significant benefit in PFS with Regorafenib in all left sided tumors (PFS 2.6 vs. 1.9 months, p = 0.04, respectively). In the subpopulation of KRAS wild type patients, PFS benefit was again significant with Regorafenib in left sided tumors (2.9 vs. 2.1 months; p = 0.04) (26).




GUIDANCE ON SIDEDNESS IN SECOND AND SUBSEQUENT LINES IN METASTATIC COLORECTAL CANCER (MCRC)

The NCCN Guidelines Panel has laid down a consensus statement with respect to selection of anti-EGFR antibodies and tumor sidedness in the treatment of first line metastatic CRC (16). The Panel recommends anti-EGFR monoclonal antibodies only in the setting of left sided RAS wild type tumors. However, the Panel is largely silent on the conditions or circumstances where anti-EGFR monoclonal antibodies could be used in right sided first line mCRC. ESMO CRC Guidelines advocate Early tumor shrinkage (at 8 weeks) as a reasonable exception which could warrant usage of anti-EGFR agents in right sided first line mCRC treatment (27).

Contrary to recommendations in first line mCRC, there are no recommendations on the relevance of tumor sidedness in second and subsequent lines of treatment in mCRC. The NCCN panel does make a passing statement that there is not enough evidence to use tumor sidedness for treatment selection in these settings. However, a well-defined guidance from either the NCCN Panel or the ESMO guidelines committee is warranted. Currently, if a patient receives Bevacizumab based treatment in first line RAS wild type mCRC (irrespective of sidedness), the next logical treatment and the relevance of tumor sidedness are both unanswered questions. The authors believe that a guidance in this domain may help in appropriate selection and sequencing of agents even in second and subsequent lines.

The retrospective analysis of a large second line Phase III 2000181 Panitumumab trial does not support the relevance of tumor sidedness. And at this point in time, evidence is not robust enough to consider tumor sidedness as a predictive marker in second and subsequent lines of mCRC.



CRITICISM OF TUMOR SIDEDNESS' CLINICAL DATA

Despite the presence of extensive data on tumor sidedness in mCRC, it is undeniable that all the clinical data has emanated from retrospective analyses of Phase II/III clinical studies. The need for prospective clinical data on tumor sidedness is a moot point.

Whereas the authors acknowledge that the existing tumor sidedness data is convincing, the planning, and conduct of clinical trials with inclusion of prospective tumor sidedness will only boost the validity of historical data.



CONCLUSION

Retrospective analysis of multiple randomized phase II/III clinical trials points to the effectiveness of anti-EGFR therapy in Left sided RAS wild-type mCRC whereas the same have also reported a lack of benefit in right sided tumors. There is irrefutable clinical evidence that primary tumor location serves as independent prognostic as well as predictive biomarker of response to anti-EGFR monoclonal antibodies in first line mCRC treatment. However, there is no consensus with respect to the implications of tumor sidedness in second and subsequent lines of treatment. The authors discussed the existing clinical evidence in this setting and believe the concept of tumor sidedness may not hold true in this setting. There is certainly a need for a consensus statement in this space.
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Background: Colorectal cancer (CRC) comprises a large proportion of malignant tumors, and early detection of CRC is critical for effective treatment and optimal prognosis. We aimed to discover and validate serum autoantibodies for early detection of CRC.

Methods: Combined with CRC-associated autoantibodies discovered by serological proteome and multiplex analyses, 26 predefined autoantibodies were evaluated in 315 samples (130 CRCs, 75 advanced adenomas, and 110 healthy controls) by protein microarray analysis. Autoantibodies with potential detection value were verified by enzyme-linked immunosorbent assays (ELISAs). Receiver operating characteristic (ROC) curve analysis was conducted to evaluate the accuracy of the biomarkers.

Results: Four serum autoantibodies (ALDH1B1, UQCRC1, CTAG1, and CENPF) showed statistically different levels between patients with advanced neoplasm (CRC or advanced adenoma) and controls in microarray analysis, which were validated by ELISAs. Among the four biomarkers, the ALDH1B1 autoantibody showed the highest detection value with area under the curve (AUC) values of 0.70 and 0.74 to detect CRC and advanced adenoma with sensitivities of 75.68 and 62.31% and specificities of 63.06 and 73.87%, respectively. By combining the four biomarkers, the performance was improved with an AUC of 0.79 to detect CRC and advanced adenomas.

Conclusion: The ALDH1B1 autoantibody has a good potential for early detection of CRC and advanced adenoma, and measuring serum autoantibodies against tumor-associated antigens may improve detection of early CRC.

Keywords: colorectal cancer, advanced adenoma, biomarker, tumor-associated antigen, ALDH1B1


INTRODUCTION

Cancer is one of the leading causes of death in the developed world. It is estimated that 18.1 million new cancer cases and 9.6 million cancer deaths occurred in 2018, with colorectal cancer (CRC) accounting for 1.8 million new cases and 881,000 deaths (1). The cancer death rate in the USA decreased by 26% from its peak of 215.1 deaths per 100,000 people in 1991 to 158.6 deaths in 2015. Specifically, the death rate of CRC was reduced to 52% between 1970 and 2015 (2). This reduction in mortality is attributed to improvements in treatment (12%), changing patterns in CRC risk factors (35%), and screening uptake (53%) (3). Stool-based tests (faecalis immunochemical, faecalis occult blood, and multi-targeted stool DNA tests) and tests that directly visualize the colon (colonoscopy, sigmoidoscopy, and computed tomographic colonography) are recommended for CRC screening. However, the CRC screening rate in 2016 for federally qualified health centers in the USA was 39.9%. At least 40% of age-eligible adults do not adhere to screening guidelines (4). Faucal immunochemical and occult blood tests are advised, but the 70% sensitivity must be improved (5). Molecular screening methods examining abnormal protein and mRNA expression, and gene mutations, are conducted on a large scale. In October 2014, a non-invasive stool-based DNA test from Exact Sciences (Cologuard) for average-risk patients was the first Food and Drug Administration-approved test with sensitivity of 92% and specificity of 87% (6–8). However, for advanced precancerous lesions, the sensitivities of DNA and faecalis immunochemical tests were 42.4% and only 23.8%, respectively (8). A systematic review disclosed overall sensitivities for CRC detection by fecal DNA markers ranging from 53 to 87% with varying specificities above 76%. A study using MALDI-TOF MS combined with magnetic beads identified a panel of serum protein biomarkers, which showed sensitivity and specificity above 85% for all stages of CRC (9), implying the potential value of blood tests of protein markers to detect CRC. Although there have been a series of studies on tumor biomarkers in CRC, the value in clinical application is very limited. Further evaluation of their detection value in CRC and identification of novel serum biomarkers are crucial for early detection of CRC.

Starting in the 1950s, studies focused on relationships between autoantibodies and cancer. Autoantibodies were assessed as biomarkers for cancer diagnosis because their production may precede clinical confirmation of a tumor by several months to years. A study had demonstrated that an anti-p53 autoantibody was significantly correlated with subsequent development of malignancy with a predictive value of 0.76 and average lead time to diagnosis of 3.5 years (10). Tumor-associated autoantibodies (TAAbs) have been found during the transition to malignancy (11). Autoantibodies can stably exist at high levels induced by immune cascades despite low levels of the corresponding antigen. Therefore, autoantibodies have been proposed as biomarkers for early-stage detection of cancers. In recent years, autoantibodies against TAAs have been reported in patients with CRC, but only by a series of studies on small cohorts and without high-throughput screening in a large cohort of samples especially advanced adenoma (AA), an advanced precancerous lesion (12, 13).

In our study, we identified TAAbs to improve early detection of CRC. We employed serological proteome analysis (SERPA) to initially screen total proteins from CRC tissues to identify discrepant autoantibodies of TAAs between healthy persons and CRC patients. Subsequently, protein microarrays and enzyme-linked immunosorbent assays (ELISAs) were used to further screen and confirm their value in diagnosing CRC and AA. We analyzed the value of single autoantibodies and panels of multiple autoantibodies against TAAs using receiver operating characteristics (ROCs) to find valuable biomarkers of early-stage CRC.



MATERIALS AND METHODS


Study Population

The study was performed using a population-based CRC screening program conducted in 16 provinces of China from 2012 to 2016. The detailed study design has been described in a previous study (14). Briefly, all participants aged 40–69 years were first invited to undertake cancer risk assessment using an established risk score system. For participants who were evaluated as high risk, subsequent colonoscopy examination was conducted in designated hospitals. All eligible participants were invited to donate blood samples before the colonoscopy. The samples were handled according to SOPs and stored immediately at −80°C until use. In the current study, we recruited 315 participants including 130 CRC patients, 75 advanced adenoma patients, and 110 controls without colorectal neoplasms (Table S1). Advanced adenoma was defined as any adenoma measuring 10 mm or more, containing a substantial (>25%) villous component or exhibiting high-grade dysplasia. Final clinical diagnoses were classified according to the most advanced findings reported in the colonoscopy and/or histology report. Serum levels of carcinoembryonic antigen (CEA) were obtained from clinical records for CRC patients. In addition, six tumor tissue specimens and corresponding sera confirmed as CRC by pathological examination were obtained from the Department of General Surgery, Beijing Friendship Hospital, Capital Medical University. Correspondingly, serum samples from six healthy donors used in SERPA were obtained from the Health Examine Centre, Beijing Friendship Hospital, Capital Medical University.

The study was approved by the Ethics Committee of the Beijing Friendship Hospital, Capital Medical University, and the National Cancer Center/Cancer Hospital, Chinese Academy of Medical Sciences. All participants provided written informed consent.



Blood Sample Preparation

Blood samples were collected by BD Vacutainer (product number: 367986) before colonoscopy in the designated hospitals by the study nurses. After completion of blood clotting, the blood samples were centrifuged at 1,200 g at room temperature for 12 min and the serum were aliquoted and stored at −80°C in the hospitals of the field provinces. All samples were then shipped to the central laboratory (National Cancer Center of China) through cold chain and stored in the freezer (−80°C) until further analyses.



SERPA Analysis to Screen CRC-Associated Autoantibodies

Total protein from tumor tissues was extracted as described previously (15). Briefly, frozen tissue was lysed in 5 μl lysis buffer {7 mol/L urea, 2 mol/L thiourea, 4% 3-[(3-cholamidopropyl)-dimethylamino]-1-propanesulfonate, 1% dithiothreitol, 2% immobilized pH gradient (IPG) buffer (pH 3–10), and a protease inhibitor cocktail} per mg tissue and clarified by centrifugation. Protein concentrations were measured by a 2-D Quant Kit (GE Healthcare, Illinois, USA). Proteins were purified with a 2-D Clean-Up Kit (GE Healthcare). First, isoelectric focusing was performed on precast 18-cm immobilized pH 3–10 IPG strips (GE Healthcare) with 800 μg protein. Subsequently, sodium dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) was performed and the proteins were transferred onto a polyvinylidene fluoride (PVDF) membrane, followed by incubation with serum samples from CRC patients or healthy controls as primary antibodies at a 1:100 dilution. Then, horseradish peroxidase (HRP)-conjugated goat anti-human IgG (Invitrogen, California, USA) was used as a secondary antibody at a 1:5,000 dilution. Immunoreactive spots on the PVDF membrane were detected by an enhanced chemiluminescence kit (Millipore, MA, USA), according to the manufacturer's instructions (15). The proteomic profile of proteins from the CRC tissue was used as a reference map for spot analysis. Spots on immunoblotting maps were matched to the reference map, and those detected in CRC serum, but not in healthy controls, were excised and identified by matrix-assisted laser desorption/ionization-time-of-flight (MALDI-TOF) mass spectrometry (Bruker Daltonics, Bremen, Germany). Mascot (Matrix Science, London, UK) was used for protein identification by searching the peak lists against the International Protein Index human database (15).



Selection and Preparation of Tumor-Associated Antigens

In terms of the selection of TAA proteins for protein microarray analysis, we used 26 TAAs obtained from four sources: (1) SERPA identified five autoantibodies, CSRP1, SELENBP1, ALDH1B1, UQCRC1, and ENO1. (2) Our previous study evaluated 64 serum autoantibodies in CRC measured by multiplex bead-based serological assays (16). Autoantibodies against TP53, IMPDH2, MAGEA4, and MDM2 with underlying value, but without verification, were examined further in this study. (3) Autoantibodies against HSP60, CENPF, RGN, PRDX3, ACY1, ANXA4, and HINT1 that have been studied in hepatocellular carcinoma (15) and showed discrepancies in CRC in our preliminary experiments. (4) Autoantibodies against RPL13, RPH3AL, HMGN3, MPHOSPH6, IGF2BP1, VIL1, AIF1, CALR, CTAG1, and MYH13 based on previous systematic reviews of autoantibodies in CRC (12, 13).

Fragments or full-length recombinant proteins of selected TAAs, which were available for enzyme-linked immunosorbent assays (ELISAs), were purchased whenever possible. Recombinant CTAG1 and MYH13 proteins were prepared in-house.



Protein Microarray Analysis for Detection of Autoantibodies

Preparation of the protein microarray and microarray detection of serum samples was performed according to our previous study (15). Briefly, the screened TAAs were robotically spotted in ordered arrays on aldehyde-activated glass slides by the microchip-spotting instrument PersonalArrayer™ 16 (CapitalBio, Beijing, China). Human IgG (Sigma, MO, USA) was spotted by a gradient and used as a positive control and for calibration to adjust the signal intensity of each small compartment, whereas a spot sample of phosphate-buffered saline (PBS) with 0.02% SDS and 1% glycerol, and PBS were used as negative controls. The serum to be tested was diluted at 1:10. Cy3-conjugated Donkey Anti-Human IgG (Sangon Biotech, Shanghai, China) diluted at 1:300 was used as a secondary antibody. The signals were collected using a GenePix® 4000B Microarray Scanner (Molecular Devices, California, USA) and analyzed by array vision 7.0 (Imaging Research, Catharines, Canada) (15). Receiver operating characteristic (ROC) curves to evaluate the performance of the biomarkers were plotted based on logistic regression models. The cutoff values for positive and negative reactivities were determined by the Youden index (15).



Enzyme-Linked Immunosorbent Assays

Antigenic proteins ALDH1B1 (0.5 μg/ml), UQCRC1 (0.25 μg/ml), CTAG1 (8 μg/ml), and CENPF (2.0 μg/ml) were incubated in 96-well-microplates (Nunc A/S, Roskilde, Denmark) with 100 μl coating buffer (0.05 M carbonate/bicarbonate, pH 9.6) in each well. After incubation at 4°C overnight, free binding sites were blocked with 1% bovine serum albumin (BSA, Sigma) for ALDH1B1 and CTAG1, 1% casein (Sigma) for UQCRC1, and 10% newborn bovine serum (NBS, Gibco BRL, NY, USA) for CENPF. Standard serum was diluted at 1:40 (ALDH1B1, 1% BSA), 1:20 (UQCRC1, 10% NBS), 1:20 (CTAG1, 1% BSA), and 1:10 (CENPF, 10% NBS). A rabbit anti-human IgG-peroxidase antibody (Sigma) was added at 1:10,000, 1:15,000, 1:20,000, and 1:8,000. TMB HRP Substrate (Beijing Solarbio Science & Technology, Beijing, China) was reacted for 15 min at 37°C, which was stopped by addition of the stop solution (Beijing Solarbio Science & Technology). The absorbance was immediately read at 450 and 630 nm using a microplate reader (SpectraMax M3, Molecular Devices, CA, USA). The cutoff values for positive and negative reactivities were determined by the Youden index.



Preparation of Recombinant ALDH1B1 Protein and Verification of the ALDH1B1 Autoantibody in Sera by Western Blotting

The whole coding sequence of ALDH1B1 with His tags was chemically synthesized and inserted into the prokaryotic expression plasmid pET-28a. The recombinant plasmid was transformed into T7 Express competent E. coli. Expression was induced by incubation with 0.1 M IPTG at 16°C for 4 h. After ultrasonication, dissolution of inclusion body proteins, and renaturation in dialysate, the expressed recombinant protein was purified by affinity chromatography using His Sefnose resin and analyzed by SDS-PAGE and Gel-Pro Analyzer version 3.1.00.00 as described above.

Then, the presence of autoantibodies against ALDH1B1 was verified by a western blot assay. Briefly, recombinant ALDH1B1 was electrophoresed on a 10% SDS-PAGE gel and then transferred onto a PVDF membrane that was blocked in 5% non-fat dry milk for 2 h at 37°C. The membrane was then cut into strips that were incubated separately with individual serum samples (1:500 dilution) and an anti-ALDH1B1 antibody (1:1,000; Abcam, Cambridge, UK) at 4°C overnight. The respective serum samples were mixed randomly, including those from healthy controls and patients with CRC and AA. The strips were incubated with horseradish peroxidase-conjugated anti-human IgG (1:5,000 dilution, Sigma) for 1 h at 37°C. The reactions were developed using enhanced chemiluminescence western blotting detection reagent (Millipore).



Statistical Analysis

The chi-squared test or Student's t-test was used to determine the statistical significance between two groups. Receiver operating characteristic (ROC) curves to evaluate the performance of the markers were plotted based on logistic regression models. The cutoff was determined using a ROC curve and the Youden index. To overcome potential overfitting, we applied bootstrapping methods (1000 bootstrap samples) to adjust the areas under the curves and calculated the respective 95% confidence intervals (CIs). SPSS 22.0 for Windows (IBM, Chicago, IL, USA) was used for all statistical analyses, and p < 0.05 was considered as statistically significant.




RESULTS


CRC-Related Autoantibodies Found by SERPA

Using an antigen library of a mixture of total proteins extracted from tumor tissues of six CRC cases, SERPA analysis was performed to screen CRC-related TAAs. Mixtures of serum samples from CRC cases and healthy controls were used as primary antibodies for western blot analyses. Figure S1A shows a representative Coomassie blue-stained 2-DE gel. Different patterns of reactivity were obtained by probing with CRC and normal control sera. Representative immunoreactive patterns with CRC and normal control sera are shown in Figures S1B,C. By comparing and matching the antigenic protein profiles of each 2-D immunoblot on the original 2-DE, protein spots that were frequently recognized by CRC serum, but not serum from normal controls, were excised from the gels and subjected to MALDI-TOF-MS analysis. Five TAAs were identified, which were associated with CRC (17–21), including autoantibodies against CSRP1, SELENBP1, ALDH1B1, UQCRC1, and ENO1, and applied to further evaluation by protein microarray. Information of the five candidate TAAs is presented in Table S2.



Preparation of the Protein Microarray and Cohort Results Associated With TAAbs Identified by the Protein Microarray

To prepare the protein microarray, we used 26 antigenic proteins (Figure 1, Table S3). Twenty-four TAAs were purchased commercially, and two recombinant proteins, CTAG1 and MYH13, were prepared in-house (data not shown).


[image: Figure 1]
FIGURE 1. Microarray analysis of serum samples. Individual arrays were reacted with healthy control (A), advanced adenoma (B), and colorectal cancer (C) samples. (D), Schematic diagram of individual proteins in the protein microarray matrix. Sample liquid, phosphate-buffered saline (PBS) with 0.02% SDS and 1% glycerol. Diluent, PBS.


Using the protein microarray, the 26 antigens were detected simultaneously in 315 samples including 130 CRC, 75 AA, and 110 healthy control samples (Figure 1). For autoantibodies screened by SERPA, the results showed that autoantibodies against ALDH1B1 and UQCR1 may have underlying value for CRC patients with AUC values of 0.62 and 0.64, sensitivities of 37.60 and 47.20%, and specificities of 84.68 and 64.86%, respectively. However, CSRP1, SELENBP1, and ENO1 showed less value to detect CRC/AA with AUC values lower than 0.6 and a P-value around the threshold (Table S4). The results also showed that autoantibodies against TP53 may have a detection value for AA/CRC patients with AUC values of 0.65 and 0.67, sensitivities of 75.36 and 48.8%, and specificities of 55.86 and 76.58%, respectively. Furthermore, autoantibodies against CENPF and CTAG1 may have underlying detection values for AA with AUC values of 0.64 and 0.59, sensitivities of 59.42 and 57.97%, and specificities of 69.37 and 64.86%, respectively. In addition, other autoantibodies showed some potential detection value for CRC, including autoantibodies against IMPDH2, MDM2, HSP60, RPL13, VIL1, CENPF, RGN, and PRDX3. Detailed information about the various autoantibodies is presented in Table S4.



Detection Value of TAAbs Reexamined by ELISAs

To confirm the detection value of the TAAbs for AA and CRC, we selected autoantibodies against ALDH1B1, UQCRC1, CTAG1, and CENPF for ELISAs based on the protein microarray results showing potential detection values for CRC or AA. Autoantibodies against ALDH1B1 and UQCRC1 screened by SERPA were first identified in CRC. The autoantibodies against CENPF have shown high specificity to detect AA. Autoantibodies against CTAG1 have recently been reported to show promising detection values for CRC and can be used as a reference for comparisons with other studies.

The test samples were the same as those used in the protein microarray. The levels of autoantibodies in AA and CRC samples compared with healthy control samples are presented in Figure 2. We constructed ROC curves and calculated the AUC for each autoantibody (Figure 3). The results for sensitivity, specificity, and p-value are shown in Table 1. When comparing healthy control and AA samples, the adjusted AUC of ALDH1B1 autoantibodies was 0.74 (95% CI: 0.66–0.82) with sensitivity of 75.68% and specificity of 63.06%. For CRC, the adjusted AUC was 0.70 (95% CI: 0.63–0.77) with sensitivity of 62.31% and specificity of 73.87%. Autoantibodies against CTAG1 also showed a high adjusted AUC (0.72, 95% CI: 0.65–0.79) in discriminating healthy control and CRC samples. The adjusted AUC of CENPF autoantibodies was 0.67 and 0.70 in discriminating healthy control and AA/CRC samples, respectively. When using a combination of all TAAbs, the adjusted AUC was 0.79 (95% CI: 0.71–0.85) in discriminating CRC patients, and the adjusted AUC was 0.79 (95% CI: 0.69–0.87) with sensitivity of 75.68% and specificity of 63.64% for discrimination of AA patients (Figure 3, Table 2).


[image: Figure 2]
FIGURE 2. Comparison of the levels of autoantibodies against selected TAAs examined by ELISAs. Scatter diagram of the OD values of ALDH1B1 (A), UQCRC1 (B), CTAG1 (C), and CENPF (D). **p < 0.001.



[image: Figure 3]
FIGURE 3. ROC curves of autoantibodies against selected TAAs examined by ELISAs. ROC curves of single TAAs of ALDH1B1, UQCRC1, CTAG1, and CENPF for colorectal cancer (A) and advanced adenoma (B), and multiple panels of TAAs for colorectal cancer (C) and advanced adenoma (D). 1, ALDH1B1+CTAG1; 2, ALDH1B1+CENPF; 3, CTAG1+CENPF; 4, ALDH1B1+CTAG1+CENPF; 5, ALDH1B1+CTAG1+CENPF+UQCRC1.



Table 1. Detection performance of single tumor-associated autoantibodies in the detection of colorectal cancer and advanced adenoma determined by ELISA.

[image: Table 1]


Table 2. Detection performance of multiple tumor-associated autoantibodies determined by ELISA.
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Of the 130 CRC patients, 87 had available test results of CEA which were obtained from clinical records after their diagnosis during their treatment in the designated hospitals by the CRC screening program and 37 (42.5%) were positive (cutoff value of 5 ng/ml). Based on the cutoff value determined by the Youden index, the positive rates of autoantibodies against ALDH1B1, UQCRC1, CTAG1, and CENPF were 62.3, 57.7, 64.6, and 64.6%, respectively (Table S5). Specifically, for early-stage CRC, the positive rate of CEA was 38.6%, which was less than that of autoantibodies against ALDH1B1 (62.7%), UQCRC1 (54.2%), CTAG1 (64.4%), and CENPF (62.7%) (Figure 4). In CEA-negative CRCs, autoantibodies against ALDH1B1 (62.0%), UQCRC1 (60%), CTAG1 (70.0%), and CENPF (50.0%) were still useful to detect positive cases (Figure 5, Table 3).


[image: Figure 4]
FIGURE 4. Comparison of the positive rates of CEA and autoantibodies against ALDH1B1, UQCRC1, CTAG1, and CENPF in CRC of different UICC stages.
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FIGURE 5. Comparison of the positivity rates of CEA and autoantibodies against TAAs in CRC patients. The numbers of positive and negative cases of autoantibodies against ALDH1B1, UQCRC1, CTAG1, and CENPF in CRC patients who were positive (in blue) or negative (in purple) for CEA.



Table 3. Autoantibodies positive for candidate tumor-associated antigens in colorectal cancer patients negative for CEA.
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Western Blotting Confirms Higher Levels of ALDH1B1 Autoantibodies in Sera From AA and CRC Patients Than in That From Healthy Controls

Western blotting was conducted with the 61.9-kDa recombinant ALDH1B1 protein (Figure S2) to examine the level of autoantibodies against ALDH1B1 in sera from AA/CRC patients and healthy controls. Sera from 30 CRC cases, 30 AA cases, and 30 healthy controls, which were used in previous ELISAs, were selected randomly, mixed, and used as the primary antibodies for western blot analysis. The results showed that the levels of autoantibodies against ALDH1B1 were higher in samples from CRC and AA patients, especially AA, compared with those from healthy controls (Figure 6), which was consistent with the ELISA results, in which the AUC values to discriminate AA and CRC were 0.75 and 0.70, respectively.


[image: Figure 6]
FIGURE 6. Western blots with recombinant ALDH1B1 protein to detect the serum level of ALDH1B1 autoantibodies. Serum samples were obtained from AA patients (A), CRC patients (B), and healthy controls (C). The lane with “+” indicates an antibody against ALDH1B1 used as a positive control; M. EasySee Western Marker (TransGen Biotech, Beijing).





DISCUSSION

According to Poletaev et al. (11) the immune system can detect pathological changes from the earliest stages of a disease and respond to them by changing autoantibody production. Although the exact mechanisms responsible for cancer-related autoantibody production are still largely unknown, several theories have been proposed: (1) defects in tolerance and inflammation, (2) changes in protein expression levels, (3) altered protein structures, and (4) cellular death mechanisms (22). The theories have proven that the production of autoantibodies may be an early event in the transition to pre-cancer.

To discover novel autoantibodies, methods that allow simultaneous screening of multiple autoantibodies are required, which include recombinant cDNA expression cloning (SEREX), phage display, SERPA, multiple affinity protein profiling (MAPPing), and protein microarrays (23). ELISAs have always been the most commonly used method and are often used to confirm the detection value of autoantibodies screened by high-throughput methods. SERPA is very useful to identify novel TAAs with total proteins extracted from tumor tissue as an antigen library. Protein microarrays can screen a large number of TAAbs simultaneously and require little serum. In our study, we took full advantage of the superiority of SERPA, protein microarrays, and ELISAs to screen and confirm TAAbs with detection value.

In our SERPA analysis, CSRP1, SELENBP1, ALDH1B1, UQCRC1, and ENO1 showed differential immunological reactions between CRC patients and healthy controls. The CSRP1 gene is downregulated and might be involved in the progression of CRC (17). Downregulation of SELENBP1 expression is reactivated by inducing CRC differentiation (18). ALDH1B1 is crucial for colon tumorigenesis by modulating Wnt/β-Catenin, Notch, and PI3K/Akt signaling pathways (19). Downregulation of UQCRC1 has been correlated to lymph node metastasis and a poor prognosis of CRC (20). ENO1 was also reported to be associated with colorectal cancer (21). The abnormally regulated protein expression of the above genes in CRC implies the generation of corresponding autoantibodies, which may be potential CRC-related TAAs.

In the present study, protein microarray assays were conducted for high-throughput screening and comparison of the performance of 26 TAAs identified by our SERPA analysis, which have been reported in previous studies. Chen et al. (16) assessed 64 serum autoantibodies measured by multiplex bead-based serological assays but did not perform further verification. Although autoantibodies against IGF2BP1, CTAG1, ANXA4, RPH3AL, RPL13, and VIL1 have been reported in other studies (24–28), the results were variable in the various studies because some had small samples or different methods and judgment standards. Autoantibodies against HSP60, ACY1, PRDX3, RGN, HSP60, CENPF, AIF, HINT1, CALR, HMGN3, and MPHOSPH6 in CRC were examined for the first time. In the present study, we further evaluated and compared the detection potentials of these TAAbs by microarray analysis. The results showed that autoantibodies against CENPF and CTAG1 may have underlying detection values for CRC/AA, and ALDH1B1, UQCRC1, IMPDH2, MDM2, HSP60, and RPL13 for CRC.

ELISA is considered to be a more accurate method to detect an antigen and autoantibodies. In the present study, autoantibodies against ALDH1B1, UQCRC1, CTAG1, and CENPF were validated by ELISAs and the results confirmed their detection value for CRC/AA. Specifically, ALDH1B1 was powerful in detecting AA, which was confirmed by a western blot assay, whereas CTAG1 had a detection value to recognize CRC. This is the first study to demonstrate the detection value of ALDH1B1 for CRC and AA. When a combination of ALDH1B1, UQCRC1, CTAG1, and CENPF autoantibodies was used, an adjusted AUC value of 0.79 was reached for the detection of both CRC and AA.

In the European Group on Tumor Markers (EGTM) guidelines for the use of biomarkers in gastrointestinal cancer to screen colorectal cancer, preoperative CEA levels may be combined with clinical and histopathological criteria to determine the prognosis of patients with newly diagnosed CRC. However, CEA is not considered as a good biomarker for CRC screening because of its inadequate specificity and sensitivity. In the present study, we found higher positive rates of autoantibodies against ALDH1B1, UQCRC1, CTAG1, and CENPF with positive rates of 62.7, 54.2, 64.4, and 62.7%, respectively, in early CRC compared with that of 38.6% for CEA, and more than half of the early CRC cases negative for CEA were positive for these TAAbs, implying the potential value of these TAAbs for screening and early detection of CRC.

Although nearly 60% of examined individual autoantibody markers have shown relatively low sensitivity (<25%), good diagnostic performance (sensitivity: >60%; specificity: >80%) has been reported for three individual markers (SPAG9, RPH3AL, and CCDC83) (16). By comparison with these three markers, the autoantibody markers identified in the present study did not have higher sensitivity or specificity. However, high-throughput analysis was conducted in the present study to evaluate and compare 26 potential autoantibody markers to detect CRC, in which several novel autoantibody biomarkers were identified and validated. In addition, our samples included a large number of AA cases, and we compared their diagnostic value in AA with CRC and healthy groups.

Fecal immunochemical test (FIT) is the most widely used non-invasive test for CRC screening. Although the FIT has many benefits for CRC screening, it also has several limitations such as poor participation and low sensitivity to detect advanced adenoma. In such circumstances, many efforts have been made to search for suitable biomarkers for early detection of CRC. A blood test might be an ideal candidate considering its ease of use that could potentially improve participation and compliance. Although the diagnostic performance for detecting CRC (sensitivity >60%; specificity >80%) of the three individual markers SPAG9, RPH3AL, and CCDC83 was inferior to that for FIT, the panel of the autoantibodies had higher sensitivity for detecting AA than FIT. The blood-based biomarker therefore might be a complementary test as for the current screening modalities, which deserves further validation in other populations.

The generation of autoantibodies against TAAs is not fully understood. TAA proteins are most likely either mutated, overexpressed, posttranslationally modified, misfolded, cleaved aberrantly, or localized aberrantly in tumor cells (12). In the present study, we revealed the promising detection value of autoantibodies against ALDH1B1 in CRC and AA, especially AA. ALDH1B1 is an important isoform in the ALDH1 family, which contributes to ALDH1 activity, and is presumed to promote the differentiation of stem cells and may be crucial for colon tumorigenesis (19). ALDH1B1 has been reported to be highly expressed in CRC and advanced colorectal adenoma, (29, 30) implying a possible mechanism for the generation of autoantibodies in CRC and AA. However, the exact mechanisms require further study.

There are several limitations of our study when interpreting the results. First, although the samples were selected from a large-scale population-based CRC screening program in China, we only included a limited number of samples; therefore, we cannot rule out the probability of selection bias. However, we anticipated to validate the significant findings of this study in larger samples in the future. Second, although we identified a series of autoantibodies with potent detection values, we did not examine them all by ELISAs. Third, the laboratory test results of CEA were obtained from clinical records for some patients after their diagnosis of CRC and missing data existed for some participants, which may therefore lead to biased interpretation of the comparison of the diagnostic performance between the CEA and the autoantibodies, which should be further validated in other studies. Fourth, we did not validate the TAAbs in an independent cohort, even though we conducted a state-of-the-art technique (bootstrapping) to minimize potential overfitting of the constructed multi-marker algorithms. We will study the contributions of the above factors and evaluate the detection values of the TAAs in another independent cohort in the future.

In summary, high-throughput screening by SERPA, protein microarray, and validation by ELISA indicated that ALDH1B1 autoantibodies have potential detection values for AA and CRC, and measuring serum autoantibodies against TAAs may improve the detection of early CRC.
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Genomic alterations constitute crucial elements of colorectal cancer (CRC). However, a comprehensive understanding of CRC genomic alterations from a global perspective is lacking. In this study, a total of 2,778 patients in 15 public datasets were enrolled. Tissues and clinical information of 30 patients were also collected. We successfully identified two distinct mutation signature clusters (MSC) featured by massive mutations and dominant somatic copy number alterations (SCNA), respectively. MSC-1 was associated with defective DNA mismatch repair, exhibiting more frequent mutations such as ATM, BRAF, and SMAD4. The mutational co-occurrences of BRAF-HMCN and DNAH17-MDN1 as well as the methylation silence event of MLH-1 were only found in MSC-1. MSC-2 was linked to the carcinogenic process of age and tobacco chewing habit, exhibiting dominant SCNA such as MYC (8q24.21) and PTEN (10q23.31) deletion as well as CCND3 (6p21.1) and ERBB2 (17q12) amplification. MSC-1 displayed higher immunogenicity and immune infiltration. MSC-2 had better prognosis and significant stromal activation. Based on the two subtypes, we identified and validated the expression relationship of FAM83A and IDO1 as a robust biomarker for prognosis and distant metastasis of CRC in 15 independent cohorts and qRT-PCR data from 30 samples. These results advance precise treatment and clinical management in CRC.

Keywords: genomic alteration, mutational signature, molecular subtype, colorectal cancer, prognosis, metastasis


INTRODUCTION

Colorectal cancer (CRC) is the fourth most prevalent cancer and the second most lethal cancer globally (1). Although considerable improvements in surgical techniques and chemoradiotherapy have extended overall survival (OS) for many patients, the mortality of CRC remains high (2). Recently, immunotherapy has made tremendous progress and achieved clinical success in CRC, but only a small proportion of patients benefit (3). Hence, it is imperative to improve individualized treatment and clinical management in CRC.

For decades, the TNM and Dukes classification schemes have been valuable for assessing the prognosis of, and selecting treatment for, CRC patients (4). However, accumulating evidence indicates that CRC patients with the same stage present diverse biological behaviors and clinical outcomes because of high heterogeneity (5). Thus, these conventional criteria fail to meet the needs of precision treatment in CRC. With advances in the molecular biological understanding of CRC, the CRC Subtyping Consortium proposed four consensus molecular subtypes (CMSs) in 2015 (6). The CMS classification can help guide clinical treatment and evaluate prognosis. For example, CMS4, characterized by epithelial–mesenchymal transition (EMT) and primary resistance to anti-EGFR therapy, has a poor prognosis relative to other subtypes, whereas CMS3, linked to metabolic reprogramming and altered cellular metabolism, displays favorable survival (6, 7). Of note, the CMS classification only considers a fraction of genomic variations, such as BRAF, TP53, and KRAS mutations, HNF4A amplification, and homozygous deletion of PTEN, but there is a wide range of genomic variations in CRC (6–13); thus, the genomic variations considered in the CMS classification system cannot fully explain the molecular heterogeneity of CRC, and the CMS classification system might ignore a large number of potential therapeutic targets and genomic drivers. Thus, it is necessary to systematically explore the heterogeneity of CRC based on global genomic variations and further provide references for optimizing targeted treatment of CRC patients.

Currently, 30 mutational signatures, which can be attributed to specific causes of DNA lesions, such as defective DNA repair and exogenous or endogenous mutagen exposure, have been summarized by previous research (14). Regrettably, the mutational signatures of CRC have not been dissected in detail until now. In addition, CRC possesses an extremely high number of genomic variations (7), some of which play a vital role in predicting prognosis and guiding treatment. A previous study demonstrated that colon cancer patients harboring the same BRAFV600E oncogenic lesion generally displayed a low median survival (15). A randomized, phase III trial indicated that patients with wild-type RAS were sensitive to anti-EGFR therapy; conversely, patients with KRAS mutations displayed resistance to anti-EGFR therapy (16). In addition, CRC patients with the LMNA–NTRK1 gene fusion were sensitive to the TRKA kinase inhibitor entrectinib (17). In addition to these genomic variations that have been proven to be predominantly associated with prognosis and targeted therapies in CRC, there are still many genomic variations that might have clinical significance waiting to be discovered.

In this research, we systematically extracted eight mutational signatures of CRC. Based on these mutational signatures, we performed consensus clustering to recognize heterogeneous molecular subtypes and better understand the genomic characteristics of CRC. Ultimately, we identified two distinct mutational signature clusters (MSCs). The two subtypes displayed significant difference in the genomic variation, methylation profile, prognosis, immune landscape, and microsatellite instability (MSI) status. In addition, based on the two subtypes, we identified and validated the relationship between FAM83A and IDO1 expression as a promising biomarker for predicting prognosis and distant metastasis in CRC patients in 15 independent public datasets and qRT-PCR data from 30 samples. These results deepen the understanding of the heterogeneity of CRC and will facilitate the individualized treatment and clinical management of patients with CRC.



MATERIALS AND METHODS


Data Sources and Processing

Mutation (derived from VarScan 2), somatic copy number alteration (SCNA), HumanMethylation450 array, and RNA-seq count data of CRC were obtained from The Cancer Genome Atlas (TCGA) portal. We also retrieved 14 expression microarrays datasets (GSE17536, GSE17537, GSE103479, GSE29621, GSE38832, GSE39084, GSE39852, GSE71187, GSE72970, GSE87211, GSE27854, GSE21510, GSE18105, and GSE71222) from the Gene Expression Omnibus (GEO) database. For 11 microarray datasets derived from the Affymetrix Human Genome U133 Plus 2.0 Array, the “CEL” raw data were obtained and further processed via a robust multiarray averaging algorithm (RMA) implemented in the affy R package. RMA was used to perform background adjustment, quantile normalization, and final summarization of oligonucleotides per transcript using the median polish algorithm. For the three other microarray datasets, we directly retrieved the normalized matrix files. The corresponding clinical information was also downloaded, and the details are listed in Supplementary Table 1. Ultimately, a total of 2,778 patients' data were collected, of whom 2,294 patients had survival information and 1,144 patients had metastasis information.



Deciphering Mutational Signatures in Colorectal Cancer

The masked somatic mutational profiles of 535 CRC patients were obtained from TCGA datasets. The trinucleotideMatrix function of the maftools package (18) was employed to extract the 5′ and 3′ bases immediately flanking the mutated site and to then generate a 96 × 535 mutation subtype frequency matrix. Subsequently, we applied the NMF package to extract the mutational signature, and the optimal rank was determined by the cophenetic coefficient and the residual sum of squares (RSS). De novo mutational signatures were then compared with curated signatures in COSMIC (19) using cosine similarity analysis (20) (https://cancer.sanger.ac.uk/cosmic/signatures_v2). The APOBEC enrichment analysis described by Roberts et al. (21) was further performed with the Maftools package.



Consensus Clustering

Based on the extracted mutational signatures, consensus clustering was utilized to determine the membership of CRC patients within possible clusters using the ConsensusClusterPlus R package (22). The subsample is 80% of the samples at each iteration, and each subsample was partitioned up to k (max K = 9) groups by k-means algorithm upon the Euclidean distance. This process was repeated 1,000. The optimal number of clusters was determined by cumulative distribution function (CDF) and proportion of ambiguous clustering (PAC) analyses (23). In addition, the Nbclust (24) package, which provides 26 indices in determining the number of clusters, was also used to assess the best clustering scheme.



Mutation and Somatic Copy Number Alteration Analysis

The MutSigCV 1.4 software (25) was employed to identify the significantly mutated genes (SMGs) for the two MSC subtypes of CRC. Genes with q < 0.05 and mutation frequencies > 10% were defined as mutation drivers. The GISTIC2.0 software was employed to identify significantly altered segments. Fragments with q < 0.05 and alteration frequency > 25% were considered SCNA drivers. The load of loss or gain was quantified as the total number of all genes with SCNA at the focal and arm levels. Mutations and SCNAs in MMR genes, including MLH1, MLH3, MSH2, MSH3, MSH4, MSH5, MSH6, PMS1, and PMS2, were also explored in the two MSC subtypes.



Identification of Methylation-Driven Genes

We downloaded the HumanMethylation450 array data from the TCGA-CRC cohort and employed the IlluminaHumanMethylation450kanno.ilmn12.hg19 package for annotation. To identify the methylation-driven genes (MDGs) in CRC, we employed two methods to dissect the methylation profiling data. One method was MethylMix, which is based on the beta distribution and was designed to recognize gene expression that is significantly related to methylation events (26). The other method was derived from the study of Charoentong et al. (27) and can be used to identify epigenetically silenced genes according to the absolute expression difference between the methylation and unmethylation groups. The MDGs were ultimately determined by the intersection of the two methods. In addition, if one MDG had a dominant difference in both the mRNA expression and DNA methylation profile between the two MSC subtypes (p < 0.05), we then labeled it a subtype-specific MDG (ssMDG).



Functional Annotation and Immune-Related Indicator Assessment

We performed gene set enrichment analysis (GSEA) between the two MSC subtypes, and the biological function terms with FDR < 0.05 were considered significant. Fifty hallmark pathways were also retrieved from the Molecular Signature Database (MSigDB v7.1). Based on the hallmark gene sets, we utilized the gene set variation analysis (GSVA) algorithm to transform the gene expression matrix into a pathway enrichment score matrix. The limma R package was applied to further reveal the discrepant pathways between the two MSC subtypes, with thresholds of FDR < 0.05 and |log2FC| > 0.2. The abundances of eight immune cell and two non-immune cell populations were assessed via the MCP-counter R package. In addition, we also calculated or retrieved data for 17 immunogenicity indicators from previous research: non-silent mutation rate, MSI score, single nucleotide variant (SNV) neoantigens, insertion and deletion (indel) neoantigens, cancer testis antigen (CTA) score, aneuploidy score (AS), intratumor heterogeneity (ITH) score, number or fraction of segments altered, homologous repair deficiency (HRD) score, loss of heterozygosity (LOH) score, B-cell receptor (BCR) or T-cell receptor (TCR) diversity score, and cytolytic activity (CYT) (28–30). The antigen processing and presenting machinery score (APS), used to measure antigen presentation capacity, was further calculated according to a previous report (31). For details on the immune-related indicators, please refer to Supplementary Table 2. Moreover, multiomics events of 75 immunomodulator molecules were further analyzed (Supplementary Table 3), including somatic mutations, SCNAs, and DNA methylation (28). The FDR was calculated with the Benjamini–Hochberg multiple correction method.



Identification of Reliable Gene Pair Markers for Prognosis and Distant Metastasis

We aimed to identify the relationship between the mRNA expression of two genes with prognostic significance and utility for predicting distant metastasis to facilitate clinical management. To ensure the robustness and stability of our results, 11 independent CRC cohorts with complete prognostic information encompassing (TCGA-CRC, GSE17536, GSE17537, GSE103479, GSE29621, GSE38832, GSE39084, GSE39852, GSE71187, GSE72970, and GSE87211) were employed to identify promising prognostic markers, and seven independent CRC cohorts with distant metastasis information (TCGA-CRC, GSE39084, GSE29621, GSE27854, GSE21510, GSE18105, and GSE71222) were utilized to further explore the ability of the identified prognostic markers to predict metastasis (Supplementary Table 1). The pipeline was as follows: (1) The edgeR package, with criteria |log2FC| > 1 and FDR < 0.05, was applied to identify differentially expressed genes (DEGs) between the MSC subtypes in the TCGA-CRC cohort. (2) Based on the identified subtype-specific DEGs, we converted the mRNA expression matrix into a two-gene expression relationship matrix. For one gene pair A|B, if the expression of A was greater than that of B, the pair was labeled “A>B”; conversely, if the expression of B was greater than that of A, the pair was labeled “B>A.” If the expression of A was equal to B, the sample was discarded. If the proportion of samples with “A>B” or “B>A” was > 90% in the corresponding cohort, the gene pair was discarded. (3) Univariate Cox regression analysis was implemented to screen the gene pairs with significant prognostic value (FDR < 0.05) in each cohort. If one gene pair had an FDR < 0.05 in more than five cohorts, then it was defined as a consensus prognosis gene pair signature (CPGPS). (4) We further explored the ability of each CPGPS to predict metastasis in seven independent cohorts with metastasis information.



Human Colorectal Cancer Specimens

The use of the human cancer tissues in this study was approved by the Ethics Committee of The First Affiliated Hospital of Zhengzhou University on December 19, 2019, and the TRN is 2019-KW-423. A total of 30 paired CRC tissues and matched adjacent non-tumor tissues were obtained from patients after receipt of surgical resection at The First Affiliated Hospital of Zhengzhou University. None of the patients received any preoperative chemotherapy or radiotherapy. Written informed consent was obtained from all patients. The inclusion criteria were as follows: no preoperative chemotherapy, radiotherapy, or targeted therapy; no other types of tumors; and no autoimmune diseases. The specimens obtained during surgery were immediately snap frozen in liquid nitrogen and stored at −80°C until RNA extraction. Clinical staging of the specimens was based on the NCCN (2019) guidelines. For details on the patients, please refer to Supplementary Table 4.



RNA Preparation and Quantitative Real-Time PCR

Total RNA was isolated from CRC tissues and paired adjacent non-tumor tissues with RNAiso Plus reagent (Takara, Dalian, China) according to the manufacturer's instructions. RNA quality was evaluated using a NanoDrop One C (Waltham, MA, USA), and RNA integrity was assessed using agarose gel electrophoresis. An aliquot of 1 μg of total RNA was reverse transcribed into complementary DNA (cDNA) according to the manufacturer's protocol using a High-Capacity cDNA Reverse Transcription kit (TaKaRa BIO, Japan). Quantitative real-time PCR (qRT-PCR) was performed using SYBR Assay I Low ROX (Eurogentec, USA) and SYBR® Green PCR Master Mix (Yeason, Shanghai, China) to detect expression. The data were normalized to the expression of GAPDH. The sequences of the primers were as follows:

GAPDH forward (5′- to 3′-): GGAGCGAGATCCCTCCAAAAT

GAPDH reverse (5′- to 3′-): GGCTGTTGTCATACTTCTCATGG

FAM83A forward (5′- to 3′-): CAGATCTCTGACAGTCACCTCAAG

FAM83A reverse (5′- to 3′-): CTGCCTGACTTGGCACAGTA

IDO1 forward (5′- to 3′-): ATATGCCACCAGCTCACAGG

IDO1 reverse (5′- to 3′-): AGCTTTCACACAGGCGTCAT.



Statistical Analysis

Correlations between two continuous variables were assessed via Spearman's correlation coefficients. Fisher's exact test or Pearson's chi-squared test was applied to compare categorical variables. Continuous variables were compared between two groups through the Wilcoxon rank-sum test or T-test. The Wilcoxon signed rank test was utilized to compare the gene expression differences between the paired CRC tissues and matched adjacent non-tumor tissues in the qRT-PCR assay. Kaplan–Meier and Cox regression analyses were performed with the survival R package. All P-values were two-sided, with p < 0.05 considered to indicate statistical significance. All data processing, statistical analysis, and plotting were conducted in R 3.6.4 software.




RESULTS


Extraction of Mutational Signatures in Colorectal Cancer

A total of 192,905 mutations were detected in 535 samples, with a median of 91 mutations per sample, including SNVs and small indels. SNVs were the main mutation type, and C>T mutations displayed the highest frequency, followed by C>A and T>C mutations. Among the top 10 most frequently mutated genes, APC had the highest number of deletion mutations (236), and TTN had the highest number of missense mutations (646) (Supplementary Figure 1). To gain insights into the potential mutation generation processes occurring in patients with CRC, we deconvoluted the mutational signatures via the NMF algorithm (Supplementary Figure 2A). Subsequently, eight mutational signatures were extracted from the CRC genomic data and annotated with the COSMIC signature nomenclature based on cosine similarity (Supplementary Figure 2B). Therefore, the extracted mutational signatures were ultimately called cosmic signatures 1, 6, 10, 15, 20, 28, 29, and 30 (Figure 1A). Clocklike signature 1 is thought to be connected with the age-related accumulation of spontaneous deamination of 5-methylcytosine. Signatures 6, 15, and 20 are all associated with defective DNA MMR. Signature 10 features altered the activity of the error-prone polymerase POLE and is often found in six cancer types, including CRC. Signature 29 exhibits transcriptional strand bias for C>A mutations due to tobacco chewing habits. Signatures 28 and 30 have been observed in a subset of stomach and breast cancers with unknown etiology (19).
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FIGURE 1. The extraction of mutation signatures and generation of the mutation signature relevant subtypes in CRC. (A) Eight mutation signatures were deciphered (mutation signature 1, 6, 10, 15, 20, 28, 29, and 30) based on NMF algorithm and COSMIC signatures. (B) The consensus score matrix of all samples when k = 2. A higher consensus score between two samples indicates they are more likely to be grouped into the same cluster in different iterations. The rows and columns of heatmap are both samples, and the cell value of the heatmap is the consensus score between two samples. (C,D) Kaplan–Meier analysis for OS (C) and DFS (D) between MSC-1 and MSC-2. (E) Pie charts show the relative proportion of eight categories of mutation patterns in MSC-1 and MSC-2, respectively. (F) The difference of APOBEC enrichment score between MSC-1 and MSC-2. (G) Mutational oncoplot of 11 APOBEC associated genes in two subtypes.




Generation of the Mutational Signature-Related Subtypes

Mutational signatures were deciphered from CRC genome data, and consensus clustering analysis revealed that two was the optimal number of subtypes (Figure 1B). The CDF curve, PAC value, and Nbclust results further confirmed the stability and reliability of the cluster results (Supplementary Figures 2C–E). We annotated the two subtypes as mutational signature clusters (MSCs) 1 and 2. The Kaplan–Meier survival analysis suggested that MSC-2 was significantly associated with favorable OS (log-rank p = 0.005) (Figure 1C). There was no significant difference in disease-free survival (DFS) between the two subtypes, possibly due to the large amount of follow-up data censored after 5 years (log-rank p = 0.070) (Figure 1D). We further compared the differences in DFS between the two subtypes within 5 years and found that MSC-2 was significantly associated with better DFS (log-rank p = 0.028) (Supplementary Figure 2F). Of note, MSC-1 (n = 226) predominantly featured signatures 6, 15, 20, and 28. Signatures 6, 15, and 20 are linked to defective DNA MMR. MSC-2 (n = 309) was characterized by signatures 1 and 29, which are associated with age and tobacco chewing habits (Figure 1E, Supplementary Figure 2G). We also observed that the APOBEC signature enrichment score was significantly higher (p = 0.003) in MSC-1, which indicated that MSC-1 had a higher occurrence of the C>T transition in TpCpW motifs than did MSC-2 (Figure 1F). A previous study demonstrated that mutations in the APOBEC family might contribute to a high tumor mutation burden (TMB) (32). Therefore, we further explored mutations in the APOBEC family and found rare mutations in CRC patients. Of note, MSC-1 had a higher frequency of mutations than MSC-2, in line with the enrichment score of APOBEC mutations found in MSC-1 compared with MSC-2 (p = 0.003) (Figure 1G); this finding might explain the high mutation rate in MSC-1.



Somatic Mutation Landscape of the Two Subtypes

The TMB in MSC-1 cells was significantly higher than that in MSC-2 cells (p < 0.001) (Supplementary Figure 3A). A higher TMB may tend to occur in patients with defective DNA MMR-related mutational signatures (7). We further determined 28 mutation-driven genes with MutSigCV q < 0.05 and mutation frequencies > 10% in CRC (Supplementary Table 5, Figure 2A). Out of these 28 genes, 18 genes have been reported in at least one CRC-associated study, such as APC, TP53, KRAS, SYNE1, PIKSCA, FBXW7, etc. (33–39). In addition, 10 novel drivers were identified: DNAH11, USHA2, HMCN1, HYDIN, MDN1, DST, VPS13B, DNAH8, EYS, and NBEA. We also determined the prognostic role of these genes. Mutation of EYS prolonged DFS, and mutation of USH2A suggested unfavorable OS (Figures 2B,C). In the two MSC subtypes, 22 out of the 28 drivers exhibited significant mutation differences (Figure 2D). Consistent with the high TMB in MSC-1, the mutation frequency of most drivers, such as ATM, SOX-9, and PRKDC, was also higher in MSC-1 than in MSC-2. Of note, APC and KRAS, genes that are mutated early in colon adenoma–carcinoma progression (40), were dominantly mutated in MSC-2, which implies that familial adenomatous polyposis (FAP) may be one of the main causes of MSC-2. Further analyses revealed predominant commutations of KRAS and SYNE1, TP53 and SYNE1, and APC and USH2A (Supplementary Figure 3B). Interestingly, we found some specific commutations, such as BRAF-HMCN and DNAH17-MDN1, that appeared only in MSC-1, which suggested that these commutations could be employed to distinguish different subtypes (BRAF-HMCN: p < 0.001; DNAH17-MDN1: p < 0.001) (Figures 2E,F). In addition, for the first time, we determined the prognostic value of some commutations: commutation of APC-TP53 demonstrated favorable DFS (Supplementary Figure 3C) and commutations of APC-KRAS, KRAS-TP53, and KRAS-SYNE1 were significantly associated with poor DFS (Figures 2G–I). Furthermore, the literature has confirmed that CRC patients with defective mismatch repair (MMR) can develop hypermutation and MSI (41). Hence, we investigated the mutation status of nine known MMR genes, and the results showed that MSC-1 had the most mutations in MRR genes (Supplementary Figure 3D), and the proportion of cases with MMR gene mutations was relatively high in MSC-1 compared with MSC-2 (26 vs. 7%; p < 0.001) (Figure 2J); these results were in line with the specific mutational signatures in MSC-1, such as signatures 6, 15, and 20.
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FIGURE 2. The mutation driven genes in colorectal cancer (CRC). (A) Mutational oncoplot of mutation driven genes in MSC-1 and MSC-2. Rows are genes and columns are tumor samples. (B,C) Kaplan–Meier survival analysis of EYS (B) and USH2A mutations (C). (D) The mutation frequency of mutational drivers in two subtypes, ***P < 0.001. (E,F) The relative proportion of BRAF-HMCN (E) and DNAH17-MDN1 (F) co-occurrences in two subtypes. (J) The relative proportion of patients with the MMR genes mutations in two subtypes. (G–I) Kaplan–Meier survival analysis of APC–KRAS (G), KRAS–TP53 (H), and KRAS–SYNE1 (I) co-occurrence.




Somatic Copy Number Alterations Investigation of the Two Subtypes

At the arm level, both the gain and loss loads were significantly higher in MSC-2 than in MSC-1 (p < 0.05). Although there was no statistical significance in the focal level load between the two subtypes, slight trends for higher loads were shown in MSC-2 than in MSC-1 (Supplementary Figure 4A). In contrast to MSC-1, which was characterized by a high mutation load, MSC-2 might predominantly contain alterations in copy number. By employing the GISTIC algorithm, we ultimately identified 39 driver segments encompassing 14 amplification segments and 25 deletion segments (Supplementary Tables 6, 7, Supplementary Figure 4B). We further compared the alteration frequencies of the 39 segments between the two subtypes and found that MSC-1 had a generally low frequency compared with MSC-2, in accordance with the CNA load (Figure 3A). We also found a multitude of oncogenes and tumor suppressor genes in these driver segments that might play an essential role in the tumorigenesis and progression of CRC, such as MYC (8q24.21), CCND3 (6p21.1), ERBB2 (17q12), PTEN (10q23.31), SMAD4 (18q21.2), and APC (5q22.2) (Figure 3B). Although MSC-2 generally had frequent SCNA events involving these genes, high proportions of amplifications or deletions still occurred in MSC-1, involving genes such as MYC, FTK3, and MCC as well as NOTCH and TGF-beta pathway-associated genes. Interestingly, we found oncogenes with only amplification and tumor suppressor genes with only deletion. Thus, the gene expression differences between gain and no-gain mutations, and loss and no-loss mutations were further explored, and we found that oncogenes with gain, such as ERBB2, MYC, and MLST8, were more prone to overexpression, and the expression of tumor suppressor genes with loss was predominantly lower than that of tumor suppressor genes with no-loss, such as APC, SMAD4, and PTEN (p < 0.001) (Figure 3C, Supplementary Figure 4C). These results suggest that CNA status plays a master regulatory role in the aberrant expression of oncogenes and tumor suppressor genes in CRC. Further survival analysis demonstrated the prognostic significance of these genes (Supplementary Figures 4D,E). We report for the first time that gain of MLST8 and MAP2K2 prolonged OS (Figure 3D, Supplementary Figure 4F), gain of CCND3 indicated worse DFS (Figure 3E), and loss of CTNN6, DKK1, APC, MCC, or SMAD4 was associated with unfavorable DFS (Supplementary Figure 4F). Moreover, we also investigated the CNA of MMR genes and found that the fraction of patients with MMR gene deletions was higher in MSC-2 than in MSC-1 (62 vs. 53%; p = 0.042) (Figures 3F,G). Importantly, some MMR genes, such as MLH3, MSH4, MSH3, and MLH1, displayed high loss frequencies, which might diminish the expression of MMR genes and give rise to MSI in CRC.
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FIGURE 3. The driven segments identified from GISTIC algorithm in CRC. (A) The amplification (orange) and deletion (purple) frequency of 39 driven segments in two subtypes. (B) The distribution of CNA relevant oncogenes and tumor suppressive genes in two subtypes. (C) The expression difference of ERRB2 and MYC between the gain and no-gain groups, as well as APC and SMAD4 between the loss and no-loss groups. ***P < 0.001. (D,E) Kaplan–Meier survival analysis of MLST (D) and CCND3 (E) gain. (F) The relative proportion of patients with the MMR genes deletions in two subtypes. (G) Oncoplot for the deletion of nine MMR-related genes in two subtypes.




Methylation-Driven Genes

To identify MDGs in CRC, the MethyMix package and the Wheeler criterion were employed. The MethyMix algorithm identified 608 genes with expression significantly related to methylation events, and the Wheeler criterion identified 147 epigenetically silenced genes (Supplementary Table 8). Ultimately, we identified a total of 69 MDGs by the intersection of the two methods. Further univariate Cox regression analysis uncovered the prognostic significance of these MSGs (Supplementary Table 9). High methylation of TBX1, GREB1L, and CNNM1 was significantly associated with unfavorable OS (Figures 4A–C). Further investigation revealed that the high methylation of TBX18, GREB1L, and CNNM1 was still associated with adverse prognosis in MSC-1, while there was no significant correlation between the high methylation of CTNNB1 and OS in MSC-2 (Supplementary Figure 5A). In addition, we defined ssMDGs, and 13 ssMDGs had significantly different expression and methylation between the two MSC subtypes (Supplementary Figures 5B,C). For these ssMDGs, we observed a significant negative correlation between the expression and methylation levels (Figure 4D). MSC-2 featured more hypermethylation of AQP5 and ZNF304 than MSC-1. Interestingly, AQP5 is a potential epigenetic driver of tumor development (42). The other 11 ssMDGs, such as ADAM32, SLC35D3, and TMEM150C, were specific for MSC-1. Of note, MLH1 was also a specific ssMDG of MSC-1. As illustrated, the methylation level of MLH-1 in MSC-1 was much higher than that in MSC-2, and the expression level was lower in MSC-1 than in MSC-2 (Supplementary Figures 5B,C). A previous report demonstrated that the hypermethylation of MLH-1 was a potential mechanism contributing to MSI in CRC (43). We thus divided CRC patients into methylated cases and unmethylated cases based on a threshold of beta = 0.3 and found that all methylated cases were in MSC-1 (22 vs. 0%; p < 0.001) (Figure 4E), which explains the specificity of the MSI-associated mutational signature for MSC-1 to some extent.
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FIGURE 4. The methylation driven genes in CRC. (A–C) Kaplan–Meier survival analysis of TBX18 (A), GREB1L (B), and CNNM1 (C) methylation. (D) The correlation analysis between the methylation and mRNA expression levels of 13 ssMDGs. (E) The relative proportion of patients with the MMR genes methylation events between two subtypes.




Functional Status, Immune Cell Infiltration, and Immunogenicity Assessment

We performed biological process and KEGG pathway enrichment analyses through the GSEA approach. The MSC-1 subtype was tightly associated with immune-related pathways such as adaptive immune response, antigen processing and presentation, response to interferon-gamma, and Th1 and Th2 cell differentiation (Figures 5A,C). The MSC-2 subtype was significantly enriched in reactive stroma-related pathways such as epidermis or mesenchymal morphogenesis, mesenchymal cell proliferation, transforming growth factor beta (TGF-β) signaling, and Wnt signaling (Figures 5B,D). Further GSVA hallmark pathway assessment suggested a similar result to the above results and elucidated that MSC-1 showed predominant immune activation, such as activation of the canonical T-cell excitation molecule interferon-gamma, and MSC-2 showed obvious activation of stromal factors, such as TGF-β (Figure 5E). In addition, we also evaluated the difference in eight immune cell and two non-immune cell subpopulations between the two subtypes (Figure 5F). Consistently, cytotoxic immune cells, such as T-cells, CD8+ T-cells, cytotoxic lymphocytes, and natural killer cells, were found in higher proportions in MSC-1 than in MSC-2, while MSC-2 had higher proportions of fibroblasts. The leukocyte and stromal fraction data retrieved from Thorsson et al. (28) also demonstrated a dominant role of the MSC-1 subtype in immune activation and a dominant role of the MSC-2 subtype in stromal activation (Figures 5G,H).
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FIGURE 5. Functional status, immune cell infiltration, and immunogenicity assessment. (A,B) The biological process significantly enriched in MSC-1 (A) and MSC-2 (B). (C,D) The KEGG pathways significantly enriched in MSC-1 (C) and MSC-2 (D). (E) The specific Hallmark pathways in MSC-1 and MSC-2. (F) The infiltration abundance of eight immune cells and two non-immune cells populations in MSC-1 and MSC-2. ns, P > 0.05; *P < 0.05; **P < 0.01; ***P < 0.001. (G,H) The distribution of leukocyte (G) and stomal (H) fraction in MSC-1 and MSC-2. (I) The comparison of 17 immunogenicity associated indicators between two subtypes, the cell represented by the mean value of corresponding cluster divided by the overall mean value. (J–O) The distribution of non-silent mutation rate (J), MSI score (K), SNV neoantigens (L), Indel neoantigens (M), fraction of segments alteration (N), and cytolytic activity (CYT) (O) in MSC-1 and MSC-2.


Furthermore, 17 indicators were employed to deconvolute the immunogenicity features of the two subtypes (Supplementary Table 2, Figure 5I). In line with the specific mutational signatures in MSC-1 (that is, signatures 6, 10, and 15), the non-silent mutation rate and MSI score were higher in MSC-1 than in MSC-2 (Figures 5J,K). In addition, SNV and indels neoantigens were also more prone to occur in MSC-1 than in MSC-2 (Figures 5L,M), but there were no significant differences in terms of CTA score (Supplementary Figure 6A). Conversely, the CNV-relevant indicators, such as AS, ITH, number or fraction of altered segments, HRD, and LOH, were slightly higher in MSC-2 than in MSC-1, although most of the differences did not reach statistical significance (Figure 5N, Supplementary Figures 6B–G). These results imply that the immunogenicity of the two subtypes might be derived from their different genome alterations. In addition, the BCR/TCR diversity and CYT, which may reflect a robust antitumor response and cytolytic activity, were also higher in MSC-1 than in MSC-2 (Supplementary Figures 6H–K, Figure 5O). Overall, although there was heterogeneity between the two subtypes in different aspects of immunogenicity, MSC-1 still displayed stronger immunogenicity than MSC-2, and this increased immunogenicity might arise from the predominant mutation pattern. In addition, this stronger immunogenicity further conferred superior immune activation in MSC-1.



The Expression and Regulation of Immune Checkpoint Molecules

We next explored the expression and regulation differences of 75 immune checkpoint molecules (ICMs) between the two MSC subtypes at the multiomics level (Supplementary Table 3). Obviously, the expression of ICMs was generally high in MSC-1 (Figure 6A, Supplementary Figures 7A,B). In addition, MHC molecules displayed relatively low expression in MHC-2 (Figure 6B). We further calculated the antigen processing and presenting machinery score (APS) via the ssGSEA algorithm and observed that MSC-2 also presented a lower APS than MSC-1 (Figure 6C). This suggested that antigen presentation capacity might be impaired. In line with the immune activation status, MSC-1 demonstrated higher expression of stimulatory ICMs such as CCL5, CD40, and ITGB2 than MSC-2 (Supplementary Figure 7A). In addition, inhibitory ICMs such as IDO1, PDCD1, CTLA4, and CD274 were also predominantly expressed in MSC-1, which implied that the overexpression of inhibitory ICMs might be a mechanism for immune escape in MSC-1 (Supplementary Figure 7B).
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FIGURE 6. Multi-omics analysis of 75 immunomodulators in the TCGA-CRC cohort. (A) From left to right: mRNA expression (z-score), mutation frequency, amplification frequency, deletion frequency, and expression vs. methylation (gene expression correlation with DNA-methylation beta value) of 75 immunomodulators in MSC-1 and MSC-2. (B) The expression difference of MHC molecules between two subtypes. ns, P > 0.05; *P < 0.05; **P < 0.01; ***P < 0.001. (C) The distribution of APS score in MSC-1 and MSC-2. (D–G) The expression difference of HLA-B (D) between the mutant and wild groups, as well as CD276 (E), TNFRSF9 (F), and TNFRSF14 (G) between loss and no-loss groups. (H–J) The correlation analysis between the methylation and mRNA expression levels of HLA-B (H), CXCL10 (I), and CD40 (J).


Furthermore, we integrated the mutation, SCNA, and methylation profiles to decipher the regulation of ICMs. Notably, although mutation of ICMs was generally rare (Figure 6A), it still induced some effects on the expression of ICMs; for example, mutation of HLA-B and ITGB2 induced significantly lower expression in only MSC-1, but a slightly increased expression was observed in MSC-2 (Figure 6D, Supplementary Figure 7C). In contrast, SCNAs of ICMs were relatively prevalent (Figure 6A). CD40 had the highest amplification frequency, but there was no significant expression difference between the gain and no-gain groups (Supplementary Figure 7D). Consistent with their deletion status, the expression of CD276, ICOSLG, TNFRSF9, TNFRSF14, and TNRSF18 was relatively low in the loss group compared with the no-loss group (Figures 6E–G, Supplementary Figures 7E,F). In addition, hypermethylation also played a critical regulatory role for a number of ICMs, such as HLA-B, CXCL10, and CD40, and we observed that their expression was significantly negatively correlated with the methylation profile (HLA-B: r = −0.51; CXCL10: r = −0.43; CD40: r = −0.46; all p < 0.001) (Figures 6H–J).



Identification of Reliable Gene Pair Markers for Predicting Prognosis and Distant Metastasis

A total of 108 DEGs were identified between the two MSC subtypes (Figure 7A, Supplementary Table 11). We further transformed the gene expression matrix into a two-gene expression relationship matrix. By using the pipeline to determine the consensus prognosis gene pair signature (CPGPS), we ultimately determined three gene pairs with dominant prognostic significance in at least five cohorts: FAM83A|IDO1, FABP4|KLK12, and FABP4|GBP5 (Figures 7B,C, Supplementary Figure 7A). Of note, the gene pairs with a single relationship ratio in >90% of cases in the corresponding cohort were discarded. Ultimately, FAM83A|IDO1 was removed based on the GSE103479 and GSE87211 cohorts, FABP4|KLK12 was removed based on the GSE103479, GSE87211, GSE18105, GSE21510, GSE27854, and GSE71222 cohorts, and FABP4|GBP5 was removed based on the TCGA-CRC, GSE103479, GSE72970, GSE87211, GSE18105, GSE21510, GSE27854, and GSE71222 cohorts. The expression relationship of FAM83A and IDO1 was significantly associated with prognosis in 7/9 cohorts (Figures 7B,D–L), and FAM83A > IDO1 at the mRNA level was a poor prognostic factor. Although the FAM83A|high group had an adverse prognosis, there was no significance in the GSE17537 and GSE72970 cohorts, which might be due to their relatively small sample sizes (Figures 7F,L). The gene pair FABP4|KLK12 was also a prognostic marker that exhibited significance in 6/9 cohorts. FABP4 > KLK12 was predominantly associated with unfavorable prognosis (Figures 7C,M–U). In addition, patients with FABP4 > GBP5 were more likely to have a poor prognosis than patients without this expression relationship in 5/7 cohorts (Supplementary Figures 8A–H). Further multivariate Cox analysis revealed that FAM83A|IDO1 was an independent prognostic factor in most cohorts (7/9) (Supplementary Table 11). Conversely, the two gene pairs FABP4|KLK12 and FABP4|GBP5 did not perform well.
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FIGURE 7. Identification of gene pairs with the ability to predict prognosis of CRC patients. (A) Volcano plot of differentially expressed genes (DEGs) between MSC-1 and MSC-2. The abscissa is log2FC, and the ordinate is –log10 (FDR). The red and blue points in the plot represent DEGs with statistical significance (FDR < 0.05 and |log2FC| > 1). (B) Forest plot of IDO1|high vs. FAM83A|high groups in nine cohorts. (C) Forest plot of KLK12|high vs. FABP4|high groups in nine cohorts. (D–L) Kaplan–Meier survival analysis for FAM83A|IDO1 in the TCGA-CRC (D), GSE17536 (E), GSE17537 (F), GSE29621 (G), GSE38832 (H), GSE39084 (I), GSE39852 (J), GSE71187 (K), and GSE72970 (L) cohorts. (M–U) Kaplan–Meier survival analysis for FABP4|KLK12 in the TCGA-CRC (M), GSE17536 (N), GSE17537 (O), GSE29621 (P), GSE38832 (Q), GSE39084 (R), GSE39852 (S), GSE71187 (T), and GSE72970 (U) cohorts. *P < 0.05.


We then determined the predictive role of the three gene pairs in CRC metastasis. Interestingly, the rate of distant metastasis was significantly different between the FAM83A|high and IDO1|high groups in all cohorts (TCGA-CRC: 29 vs. 15%, p = 0.007; GSE29621: 46 vs. 17%, p = 0.031; GSE39084: 44 vs. 16%, p = 0.028; GSE18105: 49 vs. 23%, p = 0.021; GSE21510: 47 vs. 25%, p = 0.026; GSE27854: 45 vs. 18%, p = 0.006; and GSE71222: 24 vs. 8%, p = 0.012) (Figures 8A–G). Due to the overrepresented single relationship of the gene pair, FABP4|KLK12 and FABP4|GBP5 were retained in three and two cohorts with metastasis information, respectively. Although statistical significance was not reached in most cohorts, the proportion of patients with metastasis varied between the FABP4|high and KLK12|high groups, and the FABP4|high and GBP5|high groups. For example, the FABP4|high group had a higher metastasis rate than the KLK12|high group (TCGA-CRC: 24 vs. 12%, p = 0.001; GSE29621: 57 vs. 25%, p = 0.173; and GSE39084: 31 vs. 31%, p = 1.000) (Figures 8H–J), and more metastatic cases were in the FABP4|high group than in the GBP5|high group (GSE29621: 44 vs. 23%, p = 0.199; and GSE39084: 44 vs. 27%, p = 0.278) (Figures 8K,L). Therefore, the predictive performance of FABP4|KLK12 and FABP4|GBP5 was much weaker than that of FAM83A|IDO1. Taken together, these data suggest that the expression relationships of FAM83A and IDO1 are a very promising biomarker for predicting the prognosis and distant metastasis of CRC patients.
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FIGURE 8. The predictive ability of three prognostic relevant gene pairs for distant metastasis. (A–G) The relative proportion of patients with distant metastasis between FAM83A|high and IDO1|high groups in the TCGA-CRC (A), GSE29621 (B), GSE39084 (C), GSE18105 (D), GSE27854 (F), and GSE71222 (G) cohorts. (H–J) The relative proportion of patients with distant metastasis between FABP4|high and KLK12|high groups in the TCGA-CRC (H), GSE29621 (I), and GSE39084 (J) cohorts. (K,L) The relative proportion of patients with distant metastasis between FABP4|high and GBP5|high groups in GSE29621 (K) and GSE39084 (L) cohorts. M0, no metastasis; M1, metastasis.




Verification of the Role of FAM83A|IDO1 in Predicting Prognosis and Metastasis Using qRT-PCR

qRT-PCR assays were performed in 30 paired CRC tissues and matched adjacent non-tumor tissues (Supplementary Table 4). We observed that FAM83A was overexpressed in tumor tissues relative to adjacent non-tumor tissues, and the expression of IDO1 showed the opposite relationship (p < 0.001) (Figures 9A,B). The role of FAM83A|IDO1 in predicting prognosis and metastasis was further explored by qRT-PCR. The clinical outcome details (including survival status and metastasis status) of 30 CRC patients are shown in Figure 9C. There was no correlation between the expression of FAM83A and IDO1. In line with the previous results, when the expression of FAM83A was higher than that of IDO1, patients had worse OS and DFS (log-rank p < 0.001) (Figures 9D,E), as well as a stronger tendency for distant metastasis (71 vs. 13%, p = 0.007) (Figure 9F).
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FIGURE 9. Verified the role of FAM83A|IDO1 in prognosis and metastasis using qRT-PCR. (A,B) The expression difference of FAM83A (A) and IDO1 (B) between two subtypes. (C) The mRNA expression of FAM83A and IDO1 as well as the clinical outcomes in our cohort. The abscissa is the expression of FAM83A, and the ordinate is the expression of IDO1. Under the line y = x, FAM83A > IDO1, while above it, FAM83A < IDO1. M0, no metastasis; M1, metastasis. OS-0, alive; OS-1, death or censoring; DFS-0, disease free; DFS-1, disease or censoring. (D,E) Kaplan–Meier analysis of OS (D) and DFS (E) for FAM83A|IDO1 in our cohort. (F) The relative proportion of patients with distant metastasis between FAM83A|high and IDO1|high groups in our cohort.





DISCUSSION

Elegant efforts have demonstrated that multifarious genomic alterations are critical to the prognosis and targeted therapy of CRC (44–48). We sought to better delineate the molecular diversity of CRC by determining mutational signatures that reflect different mutational processes, such as spontaneous deamination of 5-methylcytosine (signature 1), defective DNA MMR (signatures 6, 15, and 20), recurrent POLE somatic mutations (signature 10), and tobacco chewing habits (signature 29). Based on these signatures, we identified two heterogeneous subtypes, MSC-1 and MSC-2. The two subtypes exhibited tremendous differences in genomic alterations including mutation, SCNA, and DNA methylation. The distinct tumor microenvironment (TME) statuses and immune escape mechanisms of the two subtypes reinforced their molecular variability. We also observed significant clinical differences between the subtypes in terms of OS and DFS. In addition, to facilitate clinical application, we employed a gene pair pipeline to determine a prognostic and distant metastasis biomarker, FAM83A|IDO1, and further validated it in 15 independent datasets and qRT-PCR data from 30 samples.

MSC-1, a mutation-dominant subtype characterized by signatures 6, 15, and 20, was linked to defective DNA MMR. In line with this, MSC-1 harbored mutations in many drivers, such as ATM, BRAF, and HMCN1, which play vital roles in the tumorigenesis and development of many cancers (49). Previous studies have indicated that ATM is involved in cell cycle regulation and DNA damage recognition and repair and might increase cell resistance to cisplatin (50). Approximately 10% of patients with metastatic CRC possess the BRAF V600 mutation, which is related to poor prognosis (51). Interestingly, specific commutations, including BRAF-HMCN and DNAH17-MDN1, appeared only in MSC-1, which suggested that these specific commutations could be promisingly employed to distinguish different subtypes. In addition, a multitude of methylation drivers, such as ADAM32, MLH-1, and CTTNBP2, were significantly epigenetically silenced in MSC-1. Interestingly, methylation silencing of MLH-1, which has been reported to contribute to oncogenesis in CRC by activating the serrated neoplasia pathway, appeared in only MSC-1 (52). We speculate that activation of the serrated neoplasia pathway in combination with BRAF mutation might be important in MSC-1 tumorigenesis.

MSC-2, a CNA-dominant subtype characterized by signatures 1 and 29, was related to spontaneous deamination of 5-methylcytosine and tobacco chewing habits. MSC-2 displayed loss of MYC (8q24.21), SMAD4 (18q21.2), and PTEN (10q23.31) as well as gain of CCND3 (6p21.1) and ERBB2 (17q12). The oncogene ERBB2 has been shown to be amplified or overexpressed in multiple cancers, including colon cancers (53, 54). As reported, ERBB2 amplification is an emerging therapeutic target and may also be a negative predictor of response to anti-EGFR therapy in CRC (55). Another promising candidate is SMAD4, a tumor suppressor that is the central node in TGF-β signaling (56). Studies have demonstrated that the loss of SMAD4 is associated with poor prognosis and predisposition to chemoresistance, such as resistance to 5-fluorouracil, leucovorin, and irinotecan (57). Of note, although MSC-2 demonstrated lower TMB than MSC-1, the frequency of mutations in the drivers APC and KRAS, which occur early in the progression from colorectal adenoma to malignant carcinoma, were highest in MSC-2 (52). As reported, ~85% of CRC cases are thought to evolve from conventional adenomas with the acquisition of mutations in APC, SMAD4, TP53, KRAS, or PI3KCA, resulting in Wnt-β-catenin and TGF-β pathway activation; this process is referred to as the adenoma-to-carcinoma sequence. The above analysis suggests that the conventional adenoma-to-carcinoma sequence may be an important process of oncogenesis in MSC-2.

In the present study, we also assessed the differences in immune cell proportions, stromal cell infiltration, and immune escape mechanisms between the two subtypes. Consistent with the high mutation load in MSC-1, there was also infiltration of numerous innate and adaptive immune cells in the TME, which was linked to the immune inflammation status. The TME results were also supported by the finding of activation of immune-related pathways, including pathways related to the adaptive immune response, antigen processing and presentation of peptide antigens, and the response to interferon-gamma. In CRC, immune checkpoint inhibitors have been proven effective in heavily mutated tumors with MMR defects or high levels of MSI (3), which implies that patients in MSC-1 may benefit more from immunotherapy than patients in MSC-2. Although accompanied by both MSI and immune activation, MSC-1 exhibited unfavorable OS and DFS. High levels of immunosuppressive molecules in the TME may trigger immune resistance and escape mechanisms in MSC-1. Compared with MSC-1, MSC-2 was characterized by more fibroblasts and a lack of adaptive immune cells, accompanied by stromal-associated pathway activation, such as activation of pathway related to epidermis or mesenchymal morphogenesis, mesenchymal cell proliferation, TGF-β signaling, and Wnt signaling. Combined with this weaker immunogenicity, the insufficient immune cell infiltration in MSC-2 contributes to immune escape, suggesting that patients with the MSC-2 subtype might exhibit an unfavorable response to immunotherapy. Therefore, comprehensive analysis of molecular and immune microenvironment variability might contribute to optimizing the treatment and clinical management of CRC patients.

In addition, we comprehensively revealed many prognosis-relevant genomic events. In this study, we observed that mutation of EYS, as well as gain of MLST8 and MAP2K2, could prolong OS, while mutation of USH2, loss of DKK1, APC, MCC, and SMAD4, and methylation of TBX1 were linked to unfavorable prognosis. In addition, the prognostic value of some commutations was revealed for the first time. Commutation of APC-TP53 demonstrated favorable DFS, and commutation of APC-KRAS, KRAS-TP53, and KRAS-SYNE1 was significantly associated with poor DFS. Importantly, to facilitate clinical application, we identified three gene pairs with prognostic significance, FAM83A|IDO1, FABP4|KLK12, and FABP4|GBP5. FAM83A|IDO1 was best at predicting prognosis in 11 public datasets and our own cohort, and it was an independent prognostic factor for CRC. FAM83A|IDO1 also exhibited excellent performance in assessing the distant metastasis status in seven public datasets and our own cohort. Patients with FAM83A|high disease had a higher risk of metastasis than patients with IDO1|high disease. Traditionally, the batch effects of different platforms and the different cutoff values severely limit the clinical translation and application of biomarkers. In this study, we only focused on the mathematical relationship between the mRNA expression of two genes, which completely ignores the batch effects among different platforms and does not require definition of a cutoff value; it is just a binary relationship. Therefore, the relationship between FAM83A and IDO1 mRNA expression is a promising biomarker for predicting prognosis and metastasis in clinical applications.

Our study also has a few limitations. First, it analyzed multidimensional data of genomic alterations in CRC but lacked microscopic experimental verification. Second, the identification of the relationship between FAM83A and IDO1 mRNA expression as a biomarker focused on the mathematical relationship between two genes, but the biological relationship was not studied.

We described a novel molecular classification method for categorizing CRC into two clusters, suggesting intertumoral molecular variability. The two subtypes displayed distinct genomic drivers, prognoses, functional statuses, immune microenvironments, and MSI statuses, and targeting these differences might advance precise treatment and clinical management in CRC. Promisingly, we also identified and validated a robust and promising biomarker for predicting the prognosis and metastasis of CRC patients.
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Sporadic colorectal cancer (CRC) develops principally through the adenoma-carcinoma sequence. Previous studies revealed that DNA methylation alterations play a significant role in colorectal neoplastic transformation. On the other hand, long noncoding RNAs (lncRNAs) have been identified to be associated with some critical tumorigenic processes of CRC. Accumulating evidence indicates more intricate regulatory relationships between DNA methylation and lncRNAs in CRC. Nevertheless, the methylation alterations of lncRNAs at different stages of colorectal carcinogenesis based on a genome-wide scale remain elusive. Therefore, in this study, we first used an Illumina MethylationEPIC BeadChip (850K array) to identify the methylation status of lncRNAs in 12 pairs of colorectal cancerous and adjacent normal tissues from cohort I, followed by cross-validation with The Cancer Genome Atlas (TCGA) database and the Gene Expression Omnibus (GEO) database. Then, the abnormal hypermethylation of candidate genes in colorectal lesions was successfully confirmed by MassARRAY EpiTYPER in cohort II including 48 CRC patients, and cohort III including 286 CRC patients, 81 advanced adenoma (AA) patients and 81 nonadvanced adenoma (NAA) patients. DLX6-AS1 hypermethylation was detected at all stages of colorectal neoplasms and occurred as early as the NAA stage during colorectal neoplastic progression. The methylation levels were significantly higher in the comparisons of CRC vs. NAA (P < 0.001) and AA vs. NAA (P = 0.004). Moreover, the hypermethylation of DLX6-AS1 promoter was also found in cell-free DNA samples collected from CRC patients as compared to healthy controls (Padj = 0.003). Multivariate Cox proportional hazards regression analysis revealed DLX6-AS1 promoter hypermethylation was independently associated with poorer disease-specific survival (HR = 2.52, 95% CI: 1.35-4.69, P = 0.004) and overall survival (HR = 1.64, 95% CI: 1.02-2.64, P = 0.042) in CRC patients. Finally, a nomogram was constructed and verified by a calibration curve to predict the survival probability of individual CRC patients (C-index: 0.789). Our findings indicate DLX6-AS1 hypermethylation might be an early event during colorectal carcinogenesis and has the potential to be a novel biomarker for CRC progression and prognosis.
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Introduction

Colorectal cancer (CRC) is the third most commonly diagnosed cancer and the second leading cause of cancer-related death worldwide, with an estimated 1.9 million new cases and 935,000 deaths in 2020 (1). The majority of CRC cases are sporadic and develop principally through the adenoma-carcinoma sequence (2). It is well established that the gradual accumulation of multiple genetic and epigenetic changes plays a key role in the initiation and progression of colorectal carcinogenesis (3). In addition to conventional genetic variants, the regulatory contribution of epigenetic alterations has also been identified as a causative factor during cancer initiation and progression.

To date, aberrant DNA methylation, primarily in the form of hypermethylated or hypomethylated CpG dinucleotides within the genome, is one of the most extensively studied epigenetic alterations in human cancer (4). In particular, hypermethylation of gene promoter regions, which is frequently characterized by transcriptional silencing, remains the most dominant phenomenon during cancer development (5). Many studies have reported DNA methylation changes in cancer-related genes in CRC using genome-wide-based approaches or candidate gene strategies (6–8). Notably, these aberrant methylation alterations occur more frequently at the early stages of neoplastic progression (6). Indeed, hierarchical hypermethylation patterns of CRC-related suppressor genes, such as SFRP2, SEPT9 and MPPED2, have been observed throughout the progression stages of colorectal carcinogenesis (9–11). Taken together, these findings indicate that abnormal changes in DNA methylation might be hallmarks of CRC initiation and progression. DNA hypermethylation might be one of the first detectable neoplastic alterations associated with carcinogenesis.

Long noncoding RNAs (lncRNAs) are defined as transcripts > 200 nucleotides in length without protein-coding capacity (12). Currently, these former so-called useless transcripts have been proven to be important regulators involved in biological, developmental, and pathological processes (13, 14). Remarkably, accumulating evidence supports more intricate regulatory relationships between DNA methylation and lncRNAs (15, 16). For instance, by performing an integrated analysis of epigenome and transcriptome data, Miller-Delaney et al. revealed that differential methylation might play an important role in the transcriptional regulation of lncRNAs in human temporal lobe epilepsy (17). He et al. identified 18 lncRNAs involved in methylation modifications that contributed to the tumorigenesis and development in glioma (16). Nevertheless, methylation studies of lncRNAs in CRC have largely been based on candidate gene strategy (18, 19). LncRNA methylation as biomarkers of CRC identified based on a genome-wide scale remain elusive.

Therefore, in this study, we first used an Illumina MethylationEPIC BeadChip (850K array) to identify the methylation status of lncRNAs in CRC. Then, we performed a technical validation of six candidate genes with MassARRAY EpiTYPER in CRC, followed by a comprehensive study to analyze the DLX6-AS1 methylation pattern at different stages of colorectal neoplasms, from nonadvanced adenoma (NAA) to advanced adenoma (AA) to colorectal carcinoma. Furthermore, we evaluated the DLX6-AS1 methylation levels in peripheral blood leucocyte DNA and analyzed their consistency with local lesions from the same patient. The methylation status of the DLX6-AS1 promoter in cell-free DNA (cfDNA) of CRC patients was also evaluated. In addition, we performed survival analysis to clarify the prognostic role of methylated DLX6-AS1 in CRC prognosis. A nomogram was established to predict the survival rate for CRC patients.



Materials and Methods


Study Design and Participants

A flowchart for this study is shown in Figure 1. Briefly, this study was carried out in three cohorts. First, a genome-wide methylation scan by 850K array on cancerous and paired normal tissues from 12 CRC patients in cohort I was performed, followed by cross-validation using DNA methylation data from the TCGA database (https://cancergenome.nih.gov) and the GEO database (https://www.ncbi.nlm.nih.gov/geo/). The DNA methylation data from the TCGA and the GEO were generated using an Illumina HumanMethylation450 BeadChip (450K array) in 438 CRC tissue samples (393 tumor, 45 normal) and 208 CRC tissue samples (104 tumor, 104 normal), respectively. An overview of the external datasets used in this study is shown in Supplementary Table S1. Then, 48 pairs of CRC tissue samples from cohort II were tested. Additionally, the methylation levels of DLX6-AS1 were further validated in cohort III, which consisted of 286 CRC patients, 81 AA patients and 81 NAA patients. The characteristics of the participants in each cohort subjected to the tissue-based methylation analysis are shown in Table 1.




Figure 1 | Study flowchart. AA, advanced adenoma; CRC, colorectal cancer; NAA, nonadvanced adenoma.




Table 1 | Basic characteristics of the study participants.



To evaluate the DNA methylation levels in peripheral blood, we randomly sampled 60 CRC patients and 60 adenoma patients with complete tissue-based DNA methylation data from cohort II and cohort III, and 60 healthy controls from a population-based cohort. The DNA methylation status of the same region as measured in tissue samples was tested in each sample of peripheral blood leucocyte DNA. The characteristics of the participants subjected to the peripheral blood-based methylation analysis are shown in Supplementary Table S2.

To evaluate the DNA methylation levels in cfDNA, the DNA methylation data generated by 850K array in 7 cfDNA samples (3 CRCs, 4 healthy controls) were obtained from GEO database (Supplementary Table S1).

To evaluate the influence of DLX6-AS1 methylation on survival, CRC patients with successfully measured DNA methylation data in our cohort II and cohort III were pooled together, and CRC patients with both available methylation data and survival information from the TCGA database were used as an external validation.

CRC patients from Shaoxing People’s Hospital were enrolled between January 2015 and July 2018. Participants with AA or NAA and healthy controls were selected from an ongoing population-based cohort since 1989 in Jiashan County, which has been described previously (11). All participants were ethnic Han Chinese from Zhejiang Province and were pathologically confirmed, with no familial adenomatous polyposis (FAP), no previous history of CRC and no preoperative anticancer treatment. For each participant, histologically confirmed tissue samples, including a colorectal lesion (carcinoma or adenoma) and an adjacent normal mucosa sample, and peripheral blood samples were obtained. The adjacent normal mucosa was collected from the colonic mucosa 5 cm distal from the main neoplasm. Adenomas were classified as AA (any adenoma ≥ 1 cm, high-grade dysplasia, or with tubulovillous or villous histology) and NAA (adenomas < 1 cm without advanced histology) according to current guidelines (20). The TNM staging classification for CRC was determined according to the 7th edition of the American Joint Committee on Cancer (AJCC) cancer staging manual (21).

The study protocol was approved by the Medical Ethics Committee of Zhejiang University School of Medicine. Before basic information and sample collection, written informed consent was obtained from all recruited participants.



DNA Extraction and Bisulfite Modification

Genomic DNA from fresh-frozen samples and peripheral blood leukocytes was isolated using a DNA Tissue Kit (TianLong Biotech, Xi’an, China) and a RelaxGene Blood DNA System (TianGen Biotech, Beijing, China), respectively. Bisulfite treatment was conducted on genomic DNA (500 ng) using the EZ Methylation Gold Kit (Zymo Research, Irvine, CA, USA). All procedures were conducted in accordance with the manufacturer’s instructions.



Illumina Methylation Assay

Genome-wide DNA methylation profiling was analyzed using the 850K array in 12 pairs of cancerous and adjacent normal tissues according to the manufacturer’s instructions as described in a previous study (11). In this study, the raw array data were processed using the ChAMP package in R software for deriving the methylation level, which was generated as beta values (fraction methylation values between 0 and 1). We focused mainly on probes located in the promoter region of lncRNAs, which was defined as 1500 bp upstream and downstream from the transcription start site (TSS). The lncRNA annotation file was obtained from LNCipedia (https://hg19.lncipedia.org/) and the mapping procedure was conducted using the bedtools (22). Probes were selected on the basis of showing a difference in methylation of ≥ 0.20 and an adjusted P value (Benjamini-Hochberg method) < 0.05. To cross-validate the results based on our samples, the eligible methylation data in TCGA and GEO were obtained and analyzed. The detailed procedures of data processing have been supplemented in the Supplementary Methods. Due to the larger coverage of the 850K array as compared to 450K array, the new probes in 850K array were cross-validated by the average beta value of the promoter regions of the target genes in 450K array.



Sequenom MassARRAY EpiTYPER Assay

The methylation levels of particular CpG sites located in the promoter region of candidate genes were verified using MassARRAY EpiTYPER (Sequenom, San Diego, CA). The schematic representation of each candidate gene is provided in the UCSC browser (http://genome.ucsc.edu). The primers were designed using EpiDesigner (http://epidesigner.com, Supplementary Table S3). The analyzed sequences are shown in Supplementary Figures S1–6. In some cases, fragments resulting from the T-cleavage reaction may contain small groups of adjacent CpG sites and are therefore referred to as “CpG units”. CpG sites that were outside of the mass spectrometry analytical window (low or high mass) were filtered out. The mass spectra were collected on a MassARRAY Compact MALDI-TOF system (Sequenom, BioMiao Biological Technology, Beijing, China), and the methylation proportions of individual units on the spectra were generated by EpiTYPER software (Sequenom, San Diego, CA). Methylation levels ranging from 0 (completely nonmethylated) to 1 (fully methylated) are presented. For each gene, CpG unites with missing values in more than 20% of the samples were removed, as well as samples with missing values in more than 20% of CpG unites. The average methylation value of all CpG units was calculated as a representation of the region-specific gene methylation level.



Statistical Analysis

Statistical analyses were performed in R software (version 3.6.2, R Foundation for Statistical Computing, Vienna, Austria). Continuous variables are presented as the mean and standard deviation (SD), and categorical variables are presented as the frequency.

A paired Student’s t test was used to assess the differences in DNA methylation levels between colorectal lesion tissues and paired normal tissues. Analysis of variance (ANOVA) followed by Bonferroni’s posttest was used to examine significant differences between different groups. Pearson correlation analyses were used to evaluate the consistency of DLX6-AS1 methylation levels between peripheral blood and local lesions of the same patients with CRC or adenoma. The performance of the mean methylation level of candidate genes in distinguishing colorectal lesion tissues from their adjacent normal tissues was tested by receiver operating characteristic (ROC) curve analysis, and the area under the curve (AUC), sensitivity, and specificity were calculated. In the survival analysis, we adopted the best Youden index based on the time-dependent ROC curve as an optimal cutoff to dichotomize the study patients into high-risk and low-risk groups. Survival differences between groups were assessed using the Kaplan-Meier test and compared by the log-rank test. Hazard ratios (HRs) and 95% confidence intervals (95% CIs) were calculated by univariate and multivariate Cox proportional hazards regression analyses. The multivariate analysis was adjusted for age, sex and TNM stage. A nomogram was established to predict the 1-, 2-, 3- and 4-year survival for CRC patients. Harrell’s concordance index (C-index) was measured to quantify the discrimination ability of the nomogram, while the calibration curves were used to evaluate whether the predicted survival probabilities were consistent with those observed. All analyses were carried out in a two-sided manner, with a P value < 0.05 regarded as statistically significant.




Results


Discovery of Differentially Methylated lncRNAs From Genome-Wide Profiling

By DNA methylation profiling, a total of 185 differentially methylated CpG sites mapping to the promoter of lncRNAs (all with Padj < 1*10-5 and β difference > 0.20) were identified by the 850K array generated from 12 pairs of colorectal cancerous and adjacent normal tissues, followed by cross-validation using DNA methylation data generated by the 450K array in CRCs from the TCGA database (tumor=393, normal=45) and GEO database (tumor=104, normal=104), respectively (Supplementary Table S4). Among them, 95.14% (176/185) of the identified CpG sites were significantly hypermethylated and 4.86% (9/185) were significantly hypomethylated. The methylation levels for each differentially methylated CpG sites are shown by heat maps (Figure 2). Among the list of CpG sites, we focused on six sites ranking on the top (cg24014202 in DLX6-AS1, cg18323466 in lnc-DPH5-1, cg08430489 in lnc-PRSS2-6, cg17722675 in lnc-RPS12-6, cg00159100 in lnc-SFRP4-2, cg27442308 in SOX21-AS1) for following technical confirmation analysis (Figure 3), which were considered as candidate biomarkers.




Figure 2 | Heat map showing differentially methylated CpG sites mapping to the promoter of lncRNAs between lesion tissues and paired adjacent normal tissues from genome-wide profiling. Methylation profiling using (A) 850K array of our dataset. (B) 450K array from TCGA dataset. (C) 450K array from GEO dataset. Each column represents a sample. Each row represents the methylation level of an individual CpG sites, which is depicted as a color gradient ranging from light yellow (completely nonmethylated) to blue (fully methylated). NAT, histologically normal tissue adjacent to the lesion.






Figure 3 | Methylation of six selected genes in cohort I. Methylation levels of DLX6-AS1, lnc-DPH5-1, lnc-PRSS2-6, lnc-RPS12-6, lnc-SFRP4-2 and SOX21-AS1 in CRC tissues and paired normal tissues are shown for (A) 850K array of our dataset. (B) 450K array of TCGA database. (C) 450K array of GEO database. NAT, histologically normal tissue adjacent to the lesion.





Confirmation of Promoter Hypermethylation Status Using MassARRAY EpiTYPER

To confirm the above findings, target regions covering the identified CpG units in the promoter of the above 6 candidate genes were amplified in 48 CRCs by MassARRAY EpiTYPER in cohort II. The methylation levels of the mean and individual CpG units for each gene, which were significantly higher in colorectal cancerous tissues than in adjacent normal tissues, are shown in bar plots (Figures 4A–F). Specifically, the increases in methylation status between cancerous and paired normal mucosa were found in 95.83% (46/48), 79.17% (38/48), 100% (42/42), 93.75% (45/48), 80.43% (37/46) and 91.67% (44/48) of CRCs, respectively, for DLX6-AS1, lnc-DPH5-1, lnc-PRSS2-6, lnc-RPS12-6, lnc-SFRP4-2 and SOX21-AS1 (Supplementary Figure S7).




Figure 4 | Methylation status of six selected candidates quantified by MassARRAY EpiTYPER among CRC patients in cohort II. Quantifications are shown for methylation levels of (A) DLX6-AS1, (B) lnc-DPH5-1, (C) lnc-PRSS2-6, (D) lnc-RPS12-6, (E) lnc-SFRP4-2 and (F) SOX21-AS1. (G) The discriminative ability of the six selected genes between CRC tissues and adjacent normal tissues by ROC analysis. NAT, histologically normal tissue adjacent to the lesion.



ROC curve analyses revealed that methylation status of each individual genes could significantly distinguish primary carcinoma from adjacent normal mucosa, as measured by AUC value (DLX6-AS1: 0.941; lnc-DPH5-1: 0.833; lnc-PRSS2-6: 0.913; lnc-RPS12-6: 0.916; lnc-SFRP4-2: 0.830; SOX21-AS1: 0.921) (Figure 4G). Among them, DLX6-AS1 showed a high discriminative performance and was therefore chosen for further validation.



Elucidation of the Aberrant DLX6-AS1 Methylation Pattern During Colorectal Neoplastic Progression

To elucidate the DLX6-AS1 methylation pattern during colorectal neoplastic progression, the methylation status was assessed in colorectal lesion tissues and adjacent normal tissues from 286 CRCs, 81 AAs and 81 NAAs in cohort III with MassARRAY EpiTYPER. Among them, 433 histologically confirmed colorectal lesion tissues (283 CRCs, 76 AAs and 74 NAAs) and 441 adjacent normal tissues (284 CRCs, 80 AAs and 77 NAAs) were successfully measured. DLX6-AS1 hypermethylation was detected at all stages of colorectal neoplasms, even as early as the NAA stage. Compared to their adjacent normal tissues, 94.31% (265/281) of CRCs, 85.33% (64/75) of AAs and 80.00% (56/70) of NAAs presented higher DLX6-AS1 methylation levels, with statistically significant differences (all P < 0.001) (Figure 5 and Supplementary Figure S8). The mean DLX6-AS1 methylation levels could distinguish primary lesions from their adjacent normal mucosa, with AUC values of 0.944 (95% CI: 0.922-0.962), 0.811 (95% CI: 0.739-0.870) and 0.767 (95% CI: 0.688-0.834) for CRC, AA and NAA, respectively (Figure 5). When comparing the DLX6-AS1 methylation levels between different stages of colorectal lesions (Table 2), the DLX6-AS1 promoter was revealed to be significantly hypermethylated between CRC vs. NAA (P < 0.001) and AA vs. NAA (P = 0.004) but not between CRC vs. AA (P = 1.000).




Figure 5 | Methylation levels of DLX6-AS1 quantified by MassARRAY EpiTYPER in cohort III and its discriminative ability. (A) Colorectal cancer (n = 281). (B) Advanced adenoma (n = 75). (C) Nonadvanced adenoma (n = 70). NAT, histologically normal tissue adjacent to the lesion.




Table 2 | DLX6-AS1 methylation differences between colorectal cancer, advanced adenoma and nonadvanced adenoma patients.





Evaluation of DLX6-AS1 Methylation Levels in Peripheral Blood and Their Consistency With Local Colorectal Lesions

To evaluate the potential of DLX6-AS1 methylation as a noninvasive biomarker for the diagnosis of colorectal neoplasms, DLX6-AS1 methylation levels were measured in the peripheral leucocyte DNA of 60 CRC patients, 60 adenoma patients and 60 healthy controls. However, there were no significant differences in peripheral blood-based DLX6-AS1 methylation levels in multiple comparisons between CRC patients, adenoma patients and healthy controls (Supplementary Table S5). Even though some CpG units, such as CpG_2.3, reached a statistically significant level (P = 0.017), the methylation levels did not differ much across the different groups. When evaluating the consistency between peripheral blood and local lesions from the same patients (Supplementary Table S6), the Pearson correlation analysis showed poor correlations between matched peripheral blood and local lesions (P = 0.362 for CRCs and 0.893 for adenomas, respectively, in average methylation levels).



DLX6-AS1 Methylation in Cell-Free DNA Samples From Colorectal Cancer

To identify the methylation status of the DLX6-AS1 promoter in cfDNA of CRC patients, we analyzed the methylation data generated by the 850K array in cfDNA from 3 CRC patients and 4 healthy controls in GEO dataset. Among the available 35 CpG sites in the promoter of DLX6-AS1, 18 significantly hypermethylated CpG sites were identified (ß difference > 0.20 and Padj < 0.05). The mean methylation values were 0.40 and 0.16 in CRC patients and healthy controls, respectively (Padj = 0.003). Details of the results are presented in Supplementary Figure S9.



Analysis of the Association of the DLX6-AS1 Methylation Status With CRC Prognosis

331 CRC patients with DNA methylation successfully measured by MassARRAY EpiTYPER were included. During follow-up, there were 53 CRC-specific deaths, and the median follow-up time was 3.60 years. Kaplan-Meier analysis revealed that patients with a high DLX6-AS1 methylation status had poorer disease-specific survival (DSS) rates than those with a low methylation status (P = 0.017, Figure 6A). A multivariate Cox regression model considering the most relevant risk factors, including age, sex and TNM stage, confirmed that DLX6-AS1 methylation was an independent prognostic biomarker for poorer DSS (HR = 2.52, 95% CI: 1.35-4.69, P = 0.004, Figure 6B). This unfavorable effect was also identified in most individual CpG units, among which CpG_22 was the strongest indicator both in univariate regression model (HR = 2.67, 95% CI: 1.45-4.92, P = 0.002) (Figure 6C) and multivariate regression model (HR = 3.97, 95% CI: 2.08-7.57, P < 0.001) (Figure 6D). External validation based on additional 379 CRC patients (1.86 years of median follow-up time, 86 overall deaths) from the TCGA database confirmed the poorer prognosis with hypermethylated DLX6-AS1 (P = 0.007), and the HR (95%CI) for overall survival (OS) by multivariate Cox proportional hazards regression model was 1.64 (1.02-2.64, P = 0.042) (Supplementary Figure S10).




Figure 6 | Associations between DLX6-AS1 methylation levels and CRC-specific survival. (A) Kaplan-Meier estimation of the disease-specific survival of the entire set of CRC patients (N = 331) using the mean methylation levels of DLX6-AS1. The blue line indicates the group with a high methylation level. The red line indicates the group with a low methylation level. (B) Univariate and multivariate Cox regression analysis with the mean methylation level. Multivariate Cox regression analysis were adjusted for age, sex and TNM stage. (C) Univariate Cox regression analysis with the methylation status of individual CpG units within DLX6-AS1 promoter. (D) Multivariate Cox regression analysis with the methylation status of individual CpG units within DLX6-AS1 promoter. Orange solid dots represent the point estimation of the hazard ratio (HR) of disease-specific death, and the open-ended horizontal lines represent the 95% confidence intervals (CIs).





Construction of a Nomogram Model to Predict the Survival

We further built a nomogram, including the methylation status of DLX6-AS1 and clinical factors (age, gender, and TNM stage). The nomogram served as an individual’s prognostic predictor to predict the probability of disease-specific survival with 1-, 2-, 3-, and 4-year for CRC patients (Figure 7A). The C-index of the nomogram for predicting the DSS of CRC patients was 0.789 (95%CI: 0.681-0.897), and calibration curves for the 1-, 2-, 3-, and 4-year survival probability demonstrated optimal agreement between the prediction and actual observation (Figures 7B–E). Similar results were observed in the TCGA dataset (Supplementary Figures S11).




Figure 7 | Establishment of a nomogram for survival prediction in our dataset. (A) Nomogram to predict the 1-, 2-, 3-, and 4-year survival of CRC patients. Calibration curves of (B) 1-year, (C) 2-year, (D) 3-year, and (E) 4-year survival nomogram model. The gray line represents the ideal predictive model, and the red line represents the observed model.






Discussion

In this study, we performed a comprehensive DNA methylation profiling of lncRNAs in CRC and identified the novel methylated lncRNA, DLX6-AS1, as a promising biomarker. We validated the hypermethylation of DLX6-AS1 in CRC, and further elucidated that the hypermethylation occurred since the NAA stage during multiple steps of the adenoma-carcinoma sequence. Further comparisons revealed that DLX6-AS1 methylation was able to differentiate between CRC vs. NAA and AA vs. NAA. Moreover, the DLX6-AS1 promoter hypermethylation was also identified in cfDNA of CRC patients as compared to healthy controls. Finally, survival analysis demonstrated DLX6-AS1 hypermethylation as an independent predictor of poorer DSS and OS for CRC patients, and nomograms were constructed to predict the survival probability of individual CRC patients.

Most sporadic CRCs develop from dysplastic adenomas over a long time (2). This provides a desirable opportunity to detect CRC at an early curable stage and to screen for potentially premalignant lesions (23). Aberrant DNA promoter methylation has previously been revealed to be an early event in CRC development (24). For example, by conducting a series of genome-wide DNA methylation assays among 20 normal and pre-CRC samples, including 18 low-grade adenomas and 22 high-grade adenomas, Fan et al. found that the methylation alterations detected in low-grade adenoma were maintained or increased in high-grade adenoma and cancer (25). Several studies on DNA methylation biomarkers tested in fecal (26, 27) and blood (28, 29) samples indicated the potential of epigenetic biomarkers for early CRC diagnosis. The present study showed that DLX6-AS1 hypermethylation was detectable since the NAA stage during colorectal neoplastic progression, suggesting that this epigenetic change is a candidate driver of tumor progression. Thus, DLX6-AS1 hypermethylation might be a promising biomarker for the early detection and risk assessment of CRC.

It should be kept in mind that different histological adenomas differ in the risk of colorectal neoplastic progression (30). Based on a prospective cohort study, Click et al. revealed that patients with AA carried a higher risk of developing CRC than patients with NAA (31). To date, molecularly defined colorectal adenomas at high risk of progressing to CRC are limited (32). At the epigenetic level, Semaan et al. identified varied differences in SEPT9 and SHOX2 methylation levels among CRC, AA and NAA tissues (10). The present study revealed significant differences in DLX6-AS1 methylation levels between CRC vs. NAA and AA vs. NAA. However, no significant differences in methylation levels were identified between AA and CRC, thus indicating that the biological processes inherent to CRC might probably be more active in AA than in NAA. These epigenetic features might be used to help characterize patients at a high risk for malignancy in the future.

Growing efforts have been made to identify noninvasive biomarkers for the early detection of CRC (33–35). Based on peripheral blood, Heiss et al. (36) reported the leukocyte DNA methylation of KIAA1549L and the leukocyte DNA methylation of BCL2 as potential biomarkers for early CRC diagnosis. In the present study, we did not find significant differences in peripheral blood-based DLX6-AS1 methylation levels between CRC patients, adenoma patients and healthy controls. Thus, the potential of this methylation marker in peripheral blood for early diagnosis requires further investigation. In fact, it remains controversial whether the DNA methylation alterations in peripheral blood are actually a response of the hematopoietic systems to tumor development (37). Another point of controversy to mention is whether the DNA methylation status measured in peripheral blood leukocytes could reflect the methylation status of local tumor lesions (38). To address this controversy, we then compared the methylation levels of DLX6-AS1 between matched peripheral blood and local lesions. However, the lack of a correlation between them in the present study provides little evidence for the tissue origin of leukocyte methylation. These results indicate a distinct tissue-specific pattern of DNA methylation in CRC. As cfDNA is tumor derived and carries cancer-specific genetic and epigenetic aberrations (28, 39), we then observed the DLX6-AS1 hypermethylation in the cfDNA samples from CRC patients as compared to healthy controls. Altogether, the methylation changes identified in our study might suggest a potential target for the study of cfDNA methylation for early cancer detection and tissue-of-origin mapping for metastases.

In clinical practice, CRC patient prognosis relies mostly on pathological staging according to the TNM system (40, 41). However, there are considerable variations in survival among individuals with the same staging (42), underlining the need for additional prognostic and predictive molecular markers. Here, we identified that DLX6-AS1 methylation was associated with CRC-specific survival. Importantly, the identified methylation signature was independent of classical prognostic risk factors and could therefore be of added value when implemented in the clinic. DLX6-AS1 was reported to participate in tumor progression independently or interactively with different targets (43, 44). For instance, Zhang et al. reported that DLX6-AS1 promotes CRC cell proliferation, invasion and migration by modulating the PI3K/AKT/mTOR pathway (43). Another study carried out by Wang et al. suggested that DLX6-AS1 plays an oncogenic role in bladder cancer through the miR-195-5p-mediated VEGFA/Ras/Raf/MEK/ERK pathway (44). More recently, Liang et al. revealed that high DLX6-AS1 expression was associated with the poor clinical prognosis of gastric cancer (45), indicating its potential roles in cancer prognosis. Our study showed DLX6-AS1 methylation to be associated with CRC-specific survival for the first time. Besides, the nomogram was generated to predict the survival probability of individual CRC patients and the calibration plots indicated that the predicted survival was consistent with the observed survival.The findings from this study indicate the potential importance of DNA methylation in CRC prognosis and provide clues to help improve clinical decision-making precision in the future.

We are aware of several limitations of this study. First, a direct explanation for the associations between DNA methylation and gene expression were limited since we are currently unable to measure the matched DLX6-AS1 expression levels. Second, although hypermethylation of DLX6-AS1 was observed in cfDNA samples by the 850K array in GEO database, further studies are needed taking into consideration of the low proportion of circulating tumor DNA in cfDNA and the currently very limited sample size. Third, as the follow-up in our study was relatively short, studies with longer clinical surveillance are warranted to bolster the reliability of the identified potential prognostic methylation biomarker. Last, although we found that the aberrant methylation of DLX6-AS1 might serve as a potential biomarker for CRC progression and prognosis, external validation with larger and diverse study populations is still required to further confirm the clinical value of DLX6-AS1 methylation in CRC.

In summary, based on a systematic evaluation of the DNA methylation pattern of lncRNAs in CRCs by genome-wide methylation profiling, the current study is the first to identify that the promoter region of DLX6-AS1 was hypermethylated in CRC and its premalignant lesions. We additionally revealed that hypermethylation was independently associated with poorer DSS and OS in CRC patients. Thus, DLX6-AS1 hypermethylation might occur at an early stage during colorectal carcinogenesis and has the potential to be a biomarker for the progression and prognosis of CRC.
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Background

Left- and right-sided colorectal cancer (LCRC, RCRC) are significantly different in epidemiology and clinical manifestations and have altered outcomes. However, as a hot tumor prognostic marker, the role of ferroptosis-related genes (FRGs) in LCRC and RCRC is unknown.



Methods

From The Cancer Genome Atlas (TCGA) database, we downloaded the expression profiles of CRC patients. A “DESeq2” package was performed to compare the differentially expressed genes (DEGs) of LCRC and RCRC. FRGs were identified using the FerrDb. The prognostic value of differentially expressed FRG (DE-FRG) in left- and right-CRC was assessed separately by Cox regression analysis. Subsequently, functional enrichment analysis, ESTIMATE, and single sample Gene Set Enrichment Analysis (ssGSEA) were performed based on LCRC and RCRC samples to reveal the potential function of FRGs-related risk signatures. The differential expression of FRGs in tumor tissues and adjacent normal tissues were verified by Western blot. The differential expression and prognosis in LCC and RCC were verified by immunohistochemistry.



Results

Based on the identified 14 DE-FRGs, the LCRC prognostic model consisted of NOS2 and IFNG; NOS2 and ALOXE established the prognostic signature that could distinguish RCRC outcomes. In the functional analysis, the DEGs (high risk vs. low risk) of the LCRC and RCRC were significantly enriched in the immune- and lipid-related terms and pathways. ESTIMATE and ssGSEA suggested that these FRGs-related risk signatures were affiliated with the infiltration of immune cell subtypes. Western blotting results showed that NOS2 and ALOXE3 were significantly highly expressed in cancer, and the difference was statistically significant (P < 0.05). Immunohistochemical results showed that ALOXE3 was highly expressed in RCC, and those with high expression had a worse prognosis, while NOS2 gene had an effect on the prognosis of both LCC and RCC.



Conclusion

This study constructed a potential prognostic model of LCRC and RCRC, respectively. We also identified the crucial pathways that contribute to elucidating the pathogenesis of CRC.





Keywords: The Cancer Genome Atlas (TCGA), colorectal cancer (CRC), left- and right-sided, prognosis, ferroptosis-related genes (FRGs)



1 Introduction

Colorectal cancer (CRC) is the third most common cancer worldwide and also a fatal disease. Although the mortality rate of CRC has been declining since 1990, it still remains at approximately 1.7-1.9% (1). According to the origin of the lesion, the disease can be divided into right-sided colorectal cancer (RCRC) and left-sided colorectal cancer (LCRC) (2). RCRC derives from the midgut including the cecum, ascending colon, and transverse colon. In contrast, LCRC derives from the hindgut mainly composed of splenic flexure, rectum, descending colon and sigmoid colon (3). In recent years, the difference between LCRC and RCRC has attracted increasing attention.

Studies have shown evident difference between LCRC and RCRC in terms of epidemiology, pathology, clinical manifestations, survival rates and gene mutations. In the 1990s, published research showed that the 5-year overall survival (OS) of LCRC and RCRC were different, namely 56.3% and 59.7% (4). In 2000, the rates increased to 67% and 71%, respectively (p < 0.01) (5). This change may be attributed to the development of adjuvant and palliative chemotherapy in the treatment of CRC. A previous study reported that the disease-free survival rate for LCRC and RCRC after radical surgery is similar (6), and the survival benefit from adjuvant chemotherapy is affected by the stage and tumor location. For stage II CRC, adjuvant chemotherapy cannot improve the OS for either LCRC or RCRC but for stage III CRC, it can reduce the risk of death for LCRC and RCRC by 36% and 39%, respectively (7). After palliative chemotherapy, the survival time of metastatic LCRC is longer than that of RCRC. There are more adverse prognostic factors for RCRC, including poor differentiation, late stage, and aggressive histological types, which lead to poor treatment outcomes in patients with RCRC (8–10). But so far, the specific mechanism of the huge difference between LCRC and RCRC is still unclear.

Ferroptosis is an iron-dependent form of nonapoptotic cell death, which is driven by excessive accumulation of lipid peroxides (11). In recent years, iron-induced cell death has become a promising treatment that can trigger cancer cell death, especially for patients with malignant tumors that are resistant to traditional therapies (12, 13). At present, there is no report clearly pointing out that FRGs have a prognostic role in LCRC and RCRC.

The Cancer Genome Atlas (TCGA) is a public funded project that aims to provide public available datasets (14). In this study, we obtained the transcriptome and corresponding clinical information of CRC samples from TCGA database. Through univariate and multivariate Cox regression analyses, gene signatures with strong prognostic efficacy were constructed for LCRC and RCRC respectively. At the same time, we explored the correlation between risk score and the clinical characteristics of LCRC and RCRC. Unfortunately, there seems no close correlation between the two. Additionally, we analyzed the relationship between FRG-related risk signatures and immune cell infiltration in LCRC and RCRC by ssGSEA and ESTIMATE analyses. Moreover, the differentially expressed genes (DEGs) in LCRC and RCRC were screened for the first time based on the high- and low-risk groups. Following Kyoto encyclopedia of genes and genomes (KEGG) and gene ontology (GO) enrichment analyses, the DEGs between the high- and low-risk groups were found to be involved in the peroxisome proliferator-activated receptor (PPAR) signaling pathway. This study aims to elucidate the effect of FRGs on the prognosis of LCRC and RCRC, and provide novel prognostic markers NOS2, IFNG and ALOXE3.



2 Materials and Methods


2.1 Data Sources

Clinical information, mutation profiles, and mRNA expression data for CRC patients were available for download from TCGA (https://portal.gdc.cancer.gov/). Among them, there were 497 samples of transcriptome data, 41 normal samples, and 456 tumor samples. According to the ‘site of resection or biopsy’ information, we classified patients from the hind intestine (including splenic flexure, rectum, descending colon, and sigmoid colon) as LCRC patients (n = 228), while the lesions of the patient including the cecum, ascending colon, and transverse colon were identified as the RCRC (n = 198).

FRGs were obtained using FerrDb (http://www.zhounan.org/ferrdb/) to identify prognostically relevant FRGs in CRC.



2.2 DEGs Analyses

In our study, the ‘edgeR’ package was employed to analyze tissue samples from TCGA-CRC dataset, including LCRC vs. RCRC, the high-risk group in LCRC vs. low-risk group in LCRC, and high-risk group in RCRC vs. low-risk group in RCRC (14). Genes fulfilling P < 0.05 and |log2 fold change (FC)| > 0.5 were deemed to be DEGs (LCRC vs. RCRC) (Supplementary Table 1). The overlapping genes between DEGs (LCRC vs. RCRC) and the above FRGs were then identified as DE-FRG. While the choice criterion for the DEGs (high-risk group in LCRC/RCRC vs. low-risk group in LCRC/RCRC) contained the P < 0.05 and |log2FC| > 1 (Supplementary Tables 2, 3).



2.3 Structuring and Validating Risk Scoring System

Here, to ensure the availability of CRC samples, 9 patients with lack of survival data and a survival time of 0 were excluded from the LCRC (n=228), and a total of 219 LCRC patients were used in the follow-up analysis; for right-sided CRC patients, 12 of 198 samples with missing survival information and a survival time of 0 were excluded, and the remaining 186 were included in the follow-up analysis. Simultaneously, using the ‘set.seed’ R package, LCRC patients were randomly divided into a training cohort (n = 153) and a testing cohort (n = 66) based on a 7:3 ratio; similarly, the RCRC samples were randomly divided into a training cohort of 130 and a validation cohort of 56 samples as described above.

To construct the risk signature based on DE-FRGs, univariate Cox regression analysis was used to evaluate the association between individual DE-FRGs and patients’ OS in the LCRC and RCRC training cohorts. Then, those DE-FRGs that were significant (P < 0.2) were combined in a stepwise multivariate Cox regression analysis to determine the best variables for constructing the risk signature. Risk scores (15)were defined as follows:

	

Risk scores were calculated for each sample in the training, testing, and overall cohorts, and the median risk score in the respective cohort was used as a cut-off value to classify the samples into high- and low-risk groups. The Kaplan-Meier curves performed by the ‘survival’ R package were used to compare the OS of patients in the high- and low-risk groups. Besides, ROC curve analysis was performed with the ‘timeROC’ R package to enable the assessment of the prognostic efficacy of two DE-FRG-based risk signatures.



2.4 Construction of the Nomogram

We integrated risk scores and clinical indicators into univariate and multivariate Cox regression analyses to identify independent prognostic factors for CRC. Nomograms were then plotted to construct nomogram models to assess their predictive power for the prognosis of CRC patients. By drawing a calibration chart and the clinical decision curve analysis (DCA) to evaluate the predictive effect of the nomogram. Also, correlations between patient age, gender, ajcc pathologic t, ajcc pathologic n, ajcc pathologic m, ajcc pathologic stage, and DE-FRGs-related risk score were assessed in the overall LCRC and RCRC patient cohorts.



2.5 Functional Enrichment Analysis

We conducted the Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses for DEGs (high-risk group in LCRC/RCRC vs. low-risk group in LCRC/RCRC) with ‘clusterProfiler’, ‘ggplot2’, and ‘enrichplot’ packages. P < 0.05 was set as the cut-off criterion for the significant enrichment.



2.6 Immune Landscape Analysis Based on Prognostic Signatures

The ESTIMATE algorithm estimates the proportion of immune cells and stromal cells in the TME of each sample in the form of three scores (ImmuneScore, StromalScore and ESTIMATEScore). The higher the score, the greater the proportion of the corresponding component in the TME of that sample. Besides, ssGSEA was utilized to characterize the extent of infiltration of 28 immune cell subtypes between high- and low-risk groups. The P < 0.05 indicated statistical significance.



2.7 Main Reagents

NOS2 antibody (Biogot, WB dilution 1:500, IHC-P dilution 1:100), ALOXE3 antibody (Biogot, WB dilution 1:1000), ALOXE3 (Bioss, IHC-P dilution 1:200), β-actin antibody (Biogot, dilution 1:5000), tissue protein extraction kit (Bestbio), animal tissue RNA stable preservation solution (Beyotime), BCA protein concentration assay kit (Beyotime), high-sensitivity ECL chemiluminescence kit, universal SP kit (ZSGB-BIO), DAB chromogenic kit (ZSGB-BIO).



2.8 Western Blotting and Immunohistochemistry


2.8.1 Western Blotting

The required tissue homogenate was extracted by tissue protein extraction kit, lysed on ice throughout, centrifuged at 12 000 r/min for 10 min at 4°C, and the supernatant was collected, that is, the required total protein. After protein quantification by BCA, it was mixed with 5 × protein buffer, boiled in a bath for 5 min, and dispensed and stored in a − 20°C refrigerator. Proteins were separated by SDS-PAGE gel electrophoresis, then transferred to PVDF membranes for 2 h, blocked with 5% skim milk at room temperature for 1 h, and incubated with primary antibodies at 4° C overnight. Every other day the membranes were washed with TBST three times and incubated with secondary antibodies for 1h, then washed three times again and detected by autoradiography.



2.8.2 Expression Quantity Detected by Immunohistochemistry

Pathological sections were baked at 60°C for 2 h. They were successively deparaffinized in xylene, gradient alcohol, double-distilled water, PBS solution, and repaired at high temperature in a microwave oven. Then the sections were bathed in blocking agent of the universal SP kit, and incubated at 4°C overnight. Subsequently, washed with PBS three times and the secondary antibody was applied for 15 min. Then, sections were developed with horseradish peroxidase (HRP) and diaminobenzidine (DAB), counterstained with hematoxylin, differentiated with hydrochloric acid ethanol, rinsed with running water, and then hydrated with gradient alcohol and xylene, and mounted with neutral balsam. After that, a microscopic examination was performed.




2.9 Statistical Analysis

Statistical significance for variables between two groups or more than two groups was estimated by t-tests, Wilcoxon tests, or Kruskal-Wallis respectively. All statistical analyses were performed with R software. R is a language and environment for statistical computing and graphics. It is a GNU project which is similar to the S language and environment which was developed at Bell Laboratories (formerly AT&T, now Lucent Technologies) by John Chambers and colleagues (https://www.r-project.org/about.html). Statistical significance was set at probability values of P < 0.05. Statistical analysis was performed with the statistical software package SPSS 25.0, Graphpad Prism 9.0 and imageJ. Kaplan-Meier survival analysis and the Log rank test were used to plot the survival curve and compare the survival time, test level α = 0.05. The comparison between the means of two independent samples was performed using the t-test; ANOVA was performed to compare the differences in means between multiple groups, and P < 0.05 was considered statistically significant.




3 Results


3.1 Identification of DE-FRGs Between LCRC and RCRC

For the TCGA data, gene expression in LCRC was compared with that in RCRC. A total of 3299 DEGs were identified (|log2FC| > 0.5, P  <  0.05), which included 1533 upregulated and 1766 downregulated genes (Figure 1A). 14 DE-FRGs overlapped across the TCGA gene expression series and FRGs set (Figure 1B), including 9 genes (containing CA9, IFNG, NOS2, MUC1, MIOX, ALOXE3, DPP4, BLOC1S5-TXNDC5, and DRD5) highly expressed in RCRC and 5 genes (containing PLIN4, PRKAA2, BNIP3, MT3, and ALB) highly expressed in LCRC (Table 1). Subsequently, the expression values of DE-FRGs were hierarchically clustered, and the result was presented in the form of a heatmap (Figure 1C).




Figure 1 | Expression pattern of FRGs between LCRC and RCRC patients. (A) The volcano plots of 3299 DEGs between LCRC and RCRC samples in TCGA database, with the cut-off criteria of |log2 FC| > 0.5 and P < 0.05. Red plots: upregulation; blue plots: downregulation; gray plots: normally expressed genes. (B) The Venn diagram shows the intersecting genes from DEGs and FRGs. Blue area: FRGs; yellow area: DEGs; cross area: DE-FRGs. (C) The heatmap of 14 DE-FRGs between LCRC and RCRC groups. Genes with higher expression were shown in red, while lower expressions were shown in green.




Table 1 | 14 DE-FRGs expression results in left- and right- colorectal cancer.





3.2 Identification of Prognosis Signatures for LCRC and RCRC

We randomly divided 219 LCRC samples and the corresponding clinical data into a training set (n = 153) and a test set (n = 66) according to the ratio of 7:3. Similarly, 186 RCRC samples were also randomly divided into a training set (n = 130) and a test set (n = 56).

Based on the TCGA-CRC database, we performed univariate Cox regression analysis in the LCRC-training set and RCRC-training set for the 14 DE-FRGs mentioned above to investigate whether these genes were associated with OS in LCRC/RCRC patients (P < 0.2). The results showed that MIOX, NOS2, and IFNG among the 14 DE-FRGs were associated with OS in LCRC patients; for RCRC patients, NOS2 and ALOXE3 were the two DE-FRGs associated with their OS. Subsequently, we implemented a stepwise regression multivariate Cox analysis in the LCRC- and RCRC-training sets based on the identified DE-FRGs associated with OS in LCRC/RCRC patients to screen the best DE-FRGs for constructing prognostic models for LCRC and RCRC. The results showed that the best DE-FRGs for predicting OS in LCRC patients were NOS2 and IFNG (P < 0.05); the optimal prognostic genes for RCRC were NOS2 and ALOXE3 (P < 0.05). The results of univariate and multivariate Cox regression analyses in the LCRC-training set and RCRC-training set were presented as forest plots and could be reviewed in Figures 2A, 3A.




Figure 2 | Construction and evaluation of NOS2 and IFNG-based prognostic signature in the LCRC-training set. (A) Results of the univariate (top) and multivariate (bottom) Cox regression analysis regarding OS in the LCRC-training cohort. (B) The risk curve based on the risk score of each sample (top). The scatterplot based on the survival status of each sample (middle). The green and red dots represent survival and death, respectively. The heatmap displayed the expression levels of DE-FRGs in the high‐risk and low‐risk groups (bottom). (C) Kaplan‐Meier survival analysis of the high‐risk and low‐risk groups based on the risk model and median risk score. (D) AUC of time-dependent ROC curves verified the prognostic performance of the risk score in the LCRC-training cohort.






Figure 3 | Prognostic analysis of the 2-gene signature model in the RCRC-training cohort. (A) Forest plot of the relationship between DE-FRGs and OS of patients with RCRC by univariate (top) and multivariate (bottom) Cox regression analysis. (B) The Distributions of risk scores (top), survival statuses of patients in low‐risk and high‐risk groups (middle), and two‐gene expression profiles of each patient (bottom). (C). Kaplan-Meier curves for the OS of patients in the high-risk group and low-risk group in the RCRC-training cohort. (D) The ROC analysis of RCRC-training cohort for survival prediction by DE-FRGs-based signature.



Expression data of these genes were introduced into the risk score equation mentioned in the methods. According to the median value of the risk score, the LCRC and RCRC cases of the corresponding training set were assigned into a low-risk group and a high-risk group. The risk curves suggest that an increase in patient (LCRC and RCRC) risk scores contributed to the clustering of deaths (Figures 2B, 3B). K-M survival curves indicated that patients with LCRC (n = 77) and RCRC (n = 65) in the low-risk group had significantly better OS than patients of LCRC (n = 76; P = 0.048; Figure 2C) and RCRC (n = 65; P = 0.0089; Figure 3C) who had a high-risk score. Next, we observed the sensitivity and specificity of the risk scoring system for predicting the OS of LCRC and RCRC patients from 1 to 5 years by ROC curves. In the LCRC-training set, the AUCs of the risk scoring system consisting of NOS2 and IFNG in predicting the OS of LCRC patients at 1 to 5 years were 0.662, 0.550, 0.592, 0.642, and 0.642, respectively (Figure 2D). In the RCRC-training set, the risk score based on NOS2 and ALOXE3 had an AUC of 0.641 for 1-year OS, 0.711 for 2-year OS, 0.734 for 3-year OS, 0.733 for 4-year OS, and 0.725 for 5-year OS in RCRC patients (Figure 3D). NOS2 is expressed higher in the low-risk group, while ALOXE3 expressed higher in the high-risk group. Consistently, in both the LCRC- and RCRC-test sets, a higher risk score (n LCRC high-risk group = 33; n RCRC high-risk group = 28) implied more deaths and a poorer clinical outcome (poorer OS) compared with low-risk LCRC (n = 33) and RCRC (n = 28) patients. The prognostic signature of LCRC based on 2 DE-FRGs (NOS2 and IFNG) had AUCs of 0.662, 0.550, 0.592, 0.642, and 0.642 in the LCRC-test set for predicting patients’ OS at 1, 2, 3, 4, and 5 years, respectively. In the RCRC-test set, the efficiency of NOS2 and ALOXE3-based prognostic features of RCRC in predicting patients’ OS from 1 to 5 years was 0.641, 0.711, 0.734, 0.733, and 0.725, respectively. NOS2 is expressed higher in the left- and right-colorectal cancer low-risk group. On the contrary, IFNG is higher expressed in the left-colorectal cancer high-risk group, while Aloxe3 is more highly expressed in the right-colorectal cancer high-risk group.



3.3 Validation of Prognosis Signatures in the Entire TCGA-LCRC/RCRC Datasets

To confirm our findings, we validated our two signatures in the entire LCRC and RCRC cohorts. By using the same risk formula, we classified LCRC patients into high-risk (n = 109) or low-risk group (n = 110) using the median score of the entire LCRC cohort as the cutoff point. While there were 93 cases in both the high- and low-risk groups of RCRC patients. The risk curves were plotted separately for the entire LCRC and RCRC groups to illustrate the risk scores and survival status of each subject, meanwhile, the expression patterns of prognostic genes in the whole LCRC group and the whole RCRC group were demonstrated in the heatmaps (Figures 4A, 5A). The classification of the entire LCRC and RCRC cohorts based on risk scores by Kaplan-Meier analysis yielded similar results of poor prognosis for LCRC and RCRC patients in the high-risk group compared with the low-risk group (log-rank test P < 0.05; Figures 4B, 5B). The AUCs of the ROC curves for the 2-gene signature based on NOS2 and IFNG were 0.693 (1-year OS), 0.611 (2-year OS), 0.602 (3-year OS), 0.660 (4-year OS), and 0.605 (5-year OS), respectively, in the entire LCRC dataset (Figure 4C). In the entire RCRC dataset, the prognostic signature consisting of NOS2 and ALOXE3 had AUCs of 0.650, 0.694, 0.710, 0.709, and 0.693 in predicting 1 to 5-year OS in RCRC patients, respectively (Figure 5C). The above evidence demonstrated that the LCRC prognostic signature consisting of NOS2 and IFNG and the 2-gene signature of RCRC based on NOS2 and ALOXE3 were able to predict clinical outcomes in CRC patients with tolerable confidence.




Figure 4 | Validation of the 2-gene signature in the whole TCGA-LCRC cohort. (A) Distribution of the risk score, the associated survival data, and the mRNA expression heat map in the whole TCGA-LCRC cohort. (B) Kaplan-Meier plot for OS based on risk score of the two gene-based signature of patients with LCRC in the whole TCGA-LCRC cohort. (C) AUC of time-dependent ROC curves in the whole TCGA-LCRC cohort.






Figure 5 | Validation of the 2-gene signature in the whole TCGA-RCRC cohort. (A) Distribution of the risk score, the associated survival data, and the mRNA expression heat map in the whole TCGA-RCRC cohort. (B) Kaplan-Meier plot for OS based on risk score of the two gene-based signature of patients with RCRC in the whole TCGA-RCRC cohort. (C) AUC of time-dependent ROC curves in the whole TCGA-RCRC cohort.





3.4 The Gene Signatures Were an Independent Predictor of the LCRC and RCRC Prognosis

Cox regression analysis was performed to observe whether the prognostic models of LCRC and RCRC could influence the OS of patients in the presence of multiple clinicopathological characteristic factors (including age, gender, ajcc pathologic t, ajcc pathologic n, ajcc pathologic m, and ajcc pathologic stage). Univariate Cox regression analysis showed that for LCRC patients, risk scores, ajcc pathologic n, ajcc pathologic t, and ajcc pathologic stage were significantly associated with patient OS (P < 0.05; Figure 6A); besides, ajcc pathologic t, ajcc pathologic n, ajcc pathologic m, and ajcc pathologic stage were identified as factors associated with OS in patients with RCRC (P < 0.05; Figure 7A). Multivariate Cox analysis pointed out that risk score (P = 0.008) was an independent prognostic factor for LCRC patients (Figure 6A), whereas independent prognostic factors for RCRC patients were ajcc pathologic m (P = 0.043) and ajcc pathologic stage (P = 0.005) (Figure 7A). Subsequently, we constructed a Nomogram predicting 1, 3, and 5-year OS in LCRC patients based on the risk scores of LCRC patients (Figure 6B). The higher the total points in the Nomogram, the worse the prognosis of the patient. The calibration curve assessed the predictive validity of the nomogram model for 1, 3, and 5-year OS in LCRC patients. The results suggested that we may have overestimated the ability of the risk score-based Nomogram to assess the prognosis of LCRC patients (Figure 6C). However, the Nomogram (Figure 7B) model constructed based on independent prognostic factors for RCRC (ajcc pathologic m and ajcc pathologic stage) had the similar performance to the ideal model (slope = 1) (Figure 7C). The DCA suggested that the combined model would exhibit the best net benefit in predicting patients’ 5-year OS (Supplementary Figure 2). Collectively, these results suggested that the combined model was probably the best nomogram for predicting long-term survival (5 years), which might assist in the clinical management of CRC. However, we also revealed that the level of risk score was not correlated with all of the above clinicopathological characteristics in the entire LCRC either RCRC set (Supplementary Figure 3), implying that the impact of our prognostic signatures on patient OS may not be confounded by patient pathologic features.




Figure 6 | Assessment of the prognostic risk model of the 2 DE-FRGs in LCRC. (A) The univariate (top) and multivariate (bottom) Cox regression analysis of risk score and clinical features regarding prognostic value. Clinical features: age, gender, ajcc pathologic t (tumor size), ajcc pathologic n (lymph node metastasis), ajcc pathologic m (distant metastasis), and ajcc pathologic stage. (B) Nomogram predicting OS for LCRC and RCRC patients. For each patient, one line is drawn upward to determine the points received from the three predictors in the nomogram. The sum of the point is located on the ‘Total Points’ axis. Then a line is drawn downward to determine the possibility of 1-, 3-, and 5-year overall survival of LCRC. (C) The calibration plot for internal validation of the nomogram. The Y-axis represents actual survival, and the X-axis represents nomogram-predicted survival.






Figure 7 | Assessment of the prognostic risk model of the 2 DE-FRGs in RCRC. (A) The univariate (top) and multivariate (bottom) Cox regression analysis of risk score and clinical features regarding prognostic value. Clinical features: age, gender, ajcc pathologic t (tumor size), ajcc pathologic n (lymph node metastasis), ajcc pathologic m (distant metastasis), and ajcc pathologic stage. (B) Nomogram predicting OS for RCRC patients. For each patient, two lines are drawn upward to determine the points received from the predictor in the nomogram. The sum of these points is located on the ‘Total Points’ axis. Then a line is drawn downward to determine the possibility of 1-, 3-, and 5-year OS of RCRC. (C) The calibration plot for internal validation of the Nomogram. The Y-axis represents actual survival, and the X-axis represents nomogram-predicted survival.





3.5 DEGs’ GO Analysis and Pathway Enrichment Analysis

We first screened the DEGs (high-risk vs. low-risk) in each data series of the LCRC and RCRC independently, which identified 263 and 560 DEGs, respectively (Figures 8A, 9A).




Figure 8 | The GO and KEGG function enrichment analyses of the DEGs between high- and low-risk groups in LCRC patients. (A) A volcano plot of DEGs in the high- and low-risk groups. Red indicates up-regulated genes, green indicates down-regulated genes (high-risk group versus low-risk group), and black indicates no significant difference. The Top 10 biological processes, cellular components, molecular functions (B) and KEGG pathways (C) were illustrated. The color of the bar demonstrates P-value. Therefore, blue bars have a more significant P-value than red ones.






Figure 9 | GO and KEGG enrichment analyses of the DEGs between high- and low-risk groups in RCRC patients. (A) A volcano plot of DEGs in the high- and low-risk groups. Red indicates up-regulated genes, green indicates down-regulated genes (high-risk group versus low-risk group), and black indicates no significant difference. The Top 10 biological processes, cellular components, molecular functions (B) and KEGG pathways (C) were illustrated. The color of the bar demonstrates P-value. Therefore, blue bars have a more significant P-value than red ones.



In order to investigate the biological functions of the DEGs, the present study performed a functional pathway enrichment analysis of the DEGs through GO analysis and KEGG pathway enrichment in cluster Profiler. A P < 0.05 was considered to indicate a statistically significant difference. (Figures 8B, 9B)presented the top 10 enriched terms of the three categories of GO analysis. We found that the DEGs associated with the high-risk group of LCRC were primarily involved in ‘antimicrobial humoral response’ (BP, P = 8.05E-05), ‘antimicrobial humoral immune response mediated by antimicrobial peptide (BP, P = 0.0009), ‘humoral immune response’ (BP, P = 0.001), ‘innate immune response-activating signal transduction’ (BP, P = 0.008), ‘activation of innate immune response’ (BP, P = 0.011), ‘chemokine activity’ (MF, P = 0.028), ‘chemokine receptor binding’ (MF, P = 0.048), and other GO processes related to immunity (Supplementary Table 4). Interestingly, we found that DEGs associated with the RCRC high-risk group were mainly involved in lipid-related biological processes, such as ‘triglyceride-rich lipoprotein particle remodeling’ (P = 3.90E-07), ‘plasma lipoprotein particle remodeling’ (P = 7.39E-07), ‘phospholipid efflux’ (P = 8.47E-06), and ‘antibiotic catabolic process’ (P = 0.023). Consistently, DEGs related to the RCRC high-risk group were also significantly enriched in immune-related processes such as ‘humoral immune response’ (BP, P = 8.42E-05), ‘antimicrobial humoral response’ (BP, P = 0.0006), ‘regulation of cytokine secretion involved in immune response’ (BP, P = 0.015), ‘positive regulation of toll-like receptor signaling pathway’ (BP, P = 0.030), and ‘positive regulation of neutrophil chemotaxis’ (BP, P = 0.032) (Supplementary Table 5).

The significantly enriched KEGG pathways of DEGs associated with the high-risk group of LCRC were the ‘Pancreatic secretion’, ‘Ras signaling pathway’, ‘Protein digestion and absorption’, ‘Neurotrophin signaling pathway’ and ‘Steroid hormone biosynthesis’ (Figure 8C). The high-risk group of DEGs in the RCRC had primarily enriched in lipid-related terms (‘Cholesterol metabolism’, ‘Fat digestion and absorption’, ‘Steroid hormone biosynthesis’, and ‘Adipocytokine signaling pathway’) (Figure 9C). However, the DEGs between the high- and low-risk groups in the left- or right-CRC dataset were all involved in the ‘PPAR signaling pathway’, which was related to tumor occurrence and development (16, 17) (Supplementary Tables 6, 7).



3.6 Analysis of the Immune Landscape Between the High- and Low-Risk Groups of CRC Patients on the Left- and Right-Sided

The stromal and immune scores were consistently distributed between the high- and low-risk groups in the LCRC and RCRC (Figures 10A, C). In both the LCRC and RCRC datasets, patients in the low-risk group had significantly lower stromal scores than the high-risk group (both P < 0.05). Besides, LCRC’s high-risk group yielded higher immune and ESTIMATE scores than those low-risk cases (all P < 0.0001). No significant differences between high- and low-risk RCRC were found for the immune and ESTIMATE scores (P = 0.42, 0.062, respectively).




Figure 10 | Immune analysis of the high- and low-risk groups. (A) The distribution of stromal scores, immune scores, and ESTIMATE scores in high- and low-risk groups of LCRC, all the P < 0.05. (B) Boxplot showing the differential abundance of 28 infiltrative immune cells calculated by ssGSEA between high-and low-risk groups in the LCRC. (C) The violin plot shows a correlation between the high-/low-risk group of RCRC and the stromal/immune/ESTIMATE scores level. (D) Boxplot of the abundance of immune cells between risk groups in TCGA-RCRC samples. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. ns, not statistically significant.



Next, in LCRC and RCRC patients, ssGSEA revealed the association between FRG-based risk signatures and immune infiltrating cells. Overall, half of the 28 immune cells were significantly different between high- and low-risk groups in the LCRC patient cohort (Figure 10B). Notably, the expression of central memory CD8 T cell, effector memory CD8 T cell, immature B cell, Myeloid-derived suppressor cell (MDSC), natural killer (NK) cell, and regulatory T cell were significantly increased in high-risk LCRC patients relative to low-risk LCRC patients. In the RCRC patient cohort, additionally, FRGs-related risk scores were significantly positively correlated with many immune cell types, including central memory CD8 T cell, macrophage, MDSC, NK cell, and NK T cell (Figure 10D).



3.7 The Landscape of FRGs’ Mutation Profiles in CRC

We downloaded somatic mutation profiles of 381 CRC patients from TCGA. Mutations and mutation frequencies in the top 30 FRGs were exhibited in a waterfall plot, where various colors with annotations at the bottom represented the different mutation types (Figure 11A). In summary, these mutations were further classified according to different classified categories, in which missense mutation accounts for the most fraction, single nucleotide polymorphism (SNP) occurred more frequently than deletion (DEL) or insertion (INS), and C > T was the most common of single nucleotide variants (SNV) in CRC. Besides, we counted the number of altered bases in each sample and showed the mutation type with different colors in the box plot for CRC. Last, we exhibited the top 10 mutated FRGs in CRC with ranked percentages, including TP53 (58%), KRAS (45%), PIK3CA (30%), FBXW7 (17%), ATM (14%), MYOR (10%), SETD1B (8%), SKC3A2 (8%), ACVR1B (6%), and DUOX2 (5%) (Figure 11B). By comparison, the mutation frequency of NOS2 among the prognostic genes was the highest at 4%, but in fact, this was still relatively conservative. These data thus suggested that FRGs-related risk signatures were unrelated to TMB in CRC patients.




Figure 11 | TCGA-CRC mutation cohort. (A) The waterfall map depicts the frequently mutated FRGs (top 30) in CRC. The right panel shows mutation frequency, and genes are ordered by their mutation frequencies. The bottom panel presents different mutation types. (B) Overview of TGCA-CRC cohort FRGs mutations. Classification and frequency of mutation types (top left). Frequency of variant types (top middle). Frequency of SNV classes (top right). Tumor mutation burden in specific samples (bottom left and middle). The top 10 mutated genes in CRC (bottom right).




3.7.1 Differential Expression of Target Genes in Tumor Tissues and Normal Tissues

Western blotting results showed that NOS2 and ALOXE3 expression was significantly increased in tumor tissues compared with that in normal tissues (Figure 12, P < 0.01). The positive staining of NOS2 and ALOXE3 in cells was mainly localized in the cell membrane and cytoplasm, and NOS2 was positively expressed in 90 cases, with a positive expression rate of 63.4% (90/142), mainly showing moderate and strong positive expression. The difference of NOS2 positive expression rate between tumor tissues and normal tissues was statistically significant(χ²=17.261, P=0.000).ALOXE3 was positively expressed in 103 cases, with a positive expression rate of 72.5% (103/142), mainly showing moderate and strong positive expression. The difference of ALOXE3 positive expression rate between tumor tissues and normal tissues was statistically significant(χ²=21.044, P=0.000) (Figures 13, 14).




Figure 12 | Results of Western blotting. (A, C). NOS2 and ALOXE3 were significantly more highly expressed in tumor tissues than in normal tissues. (T, Tumor; N, Normal) (B). P = 0.0167 < 0.05, the difference was statistically significant. (D). P = 0.0228, the difference was statistically significant. *p < 0.05.






Figure 13 | Results of NOS2 immunohistochemistry. (A) Negative expression of NOS2 in normal tissues. (B–D) The weak positive, moderate strong positive and strong positive expression of NOS2 in tumor tissues, in turn.






Figure 14 | Results of ALOXE3 immunohistochemistry. (A) Negative expression of ALOXE3 in normal tissues. (B–D) The weak positive, moderate strong positive and strong positive expression of ALOXE3 in tumor tissues, in turn.





3.7.2 Correlation of NOS2 and ALOXE3 Expression With Clinicopathological Characteristics of Patients in LCC and RCC

The differential expression of NOS2 and ALOXE3 in tumor tissues and normal tissues suggests that NOS2 and ALOXE3 may be involved in the regulation of tumorigenesis and progression. Therefore, we further analyzed the correlation between their expression in LCC and RCC tumor tissues and clinicopathological characteristics of tumors. Immunohistochemical results showed that the positive rate of ALOXE3 in RCC tumor tissues (78.1%) was higher than that in LCC tumor tissues (53.6%) (P < 0.05). The positive rate of ALOXE3 expression in tumor samples with positive lymph node metastasis (78.3%) was significantly higher than that in those without lymph node metastasis (60.3%) (P < 0.05). However, statistical analysis did not reveal that the expression of NOS2 was correlated with gender, age, tumor location, tumor differentiation, or TNM stage (P > 0.05, Table 2). The above results indicate that ALOXE3 is closely related to the invasion and metastasis of RCC while NOS2 may affect both LCC and RCC.


Table 2 | Correlation between NOS2, ALOXE3 expression levels and clinicopathological characteristics of patients with colon cancer.






3.8 Correlation of NOS2 and ALOXE3 Expression With Clinical Prognosis of Patients With Colon Cancer

Invasion and metastasis is an important risk factor in patients with colon cancer death. Since the expression of ALOXE3 in colon cancer is closely related to tumor invasion and metastasis, we further analyzed the correlation between NOS2, ALOXE3 and clinical prognosis of patients. Kaplan-Meier survival analysis showed that the overall survival of colon cancer patients with low ALOXE3 expression was significantly higher than that of those with high ALOXE3 expression, (P < 0.05), meanwhile the 5-year recurrence-free survival of colon cancer patients with high NOS2 expression was significantly higher than that of those with low NOS2 expression, and the difference was significant (P < 0.05). Further stratified analysis according to tumor location showed that ALOXE3 was significantly correlated with 5-year recurrence-free survival and overall survival in RCC, which was significantly lower in positive patients than in negative patients (P < 0.05), while in LCC, there was no significant difference. (Figure 15).




Figure 15 | Recurrence-free survival and overall survival curves of patients with positive and negative expression of NOS2 and ALOXE3 in colon cancer. (A, C) Overall survival curves of NOS2, ALOXE3 for all patients. (B, D) Recurrence-free survival curves of NOS2, ALOXE3 for all patients. (E, G) Overall survival curves of RCC and LCC. (F, H) Recurrence-free survival curves of RCC and LCC.






4 Discussion

Programmed cell death is a hot topic in biological research and medicine. Targeting the cell death process is a common method for cancer therapy. As a novel programmed cell death process, ferroptosis, characterized by iron-dependent lipid peroxidation (IDLPO) accumulation, shows great potential in cancer therapy. However, until now, little is known about the roles and mechanisms of ferroptosis-related genes in left-sided and right-sided colon cancers. Therefore, it is necessary to identify the key ferroptosis-related genes that are differentially expressed in left-sided and right-sided colorectal cancer (CRC) and explore their impact on patient prognosis. In this study, for the first time, we constructed robust polygenic prognostic models for left-sided and right-sided CRC, respectively.

Liu et al. established a prognostic model consisting of 10 FRGs in CRC and confirmed the predictive value of Overall Survival (OS) risk score in CRC patients using log-rank test and Kaplan-Meier analysis (18), but they did not distinguish the expression difference of FRGs in left-sided and right-sided colon cancers. In this study, we identified 14 ferroptosis-related genes that were differentially expressed in left-sided and right-sided colon cancers, and constructed robust prognostic models for left-sided and right-sided CRC by univariate and multivariate COX analysis, respectively. We found that NOS2 could simultaneously affect the prognosis of patients with left-sided and right-sided colon cancer. IFNG is highly expressed in left-sided colon cancer, while ALOXE3 is highly expressed in right-sided colon cancer. The relationship between the expression of NOS2 and ALOXE3 and the PFS and OS of patients was further verified by experiments.

NOS2 is an inducible nitric oxide synthase, and as a pro-inflammatory mediator, NOS2 may promote cancer initiation and progression (19, 20). It was initially shown to be a major player in the antitumor component of the immune response. However, recent data suggest that high expression of NOS2 in cancer cells often predicts poor outcomes, such as high expression in breast cancer (21), lung cancer (22),gliomas (23) and colon cancer (24).Shao et al. (25)also found that NOS2 was significantly up-regulated in colon cancer in their study on ferroptosis-related genes predicting the prognosis of colon cancer patients. Similarly, in this experiment, we also found that NOS2 was significantly overexpressed in colon cancer, but there was no significant difference in expression between left-sided and right-sided colon cancers. Studies in the early 2000s showed that NOS2 is present in 50%-60% of colon cancer patients. High expression of NOS2 is associated with decreased long-term survival and increased incidence of lymph node metastasis and lymphatic invasion (26). However, studies have shown that NOS2 is significantly downregulated in individuals with advanced CRC (27). NOS2 expression is associated with colon cancer progression, but its role in tumor development is not clear. We found that elevated levels of NOS2 expression, early in colon cancer progression, can significantly affect the 5-year recurrence-free productivity of patients, but there was no significant effect on patient OS. In the previous analysis, we found that NOS2 was significantly down-regulated in the high-risk group, and in the left-sided and right-sided colon cancer, patients with T3-4 and stage III-IV had relatively high risk score levels. In conclusion, NOS2 may have multiple roles in the induction and early progression of colon cancer as well as in the late stage.

Interferon gamma (IFNG) is a pro-inflammatory cytokine that regulates many immune-related genes. It has been found that in some cases, IFNG obviously plays a role in inducing tumor progression, and its induced PD-L1 expression could serve as a novel mechanism by which it impairs tumor immunity. Therefore, tumor cells acquire the ability to attack against immune cells to induce immune escape phenomenon (28). Genetic variation of IFNG leads to an increased risk of colon and rectal cancer and affects its diagnosis and survival (29). Similarly, this experiment found that IFNG was significantly overexpressed in left-sided colon cancer through bioinformatics analysis. Unfortunately, IFNG is an interferon, we need to examine the content in the patients’ blood to evaluate the relationship between its expression and prognosis, but we cannot collect relevant samples, so we have not verified its effect on the prognosis of patients through experiments.

ALOXE3 is an encoding arachidonic acid, whose metabolism plays an important role in tumor progression and metastasis (30, 31). ALOXE3, also known as ARCI3, E-LOX, elox3, and Elox-3, is a member of the lipoxygenase family. and mutations in ALOXE3 have been reported to be associated with the development of autosomal recessive congenital ichthyosis (ARCI) (32).But little is known about the function of ALOXE3 in cancer and its mechanism of action. Xia et al. (33)have found that talaroconvolutinA (TalaA), a novel ferroptosis inducer, increases lipid peroxidation by increasing ALOXE3 expression, which in turn enhances ferroptosis. This study suggests that it is of great significance to develop new anticancer drugs through ferroptosis induction. Ruan et al. (34) investigated the potential relationship of perlipoxygenase (LOX) family genes in the diagnostic and prognostic value of colon cancer. They used multivariate survival analysis and comprehensive prognosis to show that ALOXE3 and ALOX12 were associated with colon cancer OS, the low expression of both is better for the prognosis of COAD, and ALOXE3 combined with ALOX12 may serve as a potential prognostic biomarker for COAD. However, its differential expression in left-sided and right-sided colon cancer and its effect on prognosis were not distinguished. In this study, we first used bioinformatics analysis to find that ALOXE3 is a ferroptosis-related gene and is differentially expressed in left-sided and right-sided colon cancer. Western blotting confirmed that ALOXE3 was significantly highly expressed in right-sided colon cancer, and patients with its high expression in right-sided colon cancer had a worse prognosis, indicating that its high expression increased the risk of death.

Functional enrichment analysis showed that DEGs associated with the prognostic model of FRGs were significantly enriched in terms and pathways related to lipids, while FRGs were also associated with lipids. Interestingly, CRC was also associated with lipids. Steroids are essential components of membrane lipids and can act as signaling molecules. Very low-density lipoprotein (VLDL) was positively associated with the frequency of colonic adenomas. Importantly, triglycerides (TG) and LDL were associated with CRC prognosis, as the levels of TG and LDL were significantly elevated in patients with distant metastases. In addition, cholesterol in a high-fat diet, which is strongly associated with the development of colorectal tumors (35). In this study, through the enrichment analysis of DEGs, we found that in LCRC and RCRC, DEGs were involved in the “PPAR signaling pathway” in both high and low risk groups. The expression is significantly reduced in cancers such as gastric cancer (36), cervical cancer (37), and esophageal cancer (38).Numerous studies have shown that PPARγ has antitumor effects on lung cancer, breast cancer, prostate cancer and colon cancer (39), which undoubtedly provides a new direction for the treatment of colon cancer.

In this study, we revealed changes in the immune microenvironment using ssGSEA and ESTIMATE analysis. RCRC has been found to have a higher degree of immune infiltration than LCRC, and right-sided tumors have a unique immunophenotype characterized by more immune infiltration and higher levels of immune activation compared with left-sided tumors (40).We performed differential analysis using 28 immune-related gene sets, of which half of the genes were significantly different in high and low risk groups. We found that in RCRC, risk scores associated with FRGs were significantly positively associated with many immune cell types, including Central memory CD8 T cell, macrophages, MDSC, NK cell and NK T cell. In CRC, patients with mild and moderate NK cell infiltration have been reported to have significantly lower 5-year survival rates than patients with extensive NK cell infiltration (41).Higher NKT cell infiltration is an independent prognostic factor for good prognosis in patients with colon cancer (42).

In this study, we found that there were significant differences in NK cell in both left-sided and right-sided colon cancer at high and low risk, while NKT cell was only significantly different in right-sided colon cancer at high and low risk, and there was no significant difference in left-sided colon cancer. Macrophage infiltration is often a poor prognostic factor in different types of cancer, but the increased degree of macrophage infiltration in CRC is associated with good prognosis (43). We found that the degree of immune infiltration of macrophages was significantly different in the high and low risk groups of right-sided colon cancer, but not in the high and low risk groups of left-sided colon cancer. MDSC is an immunosuppressive cell, as a regulatory T cell, it promotes immune tolerance by inhibiting the function of CD8+ T cells. The prognostic value of MDSC is not known. However, it has been shown in related experiments that elimination of MDSC enhances the anti-tumor response in mouse tumor models (44). In this study, the risk of MDSC in left-sided and right-sided colon cancer was significantly different, and the role and prognosis of immune cell infiltration in CRC remains to be further explored.

Prognostic FRGs in LCRC and RCRC were not significantly associated with TMB. In our study, although mutations in prognostic genes were conserved, we found that TP53 was the most frequently mutated among all FRGs in CRC. CRC development is a multifactorial, multistage process involving the activation of oncogenes and the inactivation of tumor suppressor genes. Numerous studies have confirmed that p53 is a key tumor suppressor gene and is one of the most important elements of human anti-cancer defense (45). It is well known that CRC progression is accompanied by mutations in APC, K-Ras and p53 genes (46). Unfortunately, we did not find a direct association between prognostic gene and mutation or P53 in functional enrichment analysis. However, NOS2 expression has been reported to correlate with p53 status in both LCRC and RCRC prognostic models. Studies have shown that p53 and vascular endothelial growth factor can regulate the expression of NOS2 to promote tumor growth (47). These evidences suggest that there may be a mechanism of action to be explored between prognostic gene and p53 mutation.



5 Conclusions

In this study, firstly, we used bioinformatics methods to explore the differentially expressed ferroptosis-related genes and potential prognostic value in left-sided and right-sided colon cancer, but there are still some shortcomings. On the one hand, the relevant data comes from public websites, and the clinical parameters are not perfect. On the other hand, we have not verified the cell experiments and mouse tumorigenesis experiments, and have not further explored the mechanism of NOS2, IFNG and ALOXE3 in the occurrence and development of colon cancer. This study systematically evaluated the differential expression of the screened ferroptosis-related genes in left-sided and right-sided colon cancer and the potential prognostic value in colon cancer.
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Supplementary Figure 1 | Prognostic analysis of DE-FRGs signatures in LCRC- and RCRC-test sets. Risk score analysis (the dotted line represented the median risk score and divided the patients into low- and high-risk groups), heatmap of the expression profiles of the two prognostic genes in low- and high-risk group, Kaplan–Meier curve survival analysis, and time–ROC curve analysis of the DE-FRGs signatures in LCRC (A)- and RCRC (B)-test sets.

Supplementary Figure 2 | The DCA curves of the nomogram. (A, B) The DCA curves of the nomograms compared for 3- and 5-year OS in LCRC and RCRC, respectively. The none plot represented the assumption that no patients have 3- or 5-year survival; while all plot represented the assumption that all patients have 3- or 5-year survival at a specific threshold probability. The x-axis represented the threshold probabilities, and the y-axis measured the net benefit.

Supplementary Figure 3 | The risk score of LCRC and RCRC is not associated with the clinicopathological characteristics. (A, C) A heat map of the correlation between clinical characteristics of CRC. The redder color reflects higher expression and the bluer color reflects lower expression. (B) The distribution of risk score among different clinical characteristics of LCRC. (D) The distribution of risk score among different clinical characteristics of RCRC. Clinical characteristics: age, gender, ajcc pathologic t (tumor size), ajcc pathologic n (lymph node metastasis), ajcc pathologic m (distant metastasis), and ajcc pathologic stage.

Supplementary Table 1 | DEGs expression results in left- and right- colorectal cancer. P < 0.05 and |log2 fold change (FC)| > 0.5.


Supplementary Table 2 | The choice criterion for the DEGs (high-risk group in LCRC/RCRC vs. low-risk group in LCRC/RCRC). P < 0.05 and |log2 fold change (FC)| > 1.


Supplementary Table 3 | The choice criterion for the DEGs (high-risk group in LCRC/RCRC vs. low-risk group in LCRC/RCRC). P < 0.05 and |log2 fold change (FC)| > 1.


Supplementary Table 4 | Results of GO enrichment analysis related to immunity. GO – Gene Ontology. P-value <0.05.


Supplementary Table 5 | Results of GO enrichment analysis related to lipid-related biological processes. P-value <0.05.


Supplementary Table 6 | KEGG pathway analysis in left- and right- colorectal cancer. KEGG – Kyoto Encyclopedia of Genes and Genomes. P-value <0.05.


Supplementary Table 7 | KEGG pathway analysis in left- and right- colorectal cancer. KEGG – Kyoto Encyclopedia of Genes and Genomes. P-value <0.05.
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Background

Although overall colorectal cancer (CRC) cases have been declining worldwide, there has been an increase in the incidence of the CRC among individuals younger than 50 years old, which is associated with distant metastasis (DM) and poor prognosis.



Methods

Young-onset CRC patients’ postoperative data were collected from the Surveillance, Epidemiology, and End Results (SEER) database between January 2010 and December 2015. Data from the SEER database were divided into early stage and advanced stage according to whether chemoradiotherapy was recommended in the guidelines. Independent risk factors for DM were explored by using univariate and multivariate logistic regression separately. A predictive model was established and presented as nomogram in the training set of advanced stage. The model was internally verified in testing set and externally validated in a cohort of 145 patients from Zhongnan Hospital of Wuhan University. The accuracy, reliability, and clinical application value were assessed using the receiver operating characteristic curve (ROC), the area under the curve (AUC), calibration curve, and decision curve analysis (DCA), respectively. Different risk subgroups of DM were classified according to the scores of the nomogram in the training set of advanced stage.



Results

A total of 5,584 patients were eligible and enrolled in our study in which 1,277 were in early stage and 4,307 in advanced stage. Preoperative CEA positive was found to be an independent predictor of DM in early stage. Multivariate logistic regression analysis showed that tumor size, degree of differentiation, T stage, N stage, preoperative CEA, and whether radiation or chemotherapy performed were independent risk factors for DM (all, p < 0.05) in advanced stage. Great accuracies were achieved in our nomogram with AUC of 0.801 in training set, 0.811 in testing set, and 0.791 in the validation cohort, respectively. Calibration curves and DCA in internal validation and external validation both showed good stability and clinical utility values.



Conclusions

Preoperative CEA positive was a significant predictor of DM for young-onset CRC patients. A novel nomogram containing clinical and pathological features was established for predicting DM of advanced CRC in patients younger than 50 years old. This tool may serve as an early alert for clinicians to DM and make better clinical treatment regimens.





Keywords: colorectal cancer, young-onset, distant metastasis, risk factor, nomogram



Introduction

Although regular screening and progressive therapeutics are shown to be effective in preventing mortality rate in colorectal cancer (CRC), CRC remains the third leading cause of cancer death worldwide, with more than 935,000 deaths each year (1). The patients younger than the age of 50 years old are deemed as young-onset CRC. It is also worth mentioning that the incidence and mortality of young-onset CRC have significantly increased from 1995 to 2016 in the USA (2). The incidence rate of young-onset CRC has increased from 8.6 per 100,000 people in 1992 to 13.1 per 100,000 people in 2016 in the USA, equally accompanied with high mortality (3, 4). Young-onset CRC is more prone to distant metastasis (DM) and microsatellite instability compared with the elderly, which are associated with adverse outcomes (5). However, the characteristics and clues of DM in young-onset CRC are still insufficient. It is of great importance to assess and predict DM status accurately for treatment decision making and prognostic evaluation in young-onset CRC.

In fact, DM is now the predominant reason for treatment failure with malignant tumor. Approximately 20% of patients with CRC are diagnosed in more advanced stages with synchronous DM (6). Liver and lung are the most common metastases sites with diverse patterns, which may increase the level of treatment difficulty of CRC (7). Hence, detecting DM as early as possible has important clinical application value. Young-onset CRC contributes significantly to the global burden of disease. In the update of clinical practice of young adults with CRC, it is mentioned that young patients with CRC symptoms should have gradually attracted attention (8). With the increasing emphasis put on young-onset, there is still no clinical model to predict DM in young-onset CRC patients. Therefore, we aim to explore the risk factors of DM in young-onset CRC patients after surgery and try to establish a model for predicting DM in this group of patients.



Materials and Methods


Participants of Inclusion

Data in this retrospective cohort study were obtained from the Surveillance, Epidemiology, and End Results (SEER) database. The software of SEER*Stata 8.3.9.2 (http://seer.cancer.gov/seerstat/) was utilized to filter and download data of CRC diagnosed during 2010 to 2015. Firstly, CRC patients in the age group of 20 to 49 years old were selected for the study. We excluded the following patients (1) patients without the TNM staging data which was based on the 7th American Joint Committee on Cancer (AJCC) or defined as in situ cancer; (2) patients diagnosed as “autopsy only” or “death certificate only”; (3) patients with 2 or more primary tumors; (4) patients with appendiceal tumors or gastrointestinal stromal tumors; (5) patients with incomplete DM information; (6) patients without surgery performed. We analyzed the information of age, gender, race, marriage, tumor location, tumor size, histology, degree of differentiation, TNM stage, radiation performed, chemotherapy performed, carcinoembryonic antigen (CEA) pretreatment, and follow-up time of every young-onset CRC patient. Overall survival (OS) and cancer-specific survival (CSS) were also recorded. Since patients of pT1-2N0 were not recommended chemoradiotherapy routinely postoperatively on the basis of the clinical practice guidelines on colorectal cancer (9, 10), all the enrolled patients were stratified into early stage and advanced stage based on pT1-2N0. The early stage young-onset CRC was defined as pT1-2N0 without consideration of adjuvant treatment factors, while all other stages except pT1-2N0 were proposed as advanced stage. Patients in the advanced stage were randomly separated into training set and testing set with a ratio of 3:1. A small cohort of advanced stage was collected from Zhongnan Hospital of Wuhan University to validate model externally. This study was conducted in line with the Declaration of Helsinki and approved by the Ethics Committee of Zhongnan Hospital of Wuhan University (number: 2020074).



Risk Factors Exploration and Nomogram Establishment

Risk factors of DM in early and advanced stage were explored, respectively. Patients in the derivation cohort were assigned into two groups according to whether DM occurred (M0 and M1). We used the Kaplan-Meier method to evaluate the OS and CSS in different groups. In order to investigate independent risk factors of young-onset CRC patients, the Chi-square test and univariate and multivariate logistic regression were adopted. A nomogram prediction model was established based on the results of multivariate logistic regression analysis in the training set and was internally validated in the testing set and externally validated in the validation test. The predictive accuracy of the nomogram was assessed by using receiver operating characteristic curve (ROC) analysis and calculating the area under the curve (AUC). Calibration curves were used to compare the consistency of the predicted and actual probabilities of the nomogram. Meanwhile, we applied decision curve (DCA) analysis and clinical impact curve (CIC) to assess the clinical effectiveness of the model by calculating the net benefits under each risk threshold probability. We computed all the risk scores according to the nomogram and divided them into low, medium, and high risk separately. Prognosis was also evaluated by the risk stratification eventually.



Statistical Analysis

All statistical analyses were performed using SPSS version 25.0 and the R version 3.6.1. Continuous variables were reported as median with interquartile range (IQR), while categorical variables were reported as number with proportions. Chi-square test or Fisher’s exact test was performed for the comparison of variables of majority pathological features. Kaplan-Meier curves and log-rank test were used to analyze the survival in patients with or without DM. For variables with p-value <0.05 in the univariate logistic regression analysis, multivariate regression analysis using a forward stepwise method was adopted to identify independent risk factors of DM. Nomogram, calibration curves, ROC, DCA, and CIC were performed or plotted using R version 3.6.1 ultimately. Two-sided p-values <0.05 were considered statistical significance.




Results


Basic Characteristics of Patients

A total of 5,584 young-onset CRC patients who underwent surgical resection were included in this study from SEER database, among whom 996 patients developed DM with only 25 in the early stage group and 971 in the advanced stage group. In DM patients, the most common site for metastasis organ was liver (68.0%, 677/996), followed by lung (14.7%, 146/996), bone (2.3%, 23/996), and brain (0.6%, 6/996). The basic characteristics of all patients from SEER database are presented in Table 1. Among patients included, 1,277 were classified into the early stage group and 4,307 into the advanced stage group. There were obvious statistical differences between the two groups in terms of gender, race, marriage, tumor location, tumor size, histology, degree of differentiation, T stage, and N stage, whether radiation was performed, whether chemotherapy was performed, CEA pretreatment, and whether DM occurred (p < 0.05), as shown in Table 2. In the group of advanced stage, the data were randomly classified into a training set of 3,015 individuals and a testing set of 1,292 individuals. No significant difference was observed in basic demographic and pathological characteristics between the two sets (Table 3). A cohort of 145 young-onset CRC patients in advanced stage from Zhongnan Hospital of Wuhan University was defined as the validation set, among whom 31 patients developed DM. A flow chart of inclusion of patients was shown in Figure 1. The Kaplan-Meier curves revealed that patients with DM had a worse prognosis than patients without DM (Figure 2).


Table 1 | Clinicopathological characteristics of young-onset colorectal cancer by metastatic site in all including patients from the SEER database.




Table 2 | Clinicopathological characteristics of young-onset colorectal cancer between early stage and advanced stage.




Table 3 | Clinicopathological characteristics of young-onset colorectal cancer in training set and testing set in advanced stage group.






Figure 1 | Flow chart of participants inclusion. M1, distant metastasis; M0, no distant metastasis.






Figure 2 | Kaplan-Meier curves of distant metastasis for OS (A) and CSS (B) in all patients from SEER database. OS, overall survival; CSS, cancer-specific survival; SEER, Surveillance, Epidemiology, and End Results database.





Independent Risk Factors of DM in Early Stage Young-Onset CRC

As presented in Table 4, only 25 patients developed DM in the early stage group. Results of Chi-square tests or Fisher’s exact test indicated that pretreatment CEA (p < 0.001) and tumor size (p = 0.022) were associated with DM. Univariate logistic analysis showed that tumor size was not the independent risk factor of DM (p = 0.058) while pretreatment CEA was an independent risk factor of DM in early stage. Comparing with pretreatment CEA negative, patients with pretreatment CEA positive were more likely to develop DM (OR = 30.776, 95% CI = 8.390–112.889, p < 0.001).


Table 4 | Risk factors associated with distant metastasis of young-onset colorectal cancer in early stage group.





Independent Risk Factors of DM in Advanced Stage Young-Onset CRC

In the advanced stage group, results of Chi-square tests or Fisher’s exact test demonstrated that tumor size, location, histology, degree of differentiation, T stage, N stage, radiation performed, chemotherapy performed, and CEA pretreatment were associated with DM (Table 5), which were then included in the univariate and multivariate logistic regression analyses. After adjustment for all other risk factors, multivariate logistic regression analysis indicated that patients with the tumor size of 41–50 mm (OR = 4.267, 95% CI = 1.128–16.135, p = 0.033) were easier to develop DM when compared with the tumor size of 0–10 mm. Patients with undifferentiated carcinoma had higher risk of DM than those with well differentiated (OR = 2.030, 95% CI = 1.025–4.023, 0.042). Patients with T4 stage (OR = 7.111, 95% CI = 2.667–18.962, p <0.001) and N2 stage (OR = 3.970, 95% CI = 2.948–5.345, p <0.001) were easier to had DM than those with T1 and N0, respectively. Interestingly, treatment with a combination of surgery and radiotherapy (OR = 0.342, 95% CI = 0.265–0.440, p <0.001) were a protective DM factor for young-onset CRC in advanced stage. Surgery combined with chemotherapy was an independent risk factor (OR = 2.250, 95% CI = 1.643–3.081, p <0.001). CEA positive (OR = 4.027, 95% CI = 3.160–5.131, p <0.001) before treatment was more prone to increase the likelihood of DM than CEA negative (Table 6).


Table 5 | Risk factors associated with distant metastasis of young-onset colorectal cancer in advanced stage group of training set.




Table 6 | Univariate and multivariate logistic regression analyses of distant metastasis in advanced stage young-onset colorectal cancer from training set.





Nomogram Establishment and Validation

Analyses above showed that only the pretreatment CEA positive was an independent risk factor of DM in early stage, while tumor size, degree of differentiation, T stage, N stage, radiation performed, chemotherapy performed, and CEA pretreatment were all independent risk factors of DM in advanced stage. Thus, we established a prediction model of DM in the training set of advanced stage group, which was presented as nomogram to visually illustrate the probabilities of DM (Figure 3).




Figure 3 | Nomogram for distant metastasis of advanced stage young-onset colorectal cancer patients in training set. To estimate the risk of distant metastasis, the point of each variable was calculated by drawing a straight line from the patient variable value to the axis marked “points.” The total points are converted to the “probability of distant metastasis” on the lowest axis.



Accuracy, stability and clinical value of the model were assessed in the training set, testing set, and validation set. The ROC curves were plotted using the pROC package and presented in Figures 4A–C, primarily to assess the predictive accuracy of the model. The AUC of our model in training set was 0.801 with sensitivity of 0.762 and specificity of 0.703. Meanwhile, the AUC in the testing set and validation cohort were 0.811 (sensitivity as 0.684 and specificity as 0.809) and 0.791 (sensitivity as 0.553 and specificity as 0.935), respectively, all of which demonstrated good accuracy of prediction. The calibration curves were plotted to evaluate the consistence of the actual probability and the predicted probability of DM in the training set, testing set, and validation set (Figures 4D–F), in which no obvious deviations from the reference line were observed, indicating that our model had good consistency in training set, testing set, and validation set.




Figure 4 | Nomogram ROC curves and calibration curves in training set, testing set, and validation set of advanced stage young-onset colorectal cancer. (A) ROC curve of training set for distant metastasis model (AUC = 80.1%). (B) ROC curve of testing set for distant metastasis model. The AUC is 81.1%. (C) ROC curve of validation set for distant metastasis model (AUC = 79.1%). (D) Calibration curve of training set for distant metastasis model. (E) Calibration curve of testing set for distant metastasis model. (F) Calibration curve of validation set for distant metastasis model. ROC, receiver operating characteristic; AUC, area under the ROC curve.



The DCA and CIC analyses were employed for the evaluation of the clinical value of the predictive nomogram. The DCA indicated that the nomogram model revealed higher clinical value than any independent variable, as shown in Figures 5A–C with orange lines. The solid line represents the number of people at high risk of DM according to our model, and the dotted line represents the number of people actually metastasized in CIC (Figures 5D–F). When the threshold probabilities were 0 to 0.8, the most beneficial clinical value for predicting DM in advanced stage was observed.




Figure 5 | DCA and CIC curves of nomogram for distant metastasis in training set, testing set, and validation set. (A) DCA curve of nomogram for distant metastasis in training set. (B) DCA curve of nomogram for distant metastasis in testing set. (C) DCA curve of nomogram for distant metastasis in validation set. (D) CIC curve of nomogram for distant metastasis in training set. (E) CIC curve of nomogram for distant metastasis in testing set. (F) CIC curve of nomogram for distant metastasis in validation set. DCA, decision curve analysis; CIC, clinical impact curve.





Risk Score in Nomogram

We calculated nomogram scores for all advanced stage patients by using R language. Here, we showed all the score of every clinicopathological variable in our nomogram in Table 7. By using the 25th and 75th percentile values of the total risk scores, patients were divided into three groups, low risk (<38), median risk (38–55), and high risk (>55). We found that the number of DM increased along with the increase of risk stratification (p < 0.05). The Kaplan-Meier curves were applied to better show the relationship between risk stratification and survival prognosis, which suggested that the higher risk of metastasis, the lower probability of good prognosis or survival in the young-onset patients (Figure 6).


Table 7 | Score of every clinicopathological variable in our nomogram.






Figure 6 | Clinical effects of the risk score in our nomogram in training set. Based on the interquartile range of risk score, our nomogram divided participants into three subgroups. The number of distant metastasis in each subgroup was present in (A), both p < 0.001. The OS was also evaluated among the different risk subgroups with p < 0.0001 (B). OS, overall survival.






Discussion

A major clinical feature of young-onset CRC was frequent involvement of regional lymph nodes and distant organ metastasis, which accounted for most of the deaths (11). Due to the heterogeneity, it is difficult to distinguish sporadic from the hereditary forms of CRC, especially in young-onset CRC patients (12). This is particularly crucial to understand the pathological characteristics of young-onset CRC. However, there was still no research concentrating on the DM of CRC adult cases below 50 years old. Whether DM occurs will directly affect the surgical efficacy and final prognosis of patients. The combination of surgical resection and other systemic treatment can significantly improve the prognosis of CRC patients with distant liver metastases (13, 14). Thus, we successfully explored the risk factors of young-onset CRC patients and constructed a model for predicting DM based on specific pathologic tumor signatures.

In this work, we found that pretreatment CEA positive was an independent risk factor of DM for early stage young-onset CRC patients, which could provide an important clue of DM for clinicians. CEA was a cell surface glycoprotein overexpressed in normal mucosal cells. In fact, previous studies had found that CEA was a strong predictor closely correlated with DM in CRC. Pakdel et al. discovered that preoperative serum CEA concentration in CRC patients was higher in patients with DM than those without DM (15). Guo et al. found N2 stage, positive CEA, and tumor size over 30 mm were predictors of DM in T1 colorectal cancer (16). Liu and his colleagues also discovered that CEA was a risk factor of preoperative synchronous DM in rectal cancer (17). A large sample cohort study found CEA over 6, T4 stage, and N2 stage could be utilized to DM in rectal cancer (18). CEA-targeted nanoparticle therapy was also considered a potential treatment for CRC (19). In addition, CEA was also incorporated in the prediction model of DM of advanced CRC. Consequently, this study emphasized that dynamic monitoring of CEA level postoperative might be an important means of DM in young-onset CRC patients.

Additionally, our study showed that tumor size, undifferentiated carcinoma, tumor grades of T4 stage and N2 stage, treatment without radiation, treated with chemotherapy, and pretreatment CEA positive were associated with DM after surgery in young-onset patients with advanced CRC. Gaitanidis et al. found that factors such as age, sex, race, tumor location, tumor grade, primary tumor size, CEA levels, perineural invasion, T stage, N stage, liver, and lung metastasis were predictors for synchronous DM in rectal cancer (20). Our model also included factors such as tumor grade, tumor size, and pretreatment CEA, which were consistent with previous study. Whereas, demographic features were not identified as risk factors of DM in this study. These risk factors were not only related to DM but also linked with poor OS (21, 22).

Our study demonstrated that larger tumor size was an independent risk factor of DM. Previous study found that tumor size over 20 mm was an independent risk factor of CSS and DM in patients with neuroendocrine tumors (23). The preliminary analysis of Huang et al. showed that the CSS of patients with tumors ≤4.0, 4.0–7.0, and ≥7.0 cm increased continuously for 5 years (24). The results of these studies might be originated from different groupings. More attention should be paid to those with a tumor size larger than 10 mm since they were more likely to develop DM. Our study showed that the degree of carcinoma differentiation was also associated with DM of CRC, which was in line with previous researches (25, 26). Interestingly, tumor location was found more in the rectum than right colon in advanced stage young-onset patients. However, after being adjusted by other factors, it was not included in our prediction model finally. We could not completely deny the clinical value of tumor location in young-onset CRC as many studies have reported that it was one of pivotal signatures in CRC patients (27).

Although the effect of chemotherapy on CRC has been widely studied, the clinical benefits still remained controversial (28). A meta-analysis concluded that postoperative adjuvant chemotherapy could not improve OS, disease-free survival or distant recurrence of rectal cancer (29). Nevertheless, chemotherapy was still regarded as one of the most important palliative cures for CRC patients, which had been accepted as the standard treatment for patients with locally advanced rectal cancer all over the world (10, 30). Most of the studies supported that chemotherapy could improve the prognosis of patients, which could explain why DM patients often received chemotherapy. As for radiotherapy, a study demonstrated that radiotherapy combined with surgery were helpful for patients with local recurrence of rectal cancer (31). Chemotherapy, radiotherapy, and molecular-targeted drug therapy remained the mainstay of treatment for advanced CRC (32). In recent years, researches have detected that chemotherapy with pelvic radiotherapy was more recommended to improve the prognosis of patients with DM (33). More studies were needed to investigate the potential of system treatment for advanced CRC, especially in young-onset CRC patients.

Nomogram was an effective and excellent predictive tool which had a wide range of applications in various studies. Huang and his colleagues created a radiomics nomogram of preoperative lymph node metastasis in patients with CRC to calculate the individualized risk of lymph node metastasis (34). This method was also broadly applied to other carcinomas such as lung (35, 36), esophageal cancer (36), early gastric cancer (37), and so on. Due to limited cohorts, most of the studies could not extend the external verification of this risk model. Therefore, they were unable to evaluate the goodness of fit of the model. In this study, internal and external crossvalidation both showed our model was workable. The AUC, calibration curve, and DCA could better ensure the excellent performance of our model in terms of accuracy, consistency, and clinical applicability. Three groups at low risk, medium risk, and high risk were identified to be associated with survival prognosis. All of the results indicated that our model was reliable and could provide further clues for clinical physicians. Therefore, closely monitoring DM should be considered for young-onset CRC patients with larger tumor size, undifferentiated carcinoma, tumor grades of T4 or N2 stage, treatment without radiation or treatment with chemotherapy after surgery, and pretreatment CEA positive.

Nevertheless, limitations still remained in our study. Although the SEER database provided us with vast data to establish the model, the sample size of the validation cohort was relatively small. Thus, the model required further validation with data from multicenter. Additionally, the lack of data in the SEER database would also have a certain impact on the accuracy of the model. Finally, relatively small number of M1 patients in the early stage cohort might lead to underestimation of the effect of other variables. Further analysis of early stage for young-onset CRC patients could also make sense.

In conclusion, our research successfully identified a number of independent risk factors of DM in different stages and created a predictive nomogram to predict DM in advanced stage for CRC patients younger than 50 years old. Internal verification and external verification of the model both demonstrated good predictive performance. Thus, they can assist clinicians in following disease progression and help tailor therapy strategy accordingly.
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Purpose

This study aims to evaluate the value of 3.0T MRI Intravoxel Incoherent motion diffusion-weighted magnetic resonance imaging (IVIM-DWI) combined with texture analysis (TA) for evaluating extramural vascular invasion (EMVI) of rectal adenocarcinoma.



Methods

Ninety-six patients with pathologically confirmed rectal adenocarcinoma after surgical resections were collected. Patients were divided into the EMVI positive group (n=39) and the EMVI negative group (n=57). We measured the IVIM-DWI parameters and TA parameters of rectal adenocarcinoma. We compare the differences of the above parameters between the two groups and establish a prediction model through multivariate logistic regression analysis. the ROC curve was performed for parameters with each individual and in combination.



Results

ADC, D, D* value between the two groups were statistically significant (P= 0.015,0.031,0). Six groups of texture parameters were statistically significant between the two groups (P=0.007,0.037,0.011,0.005,0.007,0.002). Logistic regression prediction model shows that GLCM entropy_ALL DIRECTION_offset7_SD and D* are important independent predictors, and the AUC of the regression prediction model was 0.821, the sensitivity was 92.98%, the specificity was 61.54%, and the Yoden index was 0.5452. The AUC was significantly higher than that of other single parameters.



Conclusion

3.0T MRI IVIM-DWI parameters combined with texture analysis can provide valuable information for EMVI evaluation of rectal adenocarcinoma before the operation.
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Introduction

Colorectal cancer is one of the common gastrointestinal tumors. The extra-mural vascular invasion (EMVI) refers to the outside muscularis propria rectum intravascular tumor cells. Previous studies have confirmed that MRI-detected extramural vascular invasion is an independent prognostic factor for synchronous metastasis in patients with rectal cancer (1). It is one of the important factors of poor prognosis of rectal cancer and is considered to be an important factor that causes local recurrence, lymph node metastasis, and distant metastasis of tumor (2, 3). The identification of EMVI is very important for choosing the best treatment for rectal cancer. Magnetic resonance imaging (MRI) is the standard method for preoperative evaluation of rectal cancer by EMVI, which has high sensitivity and medium specificity, and is based on the size of the tumor and the location of the corresponding blood vessels (4). However, high-resolution magnetic resonance imaging can only provide limited morphological information and can’t represent all the information of tumor heterogeneity. Therefore, we want to explore some more accurate methods to evaluate the role of EMVI in rectal carcinoma. Intravoxel incoherent motion (IVIM) is a method to evaluate diffusion-weighted imaging (DWI) with the use of multiple b values to separate the contribution of perfusion from tissue diffusion (5), which may provide more information for predicting and evaluating EMVI of rectal cancer. Texture analysis (TA) extracts texture features that cannot be recognized by the naked eyes by computer software, and can quantify the gray scale, space and structure of MRI image pixels. The obtained parameters can be used to quantitatively evaluate the heterogeneity of different lesions, assess the lesions microenvironment, and evaluate the curative effect after tumor treatment (6, 7). This study intends to conduct a retrospective analysis of IVIM-DWI parameters and TA characteristics in both negative and positive groups of rectal adenocarcinoma. In addition, the predictive value of IVIM-DWI combined with quantitative parameters of TA parameters based on MRI in preoperative EMVI rectal adenocarcinoma was explored.



Materials and Methods


Patients and Clinical Information

This retrospective study was approved by the institutional review committee, and the requirement of informed consent of patients was waived. A total of 96 patients with rectal adenocarcinoma from June 2018 to December 2020 were collected in a retrospective way, including 59 males and 37 females (age 60.1 ± 11.1). The patients received MRI and IVIM-DWI, who underwent radical resection within 1 month after the MRI scan. 39 patients with positive EMVI and 57 patients with negative EMVI confirmed by pathology after surgery. Inclusion criteria: (1) the tumor of the patient was confirmed as rectal adenocarcinoma by surgery and pathology. (2) the pathological report included EMVI. (3) the patient did not receive any non-operative treatment, such as radiotherapy or chemotherapy, before the operation. (4) the patient is scanned on the same MRI platform with a unified imaging protocol. (5) the image quality was adequate for diagnosis and measurement. Exclusion criteria: (1) incomplete pathological result(n=5).(2)previous treatment(radiation or chemotherapy)(n=20). (3) MRI contraindications or MRI quality that cannot meet the diagnostic requirements(n=2). (4)Poor MRI image quality or IVIM-DWI scanning sequence is incomplete(n=2). The patient selection process is shown in Figure S1.



Imaging Protocol

MRI examinations were performed on a 3.0-T system (Signa HDXT, General Electric Healthcare, Waukesha, WI, USA), which was equipped with an eight-channel torso array coil. All patients were scanned by conventional sequence and IVIM-DWI with multiple b values. Patients was placed in the supine position and breathed freely during collection. In the chemical shift selective saturation (CHESS) sequence, the axial IVIM-DWI with FS was obtained by using single-shot echo-planar imaging (EPI) pulse sequence, which has 10 b values (0, 10, 20, 50, 100, 200, 400, 800, 1,200 and 1,500 s/mm2), repetition time (TR) = 4000 ms, echo time (TE) =75 ms, FOV 42 cm×42 cm, matrix 96×130, slice thickness/gap: 4 mm/1 mm, number of excitations (NEX) = 6. Liver acquisition with a volume acceleration (LAVA) sequence was used for contrast-enhanced pelvic imaging, and a high-pressure injector (Optistar LE; Mallinckrodt; Cincinnati, Ohio, USA) was used for injection of contrast material (0.1 mmol/kg, Gadodiamide, General Electric Healthcare, USA). The details of the LAVA MR parameters are as follows: TR=4.5 ms, TE =1.3 ms, flip angle =15°, NEX = 1, band width =166.67 kHz. These images were obtained from multiple phases after injection of the contrast agent in the axial and sagittal planes (postcontrast at 20 s, 60 s, and 120 s in axial planes and 150 s in sagittal planes).



Radiologic Evaluation

Two radiologists with more than 10 years’ experience in MRI diagnosis analyzed and measured the images. They were blind to the pathological results, and discrepancies were resolved by consensus. Using GE ADW 4.6 workstation, Function tool-MADC software was used to measure IVIM-DWI parameters. The largest area of horizontal tumor was selected for measurement. For the region of interest (ROI), the areas with homogeneous signal intensities were selected and round areas (approximately 25-30 mm2) were drawn manually on the parametric maps by two radiologists. The ROIs drawing should avoid the areas of susceptibility artifacts, large necrosis and cystic areas and hemorrhage. The same level was measured three times and the mean value was obtained. The parameters measured by IVIM-DWI included the following: apparent diffusion coefficient(ADC), pure diffusion coefficient(D), pseudo diffusion coefficient (D*), and perfusion fraction(f).

All patients’ magnetic resonance images were exported from PACS workstation in DICOM format. The largest area of level tumor of enhanced venous phase (postcontrast at 60 s in axial planes)was selected to measure for Texture analysis, and we used the ITK-SNAP software to sketch the ROI. At the same time, the IVIM-DWI images were referenced. After the discussion of two senior attending radiologists, ROI was determined, and the tumor boundary was drawn manually. The ROI should cover the whole tumor as much as possible on the largest area of the tumor (Figure 1). Texture analysis parameters were obtained after dimension reduction and feature screening by the A.K software(Analysis Kit, Kinetics Version 2.1, GE Healthcare) (Table S1). 197 texture features were extracted, and the lasso algorithm was used to reduce dimension and select features, and the results were obtained.




Figure 1 | A 45-year-old male patient with rectal adenocarcinoma. (A) The right lateral wall of the rectum was invaded, and the origin of the vessels was changed (white arrow). (B–E) After selecting the ROI on the DWI image, the IVIM-DWI parameters ADC,D,D* and f value were obtained. (F) Texture analysis, The radiologist mapped the ROI on the maximum size of the lesion. (G) The postoperative specimen of this patient is confirmed by pathology to be differentiated Adenocarcinoma of Rectum and EMVI positive, ulcerated, and the red circle shows intravascular cancer embolus (HE 400).





Histopathology Evaluation

All the patients underwent total mesorectal excision, which was confirmed by pathology after operation. According to the definition of EMVI in pathology (8), the positive criteria for EMVI were as follows: tumor cells were observed by HE staining to encase and invade the adipose tissue around the intestinal wall or the vascular wall under the serous membrane, or tumor cells invaded the vascular lumen outside the intestinal wall to form tumor cell emboli.



Statistical Analysis

We used SPSS statistical analysis (SPSS 22.0, IBM Corporation, Armonk NY, USA) and MedCalc(16.8.4 version) software, and the intraclass correlation coefficients (ICCs) were used to evaluate the consistency between interobserver in IVIM-DWI and TA parameters measurement (ICC >0.75 means almost complete consistency). Then, the normal distribution of IVIM-DWI parameters and TA parameters were tested. The values that conform to the normal distribution are represented by  ± s, and those that do not conform to the normal distribution are represented by median (quartile). According to the characteristics of data distribution, an independent sample T-test or non-parametric test (Mann-Whitney U rank-sum test) was used for comparative analysis, and P < 0.05 was statistically significant. Using the Receiver Operating Characteristic (ROC) curve analysis, we choose the maximum Yoden Index as the critical value, and calculate the area under the curve (AUC, 95% ci) as a valuable parameter, sensitivity, specificity, so as to evaluate the diagnostic effect of these parameters on EMVI negative and positive rectal adenocarcinoma.

Finally, statistical significance parameters are included in multiple logistic regression analysis, EMVI differential diagnosis model of rectal adenocarcinoma is established, and ROC curve analysis was used to obtain the diagnosis effect of the predictive model. Z test was carried out for the prediction model and the ROC curve of a single parameter in IVIM-DWI and TA.




Results

The results showed that the two radiologists have good inter-observer consistency in IVIM-DWI parameters and TA parameters, and the ICCs is between 0.81 and 0.90.

ADC, D, and D* of the EMVI positive group were 0.91(0.15)×10-3 mm2/s, 0. 67(0.35)×10-3 mm2/s and 13.5(27.62)×10-3 mm2/s, respectively. The negative group parameter was 0.78(0.27)×10-3 mm2/s, 0.53(0.23)×10-3 mm2/s, 5.33(4.43)×10-3 mm2/s, there was statistical significance between the two groups (Table 1). Among them, the AUC of D* is the highest (0.731), and its sensitivity and specificity were 87.72% and 56.41%, respectively. The Yoden index was 0.4413 (Figure 2).


Table 1 | Statistical results of IVIM-DWI parameters between the EMVI positive group and the EMVI negative group of rectal adenocarcinoma.






Figure 2 | The ROC analysis for the IVIM-DWI parameters of the EMVI positive group and the EMVI negative group.



The 197 texture features extracted from the image are selected by dimensionality reduction, and six groups of texture parameters are obtained as follows: histogramEnergy, MeanDeviation, uniformity, Correlation_AllDirection_offset4_SD, GLCMEntropy_AllDirection_offset4_SD, GLCMEntropy_AllDirection_offset7_SD. All these six parameters have statistical significance between EMVI positive and negative groups (P < 0.05) (Table 2).


Table 2 | Statistical results of TA between the EMVI positive group and the EMVI negative group of rectal adenocarcinoma.



The diagnostic efficacy of IVIM-DWI and TA parameters was compared (Table 3). The maximum AUC of ROC of GLCMEntropy_AllDirection_offset7_SD is 0.691. The sensitivity and specificity of this parameter were 96.49% and 35.90%, respectively. The Yoden index was 0.3239 (Figure 3).


Table 3 | The ROC analysis for each individual feature, and IVIM-DWI combined with TA.






Figure 3 | The ROC analysis for the TA parameters of the EMVI positive group and the EMVI negative group.



In this study, all independent variables with statistically significant differences between groups were included in logistic regression, and we found that GLCMEntropy_AllDirection_offset7_SD(OR = 0, P = 0.003)、D*(OR = 0, P = 0)were important independent predictors, and a multivariate logistic regression diagnosis model was established. The AUC, sensitivity, specificity, and Yoden index of the ROC curve were 0.821, 92.98%, 61.54%, and 0.5452, respectively (Figure 4 and Table 3). Delong.test was performed on the ROC curves of the prediction model, IVIM-DWI, and TA, which showed that the AUC of the prediction model was significantly higher than that of other single parameters (P < 0.05).




Figure 4 | The ROC analysis for the Logistic regression prediction model of the EMVI positive group and the EMVI negative group.





Discussion


Application of IVIM-DWI Parameters in EMVI Evaluation of Rectal Adenocarcinoma

The basic principle of IVIM-DWI imaging is that multiple b values are applied to DWI sampling, and the standard ADC, D, D* and f values through double-exponential fitting analysis. Different from the traditional single-index DWI sequence, the IVIM-DWI sequence can show water diffusion and microcirculation perfusion, when b<200 s/mm2, It reflects the information of microcirculation perfusion, when b>200 s/mm2, it reveals the diffusion movement of pure water molecules. Therefore, IVIM-DWI can quantify the diffusion coefficient and microcirculation perfusion information accurately. More information can be provided for clinical diagnosis (9, 10).

In this study, ADC value and D value show that the diffusion of water molecules in the two groups is obviously limited, which was consistent with the biological signs of malignant adenocarcinoma, such as higher cell density, less free water molecules in the tumor cells, smaller extracellular space and so on. D value excluded the influence of blood perfusion, could more accurately reflect the diffusion ability of simple water molecules in tissue cells, and accurately provide the proliferation information such as nuclear atypia and nuclear-plasma ratio of tumor cell. In this study, ADC values and D values in the positive EMVI group are higher than those in the negative group, with a statistically significant difference between the two groups (P <0.05). which is consistent with the Sun et al. study (11). The author analyzed the reasons and found that the positive groups had higher pathological T staging (≥T3), and the tumor tissue would break through the Lamina propria and might invade the mesorectum, Therefore, the tumor cells in the positive group had more growth space than the negative group, and the water molecules in the positive group were less restricted than those in the negative group. In the negative group, the stage of tumor tissue was T2 or T1, and the tumor was confined to the intrinsic muscularis propria but had not yet broken through the intrinsic muscularis, so the growth space of tumor cells was relatively limited. The density of tumor cell was large, the proportion of nuclear plasma was high, and the diffusion of water molecules was obviously limited.

In this study, D* value in the EMVI positive group were higher than those in the negative group, and the difference between the two groups is statistically significant (P <0.05). The f value between the two groups was not statistically significant (P > 0.05), and there were few research records. Surov et al. (12) reported that D* was positively correlated with the grade of rectal cancer. On the contrary, f value was not correlated with the grade of the tumor, which was coarsely consistent with this study. D* and f values reflect the information of microcirculation perfusion in the selected voxel, in which D* value represents the diffusion effect of microcirculation perfusion in the voxel, and D* value reflects the microcirculation blood perfusion in the capillary network, and D* value is related to the average vessel diameter of the microvessels. F value represents the volume percentage of microcirculation perfusion effect in voxel in the overall diffusion effect, reflecting the blood volume of capillaries, and has a good correlation with the total area and the number of blood vessels. Because of the proliferation of tumor cells and angiogenesis of rectal adenocarcinoma, the new tumor blood vessel grows too fast, showing an irregular shape, increasing average diameter of capillary, resulting in a large number of immature new blood vessels; Therefore, it reflects the ability of tissue perfusion D* value rise with the increase of tumor malignant degree, and tumor malignancy degree will have a certain positive correlation (13). When evaluating the diagnostic efficacy of IVIM-DWI parameters by ROC curve, AUC of D* value was the highest, which fully proved that D* value was significantly different between the negative and positive EMVI groups and could be used as an important index for differential diagnosis. In this study, we found that there was no statistical difference in f value, which reflected the microcirculation blood volume between the two groups. It can be concluded that f value was the volume percentage of the perfusion effect to the total diffusion effect, and f value was influenced by perfusion and diffusion of common tumor tissue, and was related to tumor tissue proliferation, cell density, the pure diffusion of water molecules, the number of new blood vessels, total area of tumor angiogenesis, microcirculation blood flow velocity, etc. The value of f was influenced by many factors, so there was no statistical difference in this group.



Application of TA in EMVI Evaluation of Rectal Adenocarcinoma

Radiomics aims to translate medical images into quantitative data, defined as biomarkers, which may reveal a deeper level of detail than that, which is accessible to the unaided human eye, so as to quantify tumor phenotypes, which could aid in clinical decision-making (14).Radiomics may provide quantitative and objective support for decisions surrounding cancer detection and treatment (15, 16).TA belongs to radiomics. TA by mathematical methods of quantitative imaging image pixel gray level statistics and spatial distribution and structure information, to extract the texture feature which cannot be identified by the naked eye, revealing the heterogeneity of tumor histologic features and certain genes, and by using the quantitative information of the differential diagnosis of the disease, grading, classification and evaluation of curative effect (7, 17). At present, TA technology has been widely used in the diagnosis, effect evaluation and prognosis prediction of tumors in the brain, lung, breast, liver and pelvic cavity (18–21). It is mainly used in the staging of rectal cancer and the evaluation of neoadjuvant chemotherapy, etc. However, very few studies are documented on EMVI in rectal cancer (22). Texture features extracted by texture analysis include: first-order features, which is also known as histogram analysis. It describes the grayscale distribution of individual pixel values in the ROI, including MeanValue, variance, skewness, kurtosis and entropy. Second-order characteristics can calculate two adjacent pixels and local texture feature, commonly used method including gray level co-occurrence matrix (GLCM) and gray-level run-length matrix (GLRLM), etc. The higher-order feature uses statistical method to analyze the local image information.

In this study, six texture features are finally selected, including HistogramEnergy, MeanDeviation, Uniformity, Correlation_AllDirection_offset4_SD, GLCMEntropy_AllDirection_offset4_SD, and GLCMEntropy_AllDirection_offset7_SD. The histogram energy is the voxel value in the image, and a larger value means a larger sum of the squares of these values. Correlation is one of GLCM features, which indicates the linear correlation between gray value and their respective voxels in GLCM. GLCM entropy refers to the uncertainty or randomness in the image value. A higher entropy value means that the distribution of elements within the image is scattered and disordered, which indicates that the more complex the texture information within the tumor, the higher the heterogeneity of the tumor. In this study, the EMVI positive value of four texture feature parameters (HistogramEnergy, Correlation_AllDirection_offset4_SD, GLCMEntropy_AllDirection_offset7_SD) is higher than that of the EMVI negative group, indicating that tumors in the EMVI positive group have more heterogeneous biological behaviors. Image texture distribution is uneven, and texture information is more complex and invasive, which accords with the biological characteristics of EMVI-positive tumors with higher malignant degree. The MeanDeviation is one of the first-order features, which refers to the average distance between all intensity values and the average of the image array. Uniformity is also a first-order feature, which is a measure of the uniformity of the image array, in which greater uniformity means a smaller range of discrete intensity values. In this study, the MeanDeviation value of EMVI positive deviation is lower than that of EMVI negative group, and the Uniformity is greater than that of EMVI negative groups, which promotes the even distribution of the image pixel in the EMVI positive group. The author analyzed that when TA was measured in venous phase in this case, EMVI positive tumor was larger than EMVI negative tumor, and there were more venous drainage vessels in the phase, and the venous images were uniform, which might be the reason for this result.

The difference of 6 texture parameters between EMVI positive group and EMVI negative group was statistically significant, which indicated that texture analysis can provide quantitative information for the discrimination between negative and positive EMVI. Liu et al. (23) analyzed the correlation between the texture characteristics of ADC map and rectal cancer stages and found that entropy could be used as an independent predictor of outer wall invasion, suggesting that entropy-based on ADC map texture characteristics was also a significant assessment of rectal cancer EMVI, which was consistent with the conclusion of this study. In addition, among the six texture analysis parameters to evaluate the EMVI positive of rectal adenocarcinoma, the area under the ROC curve of GLCMEntropy_AllDirection_offset7_SD was the highest (0.691), and its sensitivity and specificity were 96.49% and 35.90%, respectively, which indicates that the diagnostic efficiency of correlation is high. Therefore, the value of MRI texture analysis in EMVI positive diagnosis of rectal adenocarcinoma is confirmed.



The Predictive Significance to Combine Values of IVIM-DWI and TA in EMVI of Rectal Adenocarcinoma

The parameters calculated by IVIM-DWI using the double-exponential diffusion attenuation model can reflect the diffusion of water molecules in tissues and capillary microcirculation perfusion (24). Although the organization’s information is reflected from the molecular level, the information provided is still limited. TA can extract a large number of texture features that cannot be recognized by the naked eye to reflect inter-tissue heterogeneity, which has become a hot spot in medical and scientific research. IVIM-DWI and TA have been applied to preoperative assessment of rectal cancer and have shown some predictive value and potential for clinical application. (25–27). However, the diagnostic value of IVIM-DWI combined with TA for EMVI of rectal adenocarcinoma has not been reported. In this study, IVIM-DWI and TA are combined, and these two valuable parameters are brought into the logistic regression analysis, and a multivariate logistic regression analysis diagnosis model was constructed. From this, it was concluded that GLCMEntropy_AllDirection_offset7_SD and D* were two important independent predictors. In this study, GLCMEntropy_AllDirection_offset7_SD can reflect the heterogeneity of tumor and is an important parameter to distinguish negative and positive EMVI, while D* can reflect the microcirculation perfusion of the capillary network, which is of great significance in the differential diagnosis. In addition, this study established the multi-factor logistic regression diagnosis model of AUC is 0.821, the sensitivity of 92.98% and 61.54%, about an index is 0.5452, the AUC value and an index were greater than IVIM-DWI and any other parameters in the TA. This shows that the diagnostic efficiency is higher, and it reflects that the IVIM-DWI and TA are effective combined diagnostic methods for EMVI. The combination of IVIM-DWI and TA can better reflect the pathology and micromorphology of rectal Adenocarcinoma, and further improve the ability of preoperative prediction EMVI of rectal Adenocarcinoma.



Research Deficiencies and Prospects

There are still many limitations in this research. Firstly, the number of patients enrolled in this study is not large. Therefore, it is necessary to increase the sample size in future research. Secondly, the ROI selection of IVIM only selects the part of the limited diffusion areas that cannot contain all the tumor information at this level. In addition, the ROI selection of TA parameters was selected and measured at the two-dimensional level, which fails to reflect the tumor imaging omics information in the three-dimensional full volume. In future studies, we will continue to increase the sample size and improve the data measurement method, so as to provide more accurate and objective quantitative analysis data for EMVI differentiation of rectal adenocarcinoma patients, help clinicians to assess the prognosis of patients and provide more basis for clinical treatment options.




Conclusions

IVIM-DWI parameters of rectal adenoma reflect the degree of water molecule diffusion and microcirculation perfusion, providing quantitative information for clinical diagnosis. TA parameters can extract the multi-dimensional imaging features of selected tumors, better reflect the biological behavior and heterogeneity of tumors, and provide more information for differential diagnosis. The diagnostic efficacy of the combined prediction model of the two methods is superior to that of the single method, providing a more objective and accurate method for the prediction of EMVI,which can effectively make up for the deficiency of high-resolution MRI. Because it is important to accurately detect EMVI before treatment, it may affect the best treatment decisions, such as neoadjuvant therapy before operation. Our research may provide a better tool for clinical decision making.
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Background

Recently, increasing evidence has suggested that Glutamine-fructose-6-phosphate transaminase 2 (GFPT2) is related to carcinogenesis. However, the potential roles of GFPT2 in colon cancer still need to be fully investigated.



Methods

We examined the protein levels of GFPT2 by immunohistochemistry (IHC) in tissues collected from 83 patients with colon cancer. We further detected GFBPT2 protein levels by Western Blot assay. We checked the relationship between GFPT2 expression levels and overall survival (OS), stromal and immune scores and immune components from The Cancer Gene Atlas (TCGA) database. GFBP2-related pathways were validated in the Cancer Cell Line Encyclopedia (CCLE) database. Expression of GFPT2 in single cell subpopulations was calculated from The Tumor Immune Single Cell Center (TISCH). The levels of GFPT2 and drug sensitivity data were performed from CellMiner dataset.



Results

GFPT2 was highly expressed and correlated with poor pathological features in 83 colon cancer patients. Moreover, increased GFPT2 expression was significantly associated with poorer OS in 329 colon adenocarcinoma (COAD) patients. Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis showed the differentially expressed genes of GFPT2 were mostly enriched in focal adhesion, ECM receptor interaction, JAK/STAT signaling pathway and immune related pathways. In addition, GFPT2 expression was correlated with the tumor microenvironment (TME). GFPT2 expression was linked to cancer-associated fibroblasts (CAFs)-associated factors and epithelial-mesenchymal transition (EMT)-related factors. GFPT2 was positively correlated with immunosuppressive cells and regulated immunosuppressive factors and T-cell exhaustion. Finally, our data suggested that the expression of GFPT2 may be a judgment of the sensitivity of a certain class of drugs.



Conclusions

Our work reveals the roles of GFPT2 in tumorigenesis, particularly in immune response, TME and drug resistance, which are crucial for the development of customized cancer therapies.
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Background

Colon cancer is a common malignant tumor of the gastrointestinal tract occurring at the junction of the rectum and sigmoid colon, with the highest incidence in the age group of 40 to 50 years old, and the ratio of men to women is 2 to 3:1 (1). Globally, colon cancer is the third and second most commonly diagnosed cancer in men and women, respectively, with 1.9 million new cases and nearly 935,000 deaths in 2020 (2). Incidence and mortality rates are significantly higher in men than in women. Tumor cells in colon cancer usually invade lymphatic vessels, blood vessels or other channels from the primary site and continue to grow there, forming the same type of tumor as the primary site. Metastasis is a characteristic of colon cancer deterioration. Distant metastases from colon cancer are mainly in the liver, and about 50% of patients will have preoperative or postoperative liver metastases. About 30% of patients have insidious liver metastases that cannot be detected by ultrasound or CT before surgery. However, only a small percentage (10%-20%) are suitable for surgical resection, and 70% of them recur postoperatively (3, 4). Therefore, it is crucial to find new treatments for colon cancer.

Tumor cells live in a stressful environment with various important nutrients such as glucose, glutamine and oxygen in dynamic changes (5, 6). Therefore, their major biomolecules including polysaccharides, proteins, lipids, nucleic acid synthesis, and energy and NADPH production are altered to adapt to their survival and proliferation requirements (7). Otto-Warburg first observed in their experiments that tumor tissues can take up large amounts of glucose in the presence of adequate glucose and oxygen levels in the in vitro culture environment. Interestingly, however, pyruvate produced by tumor cells through glycolysis was not coupled to the tricarboxylic acid cycle (TCA cycle) in the mitochondria, but was converted to lactate and they called this phenomenon the ‘Warburg effect’ (8). Glutamine-fructose-6-phosphate transaminase (GFPT) is the rate-limiting enzyme of the hexosamine biosynthetic pathway (HBP) and consists of the unlinked highly homologous genes GFPT1 and GFPT2 encoding the transaminase, one of the most common and important pathways in glucose metabolism responsible for glycosylation (9, 10). GFPTs catalyze the formation of glucosamine-6-phosphate from glucosamine and fructose-6-phosphate, and glucosamine infusion can bypass this pathway (11). Recent studies have shown that aberrant expression of GFPTs can lead to reprogramming of fibroblast metabolism in lung adenocarcinoma (12–14) and also GFPT2 is highly expressed in more aggressive breast cancer cell lines (11).

In this study, we found that GFPT2 was highly expressed in colon adenocarcinoma and that high expression was associated with poor pathological features and poor clinical prognosis. By analyzing the signaling pathways of the gene, we found that the gene mediates pathways related to tumor development, and more interestingly, the gene was associated with the tumor microenvironment and immune-related signaling pathways. Overall, our findings uncovered new evidence of functional properties associated with metabolic reprogramming in colon cancer, as well as potential new therapeutic pathways.



Methods


Patients and Tissue Samples

We obtained tissue samples from 83 colon cancer patients collected from the Affiliated Huaian No.1 People’s Hospital of Nanjing Medical University. These tissue samples were collected from 2015 to 2021, and they all had complete clinicopathological data, and all samples were de-identified. These data included sex, age, cellular differentiation, TNM stage, primary tumor size, and lymph node metastasis status. All procedures in this study involving human material were approved by the committee of the Affiliated Huaian No.1 People’s Hospital of Nanjing Medical University, and consent forms were acquired from all patients.



Immunohistochemistry (IHC)

The colon cancer tissues were embedded in paraffin and cut off in sections (4 μm). The tissue samples were de-paraffined with xylene and hydrated with graded ethanol. Slices were treated with 1× citrate repair solution at 100°C for 30 minutes. Next, tissue sections were placed in 3% hydrogen peroxide for 15 minutes at room temperature. Then, the sections were blocked with 5% bovine serum albumin (BSA) (Sigma, A3294) for 1 hour at room temperature. The tissue sections were incubated overnight at 4°C with primary antibody (anti-GFPT2, Thermo Fisher Scientific, PA5-26290, 1:100 dilution). The next day, the sections were incubated with secondary antibody (Goat anti-Rabbit, Dako, P0448) at 37°C for 1 hour. Then DAB (DAB and Substrate Chromogen System, Dako) and hematoxylin staining of the nuclei were performed. The staining intensity was graded as follows: negative- (<10% positive cells), positive+ (11%-30% positive cells); positive++ (31%-50% positive cells); positive+++ (51%-100% positive cells). Negative- and positive+ were considered as low GFPT2 expression, and positive++ and positive+++ were considered as high GFPT2 expression.



Western Blot

Tissues were cut and digested by RIPA buffer (Beyotime Biotechnology, Shanghai, China) and the concentration of proteins were measured using BCA™ Protein assay kit (ThermoFisher Scientific). Total 30 μg protein was separated by SDS PAGE gels and transferred to 0.2 µm PVDF membrane (Millipore). After blocking with 5% fat free milk, membrane was incubated with primary antibodies (anti-GFPT2, Thermo Fisher Scientific, PA5-26290, 1:1,000 dilution; anti-GAPDH, abcam, ab8245, 1:5,000 dilution) at 4°C overnight. The next day, the membrane was incubated with secondary antibodies (Cell Signaling Technology, #14708 or #14709, 1:10,000 dilution) for 2 hrs at room temperature. Then the membrane was exposed after using ECL reagent Supersignal West Pico chemiluminescent Substrate (ThermoFisher Scientific).



Data Acquisition

The RNAseq data of COAD samples were downloaded from The Cancer Gene Atlas TCGA dataset (https://portal.gdc.cancer.gov/). The RNAseq data were log-transformed in Fregments Per Kilobase per Million (FPKM) format. Then, the data of normal tissue was removed, and gene expression data and clinical information were merged.



Survival Analysis

For survival analysis, age was incorporated to exclude the effect of age on survival time, and survival data were statistically analyzed by the survivor R package and visualized visualized for 329 COAD samples by the survminer R package. P value was calculated from Log-rank test.



Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) Analysis

COAD samples were divided into GFPT2 low and high expression groups for differential analysis, and differentially expressed genes were obtained (P < 0.05). GO and KEGG enrichment analysis was performed using the ClusterProfilter R package, and significant enrichment pathways were obtained (P < 0.05). P values were adjusted using the BH method.



Validation of the Cancer Cell Line Encyclopedia (CCLE) Database

The CCLE database (https://sites.broadinstitute.org/ccle/) provides high-throughput sequencing results of cell lines from over 1100 different tumor types, including LOVO, HCT116, SW480 and SW620, and a total of 56 intestinal cancer cell lines (15). The genes associated with GFPT2 were analyzed by Pearson using the CCLE database, and the final genes were screened by Pearson correlation coefficient r>0.5 and p-value <0.001.



Analysis of Stromal and Immune Cell Infiltration

Stromal, immune cell, ESTIMATE and tumor purity scores were obtained by the ESTIMATE (Estimation of STromal and Immune in MAlignant Tumors Using Expression Data) algorithm (16). The stromal, immune scores were used to check the infiltrative expression of stromal and immune cells in COAD. The contents of immune cells in each sample were calculated using CIBERSORT. The correlation coefficient between gene expression and immune cells was calculated by Cor.test function, and the correlation between gene expression and immune cells was tested using spearman. Visualization was performed using the ggpubr R package.



Single Cell Analysis

The Tumor Immune Single Cell Center (TISCH) (http://tisch.comp-genomics.org/) was used to study the expression of the GFPT2 gene in the tumor microenvironment as a single cell subset. TISCH is a scRNA-seq database focused on the tumor microenvironment (TME). TISCH provides detailed at the single cell level annotation of cell types, allowing one to explore TME in different cancer types (17). In this dataset, there are three main cell types, including immune cells, stromal cells, and malignant cells.



GFPT2 Co-Expression Heatmap Analysis

The GFPT2 expression, the expression levels of JAK STAT signaling pathway-related genes (JAK1, JAK2, JAK2, TYK2, STAT1, STAT2, STAT3, STAT4, STAT5A, STAT5B, STAT6) were obtained from COAD samples in TCGA dataset. The heatmap was visualized with ggplot2. Pearson correlation coefficient tests were used to estimate the association between the GFPT2 expression and other genes.



Corrplot of GFPT2 and Other Factors

The GFPT2 expression and other factors (CAFs-associated factors, EMT-related factors, T cell exhaustion factors, immunosuppressive factors) were obtained from COAD samples in TCGA dataset. The corrplot package was performed and the pearson correlation coefficient tests were used to estimate the association between the GFPT2 expression and other factors.



Drug Sensitivity Analysis

Gene expression and drug sensitivity data were downloaded from CellMiner dataset, and we removed drugs without clinical trials or FDA approval. The correlation coefficients between GFPT2 expression and drug sensitivity were calculated using the cor.test function in R language, and correlation tests were done. We defined P < 0.05 as the correlation between the target gene and drug sensitivity was significant. If the correlation coefficient was greater than 0, it means that there was a positive correlation between GFPT2 expression and drug sensitivity.




Results


GFPT2 Is Highly Expressed in Colon Cancer and Correlates With Poor Pathological Features

To explore the roles of GFPT2 in patients with colon cancer, we first investigated the expression levels of GFPT2 in colon cancer. We collected tissues from 83 colon cancer patients and detected the protein levels of GFPT2 by immunohistochemistry (IHC) assy. Figure 1A shows typical images of GFPT2 expression levels in colon cancer tissues and corresponding paraneoplastic tissues. Our results showed that GFPT2 was an oncogene highly expressed in colon cancer tissues compared to paraneoplastic tissues (Figures 1A, B). Western Blot analysis also further confirmed that GFPT2 protein levels were significantly higher in colon cancer tissues than in paracancerous tissues (Figure 1C).




Figure 1 | GFPT2 is highly expressed in colon cancer and correlates with poor pathological features. (A) The typical images of GFPT2 expression levels in colon cancer tissues and corresponding paracancerous tissues by immunohistochemistry (IHC). (B) GFPT2 was shown to be significantly higher in colon cancer tissues compared to paracancerous tissues. (D) Representative images of different GFPT2 (negative-, positive+, positive++, positive ++++) protein levels by IHC. (C) Western blot analysis of GFPT2 expression levels in 5 pairs of colon cancer tissues and paracancerous tissues; GAPDH was used as the loading control. (E) GFPT2 protein levels from different TNM stages (I/II stage or III/IV stage) in 83 colon cancer tissues. (F) The different GFPT2 positive levels (-, +, ++, ++++) in I/II stages were 9.80%, 49.02%, 33.33% and 7.85%, respectively; and 3.12%, 34.38%, 37.50% and 25.00% in III/IV stage, respectively. (G) GFPT2 protein levels from different NODE metastasis status (N0, N1, N2) in 83 colon cancer tissues. (H) The positive levels of different GFPT2 (-, +, ++, ++++) were 9.80%, 49.02%, 33.33% and 7.85% in N0 stage, respectively; and 5.26%, 52.63%, 21.05% and 21.06% in N1 stage, respectively; and 0.00%, 7.69%, 61.54% and 30.77% in N2 stage, respectively. (I) The overall survival (OS) of GFPT2 in the TCGA database was used by Kaplan-Meier in 329 COAD samples from TCGA dataset. *P < 0.05; ***P < 0.001; ****P < 0.0001.



We further investigated the correlation between the expression levels of GFPT2 and the pathological characteristics of colon cancer patients. As shown in Table 1, high levels of protein expression of GFPT2 were positively correlated with unfavorable clinicopathological features in 83 samples of colon cancer patients. Specifically, increased GFPT2 levels were positively associated with advanced TNM (χ2 = 7.803, P=0.005 <0.01), advanced primary tumor size (χ2 = 5.896, P=0.015 <0.05) and excessive lymph node metastasis (χ2 = 10.008, P=0.007 <0.01). However, protein expression of GFPT2 showed no correlation in patient’s gender, age, and cell differentiation (P > 0.05). We showed the representative images of the protein levels of different GFPT2 (negative-, positive+, positive++, positive ++++) in Figure 1D. Our results showed that more advanced TNM stages had higher GFPT2 expression levels than early TNM stages (Figure 1E). Moreover, the different GFPT2 positive levels (-, +, ++, ++++) in early TNM stages were 9.80%, 49.02%, 33.33% and 7.85%, respectively; and 3.12%, 34.38%, 37.50% and 25.00% in late TNM, respectively (Figure 1F). In addition, more cases of lymph node metastasis were positively correlated with higher GFPT2 levels (Figure 1G). The positive levels of different GFPT2 (-, +, ++, ++++) were 9.80%, 49.02%, 33.33% and 7.85% in N0 stage, respectively; and 5.26%, 52.63%, 21.05% and 21.06% in N1 stage, respectively; and 0.00%, 7.69%, 61.54% and 30.77% in N2 stage, respectively (Figure 1H).


Table 1 | Association between GFPT2 protein expression and clinicopathological characteristics in colon cancer tissues.



To further explore the relationship between GFPT2 expression and prognosis of colon cancer patients, we investigated the overall survival (OS) of GFPT2 in the TCGA database using Kaplan-Meier. The results showed that high GFPT2 expression was significantly associated with poorer OS in 329 patients with colon adenocarcinoma (COAD) (P=0.028 < 0.05) (Figure 1I). We concluded that GFPT2 expression levels were associated with poor pathological characteristics and poor prognostic features in patients with colon cancer.



GFPT2 Is Associated With Tumor-Associated Enrichment Pathways

To explore the expression and pathway enrichment of GFPT2 in the TCGA database, we analyzed GFPT2 and related genes in COAD cases. We performed GO analysis using the ClusterProfiler R package and obtained GFPT2 significantly enriched functions and pathways (P < 0.05). We displayed 30 pathways significantly enriched with GFPT2 that were associated with important tumor-related pathways, including pathways in cancer, Focal adhesion, Adhersion molecules cams, ECM receptor interaction, JAK-STAT signaling pathway and MAPK signaling pathway (Figures 2A–E), suggesting that GFPT2 may play important function in tumorigenesis and progression of colon cancer. In cell biology, focal adhesion and ECM receptor interaction mediate the regulation of cell adhesion to the extracellular matrix (ECM) mainly through its transmission between the ECM and interacting cells (18, 19). They, therefore, play a central role in cell migration (19). Increased GFPT2 levels were positively linked to the enrichment of focal adhesion and ECM receptor interaction (Figures 2B, C), indicating that GFPT2 may have the essential position in stromal cell and invasive of tumors. Similarly, in the CCLE database, GFPT2 correlation analysis showed similar pathways as TCGA, such as cell adhesion mediator activity, protein binding involved in heterotypic cell-cell adhesion, cell-cell junction (Figure 2G).




Figure 2 | GFPT2 is associated with tumor-associated enrichment pathways. (A–E) KEGG enrichment pathways were performed using the clusterProfilter R package. (F) Heat map showing the relationship between GFPT2 and JAK-STAT signaling pathway-related genes. (G) GO and KEEG analysis were used to check the related functions and signaling pathways of GFPT2 in the sequencing results of CRC cell lines from CCLE database. **P < 0.01; ***P < 0.001; ns, no significance.



The JAK-STAT signaling pathway is an important pathway in cell biology that is involved in various vital physiological functions, including immunity, cell death and tumor formation (20). Abnormalities in JAK-STAT signaling will lead to various diseases, such as skin diseases, cancer and diseases affecting the immune system (21). It has four JAK proteins, namely JAK1, JAK2, JAK3 and TYK2 (21). Seven STAT proteins are involved, which can be identified as STAT1, STAT2, STAT3, STAT4, STAT5A, STAT5B and STAT6 (21). We demonstrated a remarkable positively related correlation between GFPT2 overexpression and proteins associated with the JAK-STAT signaling pathway (Figure 2F). JAK-STAT signaling is able to interconnect with other cellular signaling pathways, such as the MAPK/ERK pathway. JAKs phosphorylated receptors can bind to the SH2 binding domain of Grb2, an important protein in the MAPK/ERK pathway (20). In addition, MAPK (mitogen-activated protein kinase), can phosphorylate STATs, thus allowing STATs to increase gene transcription, which in turn promotes the JAK-STAT signaling pathway (20). Interestingly, our results revealed that an increase in GFPT2 promotes the MAPK signaling pathway (Figure 2E), a result consistent with previous published reports.

Interestingly, in addition to GFPT2 high expression enriching lots of tumor-related pathways, increased GFPT2 expression also enriched a large number of immune-related pathways, including Chemokine signaling pathway, Cytokine cytokine receptor interaction, Toll-like receptor signaling pathway, NOD-like receptor signaling pathway, Natural killer cell mediated cytotoxicity, B cell receptor signaling pathway and T cell receptor signaling pathway (Figure 2A).



Association of GFPT2 Levels With Tumor Microenvironment

We have known that GFPT2 expression related to ECM and immune pathways, since stromal cells and immune cells are major components of the tumor microenvironment (TME), so we speculated whether GFBP2 would be involved in TME. To confirm our hypothesis, we observed the correlation of GFPT2 expression with stromal cell and immune cell infiltrations. Our results revealed that increased GFPT2 expression was strongly and positively associated with stromal score (R=0.89, P<0.0001) (Figure 3A), immune score (R=0.64, P<0.0001), and ESTIMATE score (a combined score of stromal and immune cells) (R=0.82, P<0.0001) (Figures 3A–C), indicating that GFPT2 expression affects stromal and immune cell infiltrations. Interestingly, the high levels of GFPT2 were significantly and negatively linked to tumor purity (R=0.82, P<0.0001) (Figure 3D), suggesting that GFPT2 mainly affects the predominant activity of TME, which has essential position in stromal cell and immune cell infiltrations.




Figure 3 | Association of GFPT2 levels with tumor microenvironment. The association between GFPT2 expression levels and stromal score (A), immune score (B), and ESTIMATE score (C) and tumor purity score (D).





Correlation Between GFPT2 Levels and Stromal Cell Infiltration

The TME is composed of ECM, cancer-associated fibroblasts (CAFs), myofibroblasts, immune cells and other factors (22). In order to examine the relationship between GFPT2 levels and stromal cell infiltrations, we first surveyed the Tumor Immune Single-cell Hub (TISCH) (http://tisch.comp-genomics.org/) database (a single cell center) to investigate which cell subpopulations of GFPT2 are primarily expressed in. We explored a colon cancer single cell GSE dataset (GSC_GSE146771_Smartseq2) and found that GFPT2 was expressed in both immune and stromal cell single cell subpopulations (Figures 4A–C). Since the tumor-associated stromal cells mainly include endothelial cells, fibroblasts and myofibroblasts. We next investigated which stromal cell components were the cell subpopulations with high GFPT2 expression in colon cancer. The findings indicated that fibroblasts were the major GFPT2 expressing cells, and the expression of GFPT2 was very high in fibroblasts compared to other cell subpopulations (Figure 4C), indicating that GFPT2 has an important function in CAFs.




Figure 4 | Correlation between GFPT2 levels and stromal cell infiltration. (A–E) GFPT2 was expressed in both immune and stromal cell single cell subpopulations in a colon cancer single cell GSE dataset (GSC_GSE146771_Smartseq2) from TISCH dataset. (D) Corrplot was used to perform the correlation between GFPT2 levels and CAFs-associated factors. (E) Corrplot was used to perform the correlation between GFPT2 levels and EMT-related factors. **P < 0.01; ****P < 0.0001.



Next, we inspected the association among GFPT2 mRNA expression and biomarkers associated with CAFs. CAFs primarily express α-smooth muscle actin (α-SMA), fibronectin (FAP), cytoskeletal protein (Palladin), mucin-type protein (podoplanin), and prolyl 4-hydroxylase, while TGF-β, PDGF, HGF, FGF2 and THBS1 are the main factors that promote the activation of CAFs (23–25). S100A8/A9 could facilitate the proliferation of fibroblasts and worked in the differentiation of fibroblasts to myofibroblasts (26). In the current study, we noticed that the expression of GFPT2 had significantly positive correlation with the above mentioned markers related to CAFs (Figure 4D).

CAFs exert huge contributions in tumorigenesis and development, which can mainly boost angiogenesis, promote the initiation of EMT and affect the survival of tumor cells (27). To confirm the effects of GFPT2 expression on EMT, we examined the levels of GFPT2 in relation to EMT-related markers. The results showed that GFPT2 expression was highly correlated with EMT-related factors (Figure 4E).



Association of GFPT2 Levels With Immune Cell Infiltration

To better evaluate the influences of GFPT2 levels on immune cell infiltration, we calculated the correlation coefficients between GFPT2 expression and immune cells using the CIBERSORT method. The correlation between GFPT2 expression and immune cells was verified by spearman’s correlation test. There was a statistically significant positive correlation between increasing GFPT2 and immune cell fractions, including Macrophages M0, Neutrophils and activated Mast cells (Figures 5A–C). However, overexpression of GFPT2 adversely related to certain immune cell components, such as Monocytes, resting Mast cells, T cells follicular helper, plasma cells, activated CD4 T cells memory, activated NK cells, resting Dendritic cells, CD8 T cells (Figures 5A–C).




Figure 5 | Association of GFPT2 levels with immune cell infiltration. (A–C) The correlation coefficients between GFPT2 expression and immune cells using the CIBERSORT method. (D) Corrplot was used to perform the correlation between GFPT2 levels and T cell exhaustion factors. (E) Corrplot was used to perform the correlation between GFPT2 levels and immunosuppressive factors. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.



In general, T-cell depletion is vital factor for the effectiveness of immune checkpoint blockade (28). To further discuss the relevance of GFPT2 levels to marker genes of T-cell exhaustion, our results displayed a remarkable association of GFPT2 levels with LAG3, BTLA, PDCD1, TIGIT and CTLA4 (Figure 5D). Our analysis suggested that GFPT2 was mainly positively correlated with immunosuppressive cells, such as fibroblasts and macrophages, and therefore, we hypothesized that GFPT2 might be involved in the regulation of COAD as an immunosuppressive component. To verify this point, we conducted a correlation analysis between GFPT2 expression and key factors of immunosuppression. The results showed that GFPT2 levels were significantly and positively correlated with many immunosuppressive factors (Figure 5E).



The Relationship Between GFPT2 Expression Levels and Drug Sensitivity

We downloaded gene expression and drug sensitivity data from CellMiner and removed drugs without clinical trials or FDA approval and calculated the correlation coefficient between GFPT2 expression and drug sensitivity using the cor.test function and correlation in R language. We selected the top 16 drugs associated with GFPT2 by R value, and the results showed that GFPT2 expression was associated with a number of drugs, including Deforolimius, SGX-523, JNJ-38877605, Motesanib, Staurosporine, Itraconazole, CCT-128930, AZD-5363, AS-703569, AT-9283, Silmitasertib, Rigosertib, LY-294002, Rebimastat, PF-04217903 (Figure 6), and the higher GFPT2 expression was linked to better sensitivity of tumor cells to these drugs. And the expression level of GFPT2 was associated with increased resistance to By-Product of CUDC-305 (Figure 6). These results suggest that the expression of GFPT2 may be a judgment of the sensitivity of a certain class of drugs.




Figure 6 | The relationship between GFPT2 expression levels and drug sensitivity. The correlation coefficient between GFPT2 expression and drug sensitivity from CellMiner dataset.






Discussion

GFPT2, the rate-limiting enzyme of HBP, plays an important role in the metabolic activity of cells, especially in their glucose metabolism (29). Recently Liu et al. demonstrated that GFPT2 promoted metastasis and formed a positive feedback loop with p65 in colorectal cancer (29). Moreover, it was also reported that elevated GFPT2 expression was correlated with poor clinical outcome in non-small cell lung cancer (30). In our study, we found that GFPT2 was aberrantly expressed in CRC tumor tissues relative to normal tissues and that GFPT2 expression and clinical TNM staging as well were positively correlated, and analysis of the TCGA database also revealed that patients with high GFPT2 expression had decreased survival time. These results suggest that GFPT2 plays a facilitating role in the progression of colon cancer.

By analyzing the KEGG and GO signaling pathways, we found that GFPT2 affects the development of colon cancer mainly through Focal adhesion, and ECM receptor interaction. Both of these are related to cell migration and interactions between receptors of extracellular mechanisms (31, 32). Focal adhesion kinases (FAKs) are a class of cytoplasmic non-receptor protein tyrosine kinases that belong to the protein tyrosine kinase (PTK) superfamily and are therefore also known as PTK II (32). FAKs can integrate signals from integrins, growth factors and mechanical stimuli to activate intracellular PI3K/Akt, Ras/MAPK and other signaling pathways to regulate cell growth (33–35). Numerous studies on the association of FAKs with different types of cancers have shown a close link between FAKs and the biological mechanisms that promote cancer development and progression (36). Moreover, FAKs tend to be inversely associated with better clinical cancer sample outcomes, and related studies have found that FAKs are overexpressed and/or hyperphosphorylated in a variety of cancer cells and are responsible for cell migration, survival, proliferation and adhesion (37, 38). Recently studys found that FAKs promote renewal and drug resistance in cancer stem cells (CSCs) by acting in survival signaling (39). For example, FAKs and extracellular signal-regulated kinase (ERK1/2) pathways are involved in regulating the growth and metastasis of liver cancer stem cells (40).

ECM is an essential component of stromal cells, therefore, we hypothesized that GFPT2 might have regulatory effects on TME, since stromal cells were a critical component of TME (41). Cancer development and progression often coincide with changes in the surrounding stroma (42). Cancer cells can functionally shape the microenvironment by secreting different chemokines and chemotactic factors (43). Once the microenvironment is formed, this leads to a reprogramming of the surrounding cells, which enables them to play a crucial function in the survival and progression of the tumors (44). Interestingly, in the current study, increased GFPT2 expression was highly associated with stromal cells, especially CAFs, we also found that the expression of GFPT2 had significantly positive correlation with CAFs-related factors.

During cancer progression, epithelial tumors may undergo EMT, which alters the characteristics of tumor cells, resulting in the loss of the epithelial marker E-calcineurin and an increase in the mesenchymal markers N-calcineurin, fibronectin, and wave proteins (45, 46). Numerous reports have shown that CAFs and tumor-associated macrophages (TAMs) can contribute to cancer cell adhesion and growth, playing critical roles in ECM alterations (47). This process enhances the separation of cancer cells from the primary tumors and enhances invasiveness, thus allowing cancer cells to enter the bloodstream or lymph and eventually lead to distant metastasis (48). Here, GFPT2 expression was highly correlated with EMT-related factors, indicating that GFPT2 might be capable of regulating the promotion of colon cancer metastasis. This speculation could be confirmed to certain extent by the high expression of GFPT2 with more lymph node metastasis. However, we will perform some cellular and animal experiments in the future to further confirm whether GFPT2 is associated with colon cancer.

Immune cells are another important component of TME, and a growing number of evidences suggest that the presence of innate immune cells (macrophages, neutrophils, dendritic cells, and natural killer cells, etc.) as well as adaptive immune cells (T cells and B cells) in TME promoter tumor progression (42). In this study, increasing GFPT2 expression was significantly associated with immune cells, and positively correlated with immunosuppressive cells and T-cell exhaustion. Therefore, GFPT2 may be involved in tumor cell immune escape. Currently, immunotherapies targeting immune checkpoints, such as anti-PD-L1 antibodies, have shown clinical activity against various types of cancer, and the increase in immune checkpoints can suppress the anti-tumor immune response of T cells (49). Inhibition of the antitumor immune response of T cells by increasing the expression of PD-1 and CTLA4 receptors makes GFPT2 a potential new target for immunotherapy.

However, how does GFPT2 modulate the role of immune cells? The JAK-STAT signaling pathway mediates numerous tumor immunomodulatory processes, including tumor cell recognition and tumor immune escape (50). The anti-tumor immune response is dominated by two of these factors, STAT1 and STAT2, which act by inducing type I and type II interferons (IFN) (51). Conversely, STAT3 mainly maintains cancer cells survival and regulates immunosuppression and continuous inflammation in TME (52). In this study, we demonstrated a remarkable positively related correlation between GFPT2 overexpression and proteins associated with the JAK-STAT signaling pathway. Therefore, we speculate that GFPT2 may mediate the regulation of immunosuppression mainly through the JAK STAT signaling pathway. In the future, we will design some animal experiments to confirm our speculations.

Tolwani et al. suggested that the strong expression of GFPT2 in primary leukodystrophies may be associated with high metabolic activity, and the expression of GFPTs may be also implicated in the reprogramming of the TME (53). Furthermore, overexpression of GFPTs in hepatocellular carcinoma cells was also reported to increase transcript levels of lipogenic genes (54). Indeed, metabolic reprogramming of the TME is recognized as a cancer hallmark. Genes implicated in hexosamine biosynthetic pathway including GFPT were demonstrated to be promoted in hypoxic tumor cells (55). Numerous studies have shown that hypoxia can induce modifications in cancer cell metabolism (56, 57). Furthermore, hypoxia can instigate pronounced remodeling of the CAF proteome (58). Components of the TME including CAFs in turn are known to play pivotal supportive roles in tumor growth and progression and CAFs are in a reciprocal communication with the tumor cells in the tumor milieu (59). In a seminal study, Zhang et al. reported that normal fibroblasts transformed to CAF-like cells, following TGF-β treatment, upregulated hexosamine biosynthesis pathway genes, including GFPT2 (60). Such previous findings would indeed agree with the current finding of association between GFPT2 expression and prognosis as well as TME (e.g. CAFs) of colon cancer.



Conclusions

In this study, we found that GFPT2 and colon cancer are closely related, and we identified the value of GFPT2 in patient prognosis prediction, tumor microenvironment, tumor immunity and drug sensitivity through the analysis of TCGA database and validation of clinical samples. Currently, the specific underlying mechanism between GFPT2 expression and tumor immunity in colon cancer remains unclear, which deserves further investigation. Overall, our work largely revealed the roles of GFPT2 in tumorigenesis, especially in immune response, tumor microenvironment and drug resistance, which is crucial for the development of customized cancer therapies.
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Background

Colony stimulating factor 1 receptor (CSF-1R) is a single channel III transmembrane receptor tyrosine kinase (RTK) and plays an important role in immune regulation and the development of various cancer types. The expression of CSF-1R in colon adenocarcinoma (COAD) and its prognostic value remain incompletely understood. Therefore, we aim to explore the prognostic value of CSF-1R in COAD and its relationship with tumor immunity.



Methods

CSF-1R expression in a COAD cohort containing 103 patients was examined using immunohistochemistry (IHC). The relationship between CSF-1R expression and clinicopathological parameters and prognosis was evaluated. Dual immunofluorescence staining was conducted to determine the localization of CSF-1R in COAD tissues. Univariate and multivariate Cox regression analysis were performed to evaluate independent prognostic factors. Transcriptomic profiles of CSF-1Rhigh and CSF-1Rlow tumor-associated macrophages (TAMs) were investigated. Gene enrichment analysis was used to explore the signal pathways related to CSF-1R. In addition, the relationship between CSF-1R in tumor microenvironment (TME) and tumor immunity was also studied.



Results

IHC analysis showed that CSF-1R was overexpressed in COAD, and higher expression was associated with shorter overall survival (OS). Immunofluorescence staining showed that CSF-1R was co-localized with macrophage marker CD68. Univariate and multivariate Cox regression analysis showed that CSF-1R was an independent prognostic factor for COAD. The results of gene enrichment analysis showed that CSF-1R was involved in tumor immune response and regulation of TME. In addition, CSF-1R was significantly correlated with TME, immune cell infiltration, TMB, MSI, Neoantigen, and immune checkpoint molecules.



Conclusion

CSF-1R can serve as an independent prognostic factor of COAD and promising immunotherapeutic target of COAD.





Keywords: CSF-1R, colon adenocarcinoma, prognosis, pathway, tumor immunity



Introduction

According to the latest cancer statistics, Colorectal cancer (CRC) is the third most common cancer and the third leading cause of cancer-related mortality in the world (1). It is worth noting that the incidence and mortality rate of CRC have declined in recent decades (2), but the incidence rates for adolescents and young adults have been increasing steadily (3). The etiology of CRC is complicated, and attributed to assorted environmental and genetic factors, such as germline or sporadic genic mutations, obesity, sedentary lifestyle, unhealthy diets, alcohol drinking and smoking (4). Most of current therapies for CRC, including surgical resection and neoadjuvant chemotherapy, are ineffective to combat with advanced CRC (5, 6). Due to limited therapeutic options, the prognosis of advanced CRC remains poor, with a 5-year survival rate of 12% for stage IV CRC (7). Colon adenocarcinoma (COAD) is the most common type of CRC (8). Thus, there is unmet demand to develop new therapeutic agents against advanced COAD.

Immune evasion is a critical hallmark of solid cancer development (9). The establishment of immune suppressive tumor microenvironment (TME) is a prerequisite for the initiation and progression of a majority of solid tumors, including CRC (10, 11). The establishment of immunosuppressive environment involves a variety of cell types, such as tumor cells, immune cells, stromal cells. Stromal cells and immune cells are two key non-tumor cell populations in the TME. Stromal cells have been reported to drive CRC immune escape through the classical and non-classical secretory pathways (12, 13). Within tumor tissues, mesenchymal stromal cells (MSCs) are the key sources of assorted immunosuppressive cytokines, including TGF-β and IL-10, which modulates the functions of regulatory T cells (Treg) and cytotoxic T lymphocytes (CTLs) (14, 15). MSCs are heterogeneous populations and representative members of tumor-associated stromal cells include vascular endothelial cells (ECs) and cancer-associated fibroblasts (CAFs) (16). These cells may secret various cytokines, such as VEGF, CXCL1, CXCL2, IL-1 and IL-6 via hypoxia-inducible factor-1α (HIF-1α) and NF-κB pathways, leading to a tumor-promoting TME (17).

In addition to stromal cells, immune cells, such as tumor-associated macrophages (TAMs), natural killer T (NKT) cells, Treg and CTLs, are central components of immunosuppressive TME (18). TAMs are one of the most abundant cell populations within solid tumors and play key roles in the determination of tumor immune environment (19). TAMs may exert both anti-tumor and pro-tumor functions, depending on their activating pathways. While M1 classical activation mostly leads to an anti-tumor role of TAMs, alternatively activated TAMs typically promote immune evasion and tumor progression (20). Studies in recent years have characterized various TAM populations initiated by alternative activation, such as CD169+ TAMs and DC-SIGN+ TAMs and revealed their critical roles in tumor immune environment (21, 22). However, the role of different subgroups of TAMs in CRC development remains incompletely understood.

Colony-stimulating factor 1 receptor (CSF-1R) is a single channel III transmembrane receptor tyrosine kinase (RTK) and acts as a cell-surface receptor for colony-stimulating factor 1 (CSF-1) and interleukin 34 (IL34). CSF-1R signaling plays an indispensable role in the regulation of survival, proliferation and differentiation of macrophages and monocytes (23). Emerging data indicated that intratumor CSF-1/CSF-1R signaling can cause the recruitment of TAMs and the development of pro-tumor inflammatory environment, thereby leading to tumor growth and metastasis (24). Notably, CSF-1 has autocrine and paracrine manners in the TME, which adds a new layer of CSF-1R’s tumor-promoting role in malignant tumors (25). In addition to a role in regulating tumor immunity, CSF-1/CSF-1R axis also plays a key role in supporting tumor cell survival, proliferation and enhancing motility (26). Many studies have reported that the overexpression of CSF-1R is associated with the poor prognosis of many malignant tumors, including gastric cancer (27), breast cancer (28), renal cell carcinoma (29), etc. However, it remains controversial whether CSF-1/CSF-1R signaling mainly functions through regulating tumor immunity or tumor cell malignancy. Some studies indicated that CSF-1R is mainly expressed in tumor cells (29), while CSF-1R has also been reportedly expressed in TAMs and critically involved in tumor immune escape (30). Nevertheless, the expression and prognosis of CSF-1R and its relationship with tumor immunity in COAD are not clear.

In this study, we reported that CSF-1R expression was significantly more abundant in cancerous tissues than in adjacent cancerous tissues, and CSF-1R expression may serve as an independent prognostic predictor for worsened survival in patients with COAD. Immunofluorescence analysis revealed that CSF-1R was mainly expressed in TAMs of COAD. High levels of CSF-1Rhigh TAMs were associated with pro-tumor inflammatory environment. Our study provides a theoretical basis for targeting CSF-1R as an immunotherapeutic strategy against COAD.



Materials and Methods


Patients and Clinical Specimens

We conducted a retrospective study and recruited 103 COAD patients who underwent radical resection surgery of COAD in Nantong University Affiliated Hospital between 2010 and 2013. The clinicopathological and follow-up data of all patients were obtained and summarized in Table 1. All specimens of COAD were examined by two independent pathologists and according to the AJCC-stage version 7 system. The overall survival (OS) was defined as the time period between surgery and death or last follow-up. The research program was approved by the Ethics Committee of Nantong University Affiliated Hospital, and formal written consent was obtained from every patient.


Table 1 | Associations between CSF-1R expression and clinicopathological characteristics in 103 COAD patients.





Immunohistochemistry (IHC) and Immunofluorescence

Tissue microarrays (TMA) was prepared from COAD specimens by histological department of Nantong University Affiliated Hospital and subjected to immunohistochemistrical analysis. Briefly, TMAs were deparaffinized, hydrated, and heated to 121°C using an autoclave in sodium citrate buffer for 20 min to retrieve the antigen. Thereafter, the sections were blocked with 10% goat serum in 0.01M phosphate buffered saline (PBS) for 2h at room temperature, followed by incubation with an anti-CSF-1R rabbit polyclonal antibody (diluted 1:50, HPA012323 SIGMA) overnight at 4°C. The section was incubated with horseradish peroxidase (HRP)-conjugated sheep anti-rabbit IgG at 37°C for 30 min. The immunoreactivity was developed with DAB reagent (DAKO, Denmark). Finally, the slides were counterstained with hematoxylin. The immunostaining of each specimen was analyzed by two independent pathologists who were blinded to the patients’ clinic pathologic data. They evaluated the staining score of each specimen using the H score. The H score ranged from 0–300, multiplying the percentage of positive cells by the staining intensity (where 0, 1, 2, and 3 indicate negative, weak moderate, and strong staining, respectively). The best cutoff value for the staining score was selected with X-title Software. The patients were divided into two groups: CSF-1R-high (n = 57) and CSF-1R-low (n = 46).

For immunofluorescence staining, paraffin sections were deparaffinized, hydrated and antigen-retrieved, as mentioned above. Next, the sections were rinsed three times with PBS, and incubated with anti-CSF-1R antibody (1:50 dilution) and CD68 antibody (1:50 dilution, ab955 Abcam) overnight at 4°C. After washing using PBS for 3 times, and the slides were incubated with the following secondary antibodies for 1h at 37°C: Alexa Fluor488 goat anti-rabbit IgG (diluted 1:200, 111-545-144 Jackson); Alexa Fluor555 donkey anti-mouse IgG (diluted 1:300, A0453 Beyotime). Finally, the sections were mounted with Antifade Mounting solution containing 10μg/ml DAPI. Representative visual fields were acquired using a Leica DM5000 B microscope (Leica Microsystems, Wetzlar, Germany). Next, the fluorescence intensity of the CSF-1Rhigh TAMs in five different sections was examined and analyzed using the Image J software. Cells with immunostaining scores significantly higher (2.5-fold increase) than non TAMs were defined as CSF-1Rhigh TAMs.



Bioinformatics Analysis

The COAD expression data and corresponding clinical data were obtained from The Cancer Genome Atlas (TCGA) official website (http://gdc.cancer.gov). The TCGA data were all analyzed by the R software (version 4.1.0) and survival package. The expression data of CSF-1R in various CRC cells were obtained from the DepMap portal (https://depmap.org/portal/) database.



Preparation of Single Cell Suspension

We collected fresh specimens from five patients who underwent radical resection of COAD from the Nantong University Affiliated Hospital and obtained the informed consent of each patient. After the fresh tumor tissue clears the blood with normal saline, put into the tissue preservation solution (MACS Tissue Storage Solution, Miltenyi Biotec). Then put it on the ice and ship it to the laboratory. The tumor tissue was digested with human Tumor Dissociation Kit (Miltenyi biotec), and then the gentleMACS C test tube containing enzyme mixture and tissue was inverted and connected to gentleMACS Dissociator (31) (Miltenyi biotec) for mechanical dissociation. After dissociation, the sample was applied to a MACS SmartStrainer (30um) to remove any remaining larger particles from the single-cell suspension. Then wash cell MACS SmartStrainer with 20 mL of RPMI 1640. Finally, erythrocyte lysate was used to remove red blood cells. The prepared single cell suspension was used for flow cytometry analysis and cell sorting within 2 hours.



Flow Cytometry and RNA Sequencing

For fluorescence activated cell sorting (FACS), single cell suspension was prepared as described previously (22) from fresh COAD specimens and incubated with Human BD Fc Block (BD Bioscience). Then, the samples were stained with APCcy7 anti-CD45 (561863, BD bioscience), FITC anti-CD14 (555397, BD bioscience), and BV421 anti-CSF-1R (565347, BD bioscience) antibodies at 4°C for 30 min in dark. After washing cells 3 times with PBS, the cells were resuspended with staining buffer, and subjected to cell sorting using a BD FACS Aria3 flow cytometry. CSF-1Rlow TAMs (CD45+ CD14+ CSF-1Rlow) and CSF-1Rhigh TAMs (CD45+ CD14+ CSF-1Rhigh) were obtained from single-cell mixed suspension by flow cell sorting. Total RNA was isolated from the sorted samples using Qiagen RNeasy kit and subjected to cDNA library preparation using Smart-seq2 (32) scheme. The sequencing was performed using Illumina Novaseq6000 platform (33).



Sequence Analysis

We used R software (version 4.0.2) and Limma package (https://www.bioconductor.org/packages/release/bioc/html/limma.html) to analyze differentially expressed genes (DEGs) between CSF-1Rhigh TAMs and CSF-1Rlow TAMs and used ggplot2 and pheatmap packages to draw volcano map and heat map respectively. We selected | log2 (FC) | >1 and p <0.05 as the criteria for differential gene expression. Then, according to the changes of gene expression, DEGs were divided into two groups: up-regulated genes and down-regulated genes. The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses of DEGs were performed by DAVID (34) tool (https://david.ncifcrf.gov/tools.jsp).



Sanger Box Data Analysis Platform

We used Sanger Box data analysis platform (http://sangerbox.com/) and Pearson method to evaluate the correlation between CSF-1R expression and Tumor Mutation Burden (TMB), Microsatellite Instability (MSI) and Neoantigen. And Pearson’s correlation test was also used to evaluate the correlation between CSF-1R and immune checkpoint molecules.



Statistical Analysis

Statistical analyses were performed using spss20.0, GraphPad Prisim 8.0 and R 4.0.2. The relationships between CSF-1R expression and clinic pathological features were analyzed by Pearson’s chi-squared test. Survival analysis was performed using the Kaplan-Meier method and the logarithm rank tests. We used univariate and multivariate COX regression analysis to evaluate the correlation between different variables and OS. All the significance tests are bilateral, and bilateral p < 0.05 is considered statistically significant. We applied X-title (35) (Yale University version 3.6.1) to select the best cutoff point to evaluate biomarkers.




Result


CSF-1R Is Up-Regulated in COAD Tissues and Associated With Clinicopathological Parameters

We evaluated the expression of CSF-1R in 103 COAD specimens and 72 peritumoral specimens by IHC. The results showed that CSF-1R was largely absent in normal intestinal epithelial cells (Figure 1A). In contrast, abundant expression of CSF-1R was observed in COAD tissues. We employed H-score to evaluate the expression of CSF-1R in COAD tissues. The expression of CSF-1R was higher in tumor tissues than in peritumoral tissues (Figure 1B). The patients were divided into CSF-1R-high (n = 57) and CSF-1R-low (n = 46) using a H-score cutoff of 120. The correlations among CSF-1R expression and the clinicopathological parameters of COAD patients were evaluated (Table 1). CSF-1R expression was positively correlated with M stage (p=0.029) and AJCC stage (p=0.020). These data infer a role of CSF-1R in COAD progression.




Figure 1 | CSF-1R is highly expressed in COAD and associated with dismal prognosis. (A) Representative images of immunohistochemical in colon adenocarcinoma and peritumor tissues. (B) The boxplot of the CSF-1R expression between the tumor and peritumor tissues in 103 COAD patients. (C) Kaplan-Meier curves for low versus high CSF-1R expression in 103 COAD patients. (D) Kaplan-Meier curves for low versus high CSF-1R expression in TCGA COAD cohort.





CSF-1R Expression Predicts Poor Prognosis in COAD Patients From Two Independent Cohorts

In order to decipher the prognostic value of CSF-1R expression in COAD, we first investigated the survival difference between CSF-1R-low and CSF-1R-high patients using Kaplan-Meier survival analysis (Figure 1C). Compared with CSF-1R-low patients, patients with high expression of CSF-1R had significantly worsened prognosis. In addition to our own cohort, we also analyzed the prognostic value of CSF-1R in TCGA cohort. High expression of CSF-1R is also associated with unfavorable prognosis in COAD patients of TCGA cohort (Figure 1D). To determine whether CSF-1R expression and other clinicopathological variables can be used as independent prognostic indicators in patients with COAD, we also performed univariate and multivariate Cox regression analysis on 103 patients. As shown in Table 2, CSF-1R expression, along with tumor recurrence, AJCC-stage, N-stage, and M-stage could serve as an independent prognostic factor for patients with COAD.


Table 2 | Univariate and multivariate Cox regression analysis of clinicopathologic variables in 103 COAD patients.





Limited Expression and Perturbation Effects of CSF-1R in CRC Cells

Because the mechanisms by which CSF-1R promotes cancer development remain under debate, we aimed to clarify whether CSF-1R drives colorectal cancer progression via directly promoting tumor malignancy or facilitating pro-tumor inflammatory environment. To this end, we firstly analyzed whether CSF-1R is mainly expressed in CRC cells in COAD specimens. The expression profiles of CSF-1R in CRC lines and COAD tissues were obtained from Depmap portal and TCGA database, respectively. Notably, while TCGA data suggest abundant expression of CSF-1R in COAD tissues, substantially lower level of CSF-1R was identified in CRC lines, indicating that CSF-1R is not mainly expressed in tumor cells (Figure 2A). In agreement with these data, perturbation of CSF-1R does not cause strong growth retardation in CRC lines. CSF-1R may exhibit pro-proliferative or anti-proliferative effects in CRC cells, but these effects appear to be weak in all CRC lines (using depmap’s default perturbation effect cut-off of 0.5) (Figure 2B). These data suggest that CSF-1R facilitates COAD progression in a manner largely independent from its function within tumor cells.




Figure 2 | Characterization of CSF-1R distribution in COAD tissues and tis perturbation effects in CRC cells. (A).The boxplot shows the difference of CSF-1R expression between the TCGA samples and established colorectal cancer lines. (B) CSF-1R perturbation effects in CRC cells (A score of 0 is equivalent to a gene that is not essential whereas a score of -1 corresponds to the median of all common essential genes). (C) Immunofluorescence staining of CD68 and CSF-1R in COAD specimen. (D) The proportions of CSF-1Rlow TAMs and CSF-1Rhigh TAMs in COAD specimen. (E) Representative flow cytometric plot of the sorted CSF-1Rlow TAMs and CSF-1Rhigh TAMs.





CSF-1R Colocalizes With Macrophage Marker CD68

Mounting data suggest that CSF-1R is highly expressed in immune cells, particularly macrophages (30, 36). In order to verify whether CSF-1R is mainly expressed in macrophages in COAD, we performed immunofluorescence analysis to investigate the co-localization between CSF-1R and macrophage marker CD68. Immunofluorescence assay revealed a strong co-localization between CSF-1R and CD68 (Figure 2C). Therefore, we infer that CSF-1R is mainly expressed in TAMs in COAD specimens. In addition, the proportion of CSF-1Rhigh TAMs is typically higher than CSF-1Rlow TAMs in COAD specimens (Figure 2D). Based on these results, we speculate that CSF-1R may mainly regulate CRC immune environment through its expression in TAMs.



CSF-1Rhigh TAMs Is Involved in Multiple Tumor Immune Signaling Pathways

Next, we evaluated the role of CSF-1R in regulating TAM function and CRC immune environment. As shown in Figure 2E, we sorted CSF-1Rhigh TAMs and CSF-1Rlow TAMs using a BD FACS cell sorter and performed RNA sequencing (RNA-seq) to determine differentially expression genes (DEGs) between these two populations. According to the changes of gene expression, we identified 1298 up-regulated genes and 371 down-regulated genes. In order to explore the biological functions of these DEGs, we used DAVID tools to carry out GO and KEGG enrichment analysis. GO analysis showed that the up-regulated DEGs were mainly enriched in genes involved in inflammatory response, immune response and the regulation of TME and the down-regulated DEGs were strongly linked to respiratory chain and mitochondrial electron transport (Figures 3A, B). Likewise, KEGG analysis showed that pathways involved in immune response and tumor metabolism, such as Cytokine-cytokine receptor interaction, Toll-like receptor signaling pathway, PI3K-Akt signaling pathway and HIF-1 signaling pathway were enriched in upregulated DEGs (Figure 3C). However, down-regulation of DEGs mainly included pathways critical for some senile diseases and oxidative phosphorylation (Figure 3D). On the basis of the results of KEGG and GO, we speculate that CSF-1R may promote the development of COAD via modulating pro-tumor immune environments.




Figure 3 | KEGG and GO enrichment analysis revealed that significant enrichments of immune signaling pathways in CSF-1Rhigh TAMs. (A) GO analysis of up-regulated signaling pathways in CSF-1Rhigh TAMs versus CSF-1Rlow TAMs. (B) GO analysis of down-regulated signaling pathways in CSF-1Rhigh TAMs versus CSF-1Rlow TAMs. (C) KEGG analysis of up-regulated signaling pathways in CSF-1Rhigh TAMs. (D) KEGG analysis of down-regulated signaling pathways in CSF-1Rhigh TAMs.



To validate this hypothesis, we explored the role of CSF-1R in tumor immunity in TCGA cohort by dividing patients into high CSF-1R expression and low CSF-1R expression. Using FDR<0.05 and NES>1.5 as cutoffs, we identified 10 signaling pathways that were significantly enriched in high CSF-1R expression, including Cytokine-cytokine receptor interaction, Chemokine signaling pathway, JAK-STAT signaling pathway, Toll-like receptor signaling pathway, B-cell receptor signaling pathway, T-cell receptor signaling pathway, Pathway in cancer, MAPK signaling pathway, VEGF signaling pathway, Colorectal cancer (Table 3 and Figure 4). These results suggest that high expression of CSF-1R is mainly involved in the regulation of immune microenvironment and tumor metabolism.


Table 3 | Gene set enrichment analysis (GSEA) of CSF-1R in COAD.






Figure 4 | Gene set enrichment analysis (GSEA) results based on the CSF-1R expression in COAD from TCGA dataset. (A) Cytokine-Cytokine receptor interaction pathway. (B) Chemokine signaling pathway. (C) JAK-STAT signaling pathway. (D) Toll like receptor signaling pathway. (E) The ten significantly enriched signaling pathways based on their normalized enrichment score and the expression map.





CSF-1Rhigh TAMs Promotes COAD Progression by Modulating Tumor Immunity Environment

Immune cells and stromal cells are two main types of non-tumor components in TME and have been proposed to be valuable for tumor diagnosis and prognosis evaluation (37, 38). To further explore the relationship of CSF-1R and the TME, we used R software Estimate package to calculate the scores of immune cells, stromal cells and both of them, and then evaluated the associations among CSF-1R expression, immune cells, stromal cells and both of them. The results showed that CSF-1R expression was significantly associated with immune cell infiltration, stromal cell infiltration and both (Figure 5A). Therefore, we reasoned that CSF-1R mainly exerts pro-tumor functions in the TME. Then we analyzed the proportion of various immune cell types in the COAD by CIBERSORT rewinding calculation. We found that CSF-1R-high tumors contained more regulatory T cells (Tregs) and Macrophages M2 than CSF-1R-low tumors (Figure 5B). Of note, Tregs can inhibit the anti-tumor immune effects of DC cells, NK cells and effector T cells (Teff) through various mechanisms and are an important factor in the immunosuppressive TME (39). We reasoned that increased chemokines in CSF-1R tumors might drive enhanced Tregs recruitment. Therefore, we further analyzed the RNA sequencing results. Indeed, as shown in Figures 5C, D, a variety of Treg-recruiting cytokines, including CCL3, CCL4, CCL11, and CCL13 were upregulated in CSF-1Rhigh TAMs (40, 41). The above results suggest that CSF-1R + TAMs may inhibit anti-tumor immunity by recruiting Tregs to regulate COAD progression in the TME.




Figure 5 | CSF-1Rhigh TAMs affect the immune landscape of colon adenocarcinoma. (A) Associations between CSF-1R expression and tumor microenvironment in COAD. (B) CIBERSORT analysis of the fractions of infiltrated immune cells in the COAD. (C) Heatmap of the partially differentially expressed genes between CSF-1Rlow TAMs and CSF-1Rhigh TAMs. (D) Volcano map of differentially expressed gene between CSF-1Rlow TAMs and CSF-1Rhigh TAMs. In the Volcano, p < 0.05 was set as the cut-off criterion of significant difference.





The Value of CSF-1R Expression in COAD Immunotherapy

To explore the potential associations between CSF-1R and other genes in COAD, We carried out PPI network analysis online through STRING website (https://string-db.org/). PPI network showed that 10 genes (CSF1, IL34, HRAS, GRB2, CBL, PIK3RI, TYROBP, STAP2, TNFSF11, and STAP2) were functionally related to CSF-1R (Figure 6A). So far, the value of targeting CSF-1R in COAD immunotherapy remains unclear. Previous studies have reported that TMB, MSI and Neoantigen can be used as biomarkers for the survival prognosis and immune checkpoint inhibitors’ efficacy (42–44). With the help of Sanger box website tool and Pearson method, we calculated the correlation between CSF-1R expression and TMB, MSI and Neoantigen. The results showed that the expression of CSF-1R in COAD was significantly correlated with TMB (p<0.001) (Figure 6B), MSI (p<0.001) (Figure 6C), and Neoantigen (p=0.004) (Figure 6D). In addition, we analyzed the relationship between CSF-1R and immune checkpoint molecules with the help of Sanger box website. We found that CSF-1R was significantly correlated with tumor-related immunosuppressive molecules including PDCD1, CTLA4, CD80, CD86, HAVCR2, etc. (Figure 7). These data indicates that CSF-1R may serve as a novel immunotherapeutic target for COAD.




Figure 6 | Value of CSF-1R in predicting the response to COAD immunotherapy. (A) PPI network based on CSF-1R expression. (B) Associations between CSF-1R expression and TMB. (C) Associations between CSF-1R expression and MSI. (D) Associations between CSF-1R expression and Neoantigen.






Figure 7 | Associations between CSF-1R and immune checkpoint molecules. *P < 0.05, **P < 0.01, ***P < 0.001.






Discussion

Mounting studies have shown that CSF-1R overexpression leads to poor prognosis in various cancer types (29, 45). CSF-1R has been demonstrated to be an important player in the regulation of tumor immune responses. In this study, we firstly found that CSF-1R was largely up-regulated in COAD tissues, compared with para-carcinoma tissue. In addition, we observed that the high expression of CSF-1R was positively correlated with AJCC-stage and M-stage in COAD patients. Survival analysis showed that the OS of high-expression group was lower than that of low-expression group. Univariate and multivariate COX regression analysis confirmed that CSF-1R could serve as an independent risk index for poor prognosis in COAD patients. Moreover, we confirmed that CSF-1R mainly is expressed in COAD TAMs and contributes heavily to tumor immune environments. In summary, these results confirmed the important role of CSF-1R in the progression of COAD and emphasized the prognostic value of CSF-1R in COAD patients.

CSF-1R, as a member of the protein receptor tyrosine kinase (RTK) family, plays an important role in the development of solid tumors (46). While CSF-1R has been repeatedly used as a macrophage marker in normal tissues, recent studies suggested that blockade of CSF-1R does not abolish macrophage population in tumor tissues but alters macrophage polarization instead (47, 48). These data suggested that TAMs may not strictly rely on CSF-1R to survival. In addition, inhibition of CSF-1R may block M1 polarization and induces a M2 polarization, suggesting an involvement of CSF-1R signaling in TAM M1/M2 polarization (49). Data from other studies also revealed that CSF-1R expression varies greatly in macrophages (50). These studies indicated that CSF-1R may be preferentially expressed in a subpopulation of TAMs, and CSF-1R expression may influence the function of TAMs in TME. Previous studies indicated that CSF-1Rhigh TAMs can promote the occurrence of many tumors (24, 27). Our study findings indicated that CSF-1Rhigh TAMs were significantly correlated with Cytokine-cytokine receptor interaction, Chemokine signaling pathway, Toll-like receptor signaling pathway, PI3K-Akt signaling pathway, etc. Previous studies have shown that CXC chemokine family and its receptors can regulate tumor behavior by regulating angiogenesis, activating tumor specific immune response and stimulating tumor proliferation in an autocrine or paracrine manner (51). Moreover, it has been reported that increased levels of Toll-like receptors are related with the progression of colonic malignant tumors (52). What is more noteworthy is that CSF-1Rhigh TAMs may promote tumor immune escape by recruiting Tregs. Because tumor immune escape has been generally regarded as a key factor leading to COAD progress, we speculated that CSF-1Rhigh TAMs may contribute immune escape to promote COAD development.

To date, the value of targeting CSF-1R as an immunotherapeutic strategy in COAD remains unclear. It’s worth noting that CSF-1R expression was significantly correlated with TMB, MSI and Neoantigen in COAD. Furthermore, we found that CSF-1R was significantly correlated with tumor-related immunosuppressive molecules (including PDCD1, CTLA4, CD80, CD86, HAVCR2). PDCD1, also termed as PD1, is a member of the CD28-B7 family. The expression of PDCD1 on cancer cells is considered to be a key mechanism leading to tumor immune evasion (53). CTLA4, a key checkpoint for regulating autoimmune and antitumor responses, is an immune-suppressive receptor that plays an inhibitory role in T cell proliferation and activation (54). CTLA4 and PD1 play an important role in tumorigenesis and tumor immune tolerance and have been proved to be prognostic biomarkers for various cancer types (55). Studies have shown that PD1 and CTLA4 inhibitors have therapeutic potential in a variety of cancers, some of which have been approved for cancer treatments (56). For example, anti-CTLA4 therapy is the first immunotherapy approved by FDA (Food and Drug Administration), which has achieved significant results in metastatic melanoma (57). CD86 and CD80 are natural ligands of CTLA4, and CD80 has the potential to become the next generation of immunotherapeutic agents (58). HAVCR2 plays an inhibitory role in T cell-mediated immune response, and it is also widely regarded as a negative regulator of anti-tumor immunity, which expected to be an ideal target for the next generation of immunotherapy (59). The association of CSF-1R with these tumor immune checkpoint molecules indicates that CSF-1R may also serve as a valuable biomarker for predicting prognosis and an immunotherapeutic strategy against COAD.

Last, we admit that our research has several limitations. First, our studies were carried out using limited sample sizes, which may, to some extent, compromise the rigorousness of our conclusion. Secondly, the clinical information of TCGA database is limited, and the clinical information of individual samples is lost, which may affect our results. Finally, the molecular mechanisms underlying CSF-1R expression remain obscure. Indeed, our RNA-seq data indicated that CSF-1R may exhibit strong expression difference (fold change up to 100) between CSF-1Rhigh and CSF-1Rlow TAMs, underscoring complexity of the origination of the two TAM populations. Further studies are urgently needed to clarify the mechanism underpinning the regulation of CSF-1R expression in TAMs.

In summary, our study illustrates the prognostic value of CSF-1R in COAD, and CSF-1R can be regarded as an independent risk factor for the prognosis of COAD. Our study clarified that CSF-1R plays a critical role in COAD immune environment. CSF-1R is not mainly expressed in tumor cells and has very limited effects in directly regulating tumor malignancy in COAD. Instead, CSF-1R is strongly distributed in TAMs and CSF-1Rhigh TAMs represent a vital cell population in driving tumor immune tolerance. In addition, CSF-1Rhigh TAMs is involved in multiple immune response pathways and the recruitment of immune cells, such as Treg. These findings provide a theoretical basis for targeting CSF-1R as an immunotherapeutic strategy against COAD.
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Introduction

Early diagnosis could lead to a cure of colorectal cancer (CRC). Since CRC is related to aging and lifestyles, we tested if the environmental information-enriched monosaccharide composite (MC) of circulating glycans could serve as an early diagnostic biomarker for CRC. Meanwhile, we evaluated its role in predicting prognosis.



Methods

HPAEC-PAD was used to quantify glycan monosaccharide compositions from a total of 467 serum samples including CRC patients, colorectal adenoma (CRA) patients and healthy individuals. Two diagnostic model was constructed by logistic regression analysis. The diagnostic performance of the two models was verified in the retrospective validation group and the prospective validation group. The prognostic performance of the model was assessed by survival analysis.



Results

The concentrations of monosaccharides in serum were significantly higher in CRA and CRC patients than in healthy individuals. Two diagnostic models were constructed: MC1 was used to distinguish between healthy individuals and CRC; MC2 was used to distinguish between healthy individuals and CRA. Area under receptor operating characteristic curve (AUC) of MC2 and MC1 was 0.8025 and 0.9403 respectively. However, the AUC of CEA between healthy individuals and CRC was 0.7384. Moreover, in early stage of CRC (without lymph node metastasis), the positive rates of CEA and MC1 were 28% and 80%, respectively. The follow-up data showed that the increased MC1 value was associated with poor survival in patients with CRC (p=0.0010, HR=5.30).



Discussion

The MC1 model is superior to CEA in the diagnosis of CRC, especially in the early diagnosis. MC1 can be used for predicting prognosis of CRC patients, and elevated MC1 values indicate poor survival.





Keywords: glycans, monosaccharide composite (MC), colorectal cancer (CRC), diagnosis, prognosis



Introduction

The mortality and incidence of colorectal cancer (CRC) rank second and third, respectively, among all cancers worldwide (1). And colorectal adenoma (CRA) is considered to be a precancerous lesion. The 5-year survival rate of patients with early CRC after surgical resection is 90% while the advanced CRC was only 10% (2). Thus, early diagnosis is critical to reducing the mortality of CRC.

The current gold standard for diagnosing CRC is colonoscopy combined with pathological biopsy. However, these techniques are challenging to use for early diagnosis due to their invasiveness, requirements for pre-test bowel preparation, and potential complications associated with the procedures.

Glycan structures are composed of monosaccharides in linear or branched sequences with diverse linkages. Since genetic and environmental factors influence glycan structures, they are considered the most information-dense biomolecules for biomarker discovery (3). As both inherited and acquired human diseases are associated with abnormal glycan structures, it was proposed 20 years ago that serum N- and O-linked glycan structures will contribute to the diagnosis and management of cancers and other human diseases (4–6). Interestingly, different N-glycan structures in serum IgGs that have no direct relationships with cancer cells can distinguish between healthy individuals and patients suffering different types of cancerous and non-cancerous diseases (7–13). Thus, cancers, including CRC, are systems diseases caused by multiple genetic and environmental factor (14, 15).

Animal glycome is estimated to be 104 times larger than the proteome (16–20). Currently, there are over 800 monosaccharides and 120,000 glycan structures deposited in the GlyTouCan database (21). In theory, serum glycan structures containing systems malfunction information should allow early diagnosis of cancers before cancer cells metastasize into blood circulation. However, glycan structures obtained by the glycomics approach are difficult to translate into clinical use due to the diversity of the glycan structures and other technical and time-consuming issues (22–25).

Abnormal glycan structures have been detected in CRC patients’ sera, tumor cells and tumor tissues (26–29). Moreover, all clinically used circulating cancer biomarkers established during the past 40 years are either specific glycan structures or heavily glycosylated proteins (3, 15). CEA and CA199 are the two most used clinical biomarkers for CRC (30, 31). However, the expression levels of CEA or CA199 in tumors do not correlate with their sera concentrations (32).

There are many different types of serum glycans (3). Indeed, all newly synthesized human glycans consist of ten monosaccharides, which include glucose (Glc), galactose (Gal), glucosamine (GlcN), galactosamine (GalN), fucose (Fuc), mannose (Man), xylose (Xyl), glucuronic acid (GlcA), iduronic acid (IdoA), and 5-N-acetylneuraminic acid or sialic acid (SA). However, few methods have been developed to quantify monosaccharide compositions in human sera as biomarkers. During the past nine years, we have found that the free glucose and mannose concentrations in blood samples (33, 34) reflect glycan homeostasis. We developed various methods to obtain circulating monosaccharide compositions (35–37). We also discovered that monosaccharide compositions can distinguish between cancerous and non-cancerous diseases.

In the current study, the monosaccharide composite (MC) of serum glycans was detected in healthy individuals, CRC and CRA patients. According to the monosaccharide concentration, the diagnostic model for CRC and CRA was constructed. At the same time, we evaluated the diagnostic and prognostic performance of the models.



Materials And Methods


Serum Sample Collection

Fasting blood samples were collected. And sera were prepared from both patients and healthy individuals by staff at the clinical lab of our hospital according to doctor’s prescriptions and standardized procedure. The leftover serum samples after clinical tests were collected. Each serum sample was divided into three aliquots and stored at -80°C. Serum was thawed on ice before use.

Moreover, we collected the CEA and CA199 test results from January 2013 to January 2018 from the Clinical Lab of the Affiliated Hospital of Qingdao University for pathologically confirmed CRC patients and healthy individuals. The CEA included 2757 independent test results from healthy individuals and 4,513 independent test results from CRC patients, while CA199 included 930 independent test results from healthy individuals and 4166 independent test results from CRC patients.

The Ethics Committee of Qingdao University has approved our research protocol (QYFYWZLL26178). Informed consent was obtained from both patients and healthy individuals. The study protocol conformed to the ethical guidelines of the 1975 Declaration of Helsinki and was conducted by the guidelines set by the Ethics Committee of the Affiliated Hospital of Qingdao University.



Study Design


Retrospective Cohort

A total of 269 patients were recruited, including 148 cases of CRC and 121 cases of CRA from 2018 to 2019. All patients with CRC or CRA were confirmed by postoperative pathology or pathological biopsy after colonoscopy. We excluded patients who have diabetes, inflammatory bowel disease or any history of treatment. All patients were first diagnosed, and no treatment was received before specimen collection. A total of 145 age- and gender-matched healthy individuals were selected as the control group. Healthy individuals are defined as those who were given a clean bill of health.

In order to construct a retrospective validation group, 90 individuals [healthy individuals (n=23), CRC (n=38), CRA (n=29)] were randomly selected from the above three groups. The remaining patients (CRC=110, CRA =92, healthy individuals =122) were included in the training group. Patients with CRC were classified according to the Eighth AJCC Edition of TNM staging criteria. Stages I and II are defined as early stage, and stages III and IV are defined as advanced stage (38). The information of patients and healthy individuals is shown in Table 1.


Table 1 | Demographic and clinical characteristics of CRA patients, CRC patients, and the healthy individuals.





Prospective Cohort

To further evaluate the diagnostic performance of the models established in the above cohorts, 25 CRC patients and 28 healthy individuals were recruited as a prospective validation group. Blinded validation was applied in the prospective group, and other treatments were the same as those applied in the retrospective study cohort.



Chemical Reagents

Monosaccharide standards, including Fuc, GalN, GlcN, Gal, Glc, and Man, were purchased from Sigma-Aldrich (USA). HCl (analytical reagent) was purchased from Sinopharm Chemical ReagentCo., Ltd (Shanghai). NaOH solution (50% (w/w)) was purchased from ThermoFisher (Waltham, MA). Deionized water was generated with a Millipore Mingche Q-Gard system (France). HPLC-grade methanol was purchased from EMD Millipore Co. (Billerica, MA).




Glycan Monosaccharide Composition Analysis of Serum Samples

The method for monosaccharide composition analysis is divided into four parts: (i) serum sample collection, (ii) microwave-assisted acid hydrolysis of serum glycans, (iii) high-performance anion exchange chromatography with pulsed amperometric detection (HPAEC-PAD)-based monosaccharide separation and quantification, and (iv) data analysis. The detailed procedures of serum sample analysis for the current study can be found in Spring Nature Protocol Exchange (35).



Statistical Analysis

All data were analyzed with SPSS statistical software (version 26.0; SPSS Inc., Chicago, Illinois, USA) and GraphPad Prism 8.3. All quantitative variables in this study were expressed as mean ± standard deviation (SD) unless otherwise stated. The chi-square test tested the qualitative data. Quantitative variables were analyzed using the t-test, Mann-Whitney U test, or the Kruskal-Wallis test. Based on forward stepwise logistic regression analysis, MC-based diagnostic model was identified and constructed. The diagnostic performance of the model was assessed by receiver operating characteristic (ROC) curve analysis. Sensitivity, specificity, and accuracy were calculated using the cut-off values optimally selected based on the ROC curve. The log-rank test was used for survival analysis. Univariate and multivariate Cox proportional hazards models were used to determine prognostic factors. All reported p values were two-tailed, and a p-value < 0.05 was considered statistically significant.




Results


Serum Monosaccharides Differential Expression Between Healthy Individuals vs CRC or CRA Patients

The workflow of the current study for model building and validation are shown in Figure 1.




Figure 1 | Workflow of the study.



The optimized MAAH plus HPAEC-PAD method (35) was used to quantify the concentrations of two free monosaccharides (Glc-F and Man-F) and the six hydrolyzed monosaccharides (Fuc-H, GalN-H, GlcN-H, Gal-H, Glc-H, and Man-H) in the sera of healthy individuals, CRA, and CRC patients. Chromatograms of free and hydrolyzed monosaccharides are shown in Figure 2. Significantly increased concentrations of Fuc-H, GalN-H, GlcN-H, Gal-H, Glc-H, and Man-H in serum were observed in CRC patients compared with healthy individuals. In addition, concentrations of Fuc-H, Gal-H, Glc-H, and Man-H in serum were significantly higher in CRA patients than healthy individuals (Figure 3A). Significantly increased Glc-F and Man-F concentration and decreased G/M ratio were observed in CRC groups compared with healthy individuals. Significantly increased Man-F concentration and decreased G/M ratio also presented in CRA groups compared with heathy individuals (Figure 3B).




Figure 2 | Monosaccharide chromatograms. (A) HPAEC-PAD chromatogram of monosaccharide standard; (B) HPAEC-PAD chromatogram of serum hydrolyzed monosaccharides; (C) HPLC chromatogram of monosaccharide standard; (D) HPLC chromatogram of serum free monosaccharides.






Figure 3 | Free and hydrolyzed glycan monosaccharide concentrations in sera of healthy individuals, CRC and CRA patients. (A) Six hydrolyzed monosaccharides in sera of the healthy individuals, CRA and CRC groups. (B) Two free monosaccharides and their ratio in sera of the healthy individuals, CRA and CRC groups. (C) Six hydrolyzed and (D) Two free monosaccharide concentrations in sera of healthy individuals and CRC at stages I/II vs. stages III/IV. ***p ≤ 0. 001, **p ≤ 0.01, ns, not significant.



In addition, concentrations of all monosaccharides except Glc-F were higher in early or advanced CRC than in healthy individuals (Figure 3C). While G/M ratio was lower in early and advanced CRC than in healthy individuals (Figure 3D). However, there is no significant difference in serum monosaccharides between colon and rectal cancer patients. (Supplemental Figure 1).



Serum Monosaccharides as Diagnostic Biomarkers


Serum Monosaccharides Have Better Diagnostic Performance for CRC Than CEA

Based on the above results, ROC curve analysis was performed to distinguish between healthy individuals and CRC patients using different monosaccharide. The areas under ROC curve (AUC) of Man-H, Gal-H, GlcN-H, Fuc-H and G/M ratios were 0.8854, 0.7917, 0.7114,0.6890 and 0.6804, respectively (Figure 4A). The AUC values of Man-H and Gal-H were higher than CEA (AUC=0.7384) (Figure 4B). The results suggest that serum monosaccharides may be better diagnostic biomarker for CRC compared with CEA.




Figure 4 | Establishing the MC1 diagnostic model for CRC and evaluating its diagnostic performance. ROC analysis differentiated healthy individuals from CRC patients using monosaccharides (A) and CEA (B). Based on the serum monosaccharides concentrations in healthy individuals and CRC patients, a diagnostic model named MC1 was constructed by logistic regression analysis. (C) MC1 values were compared between healthy individuals and CRC patients in the training group. (D) ROC curve analysis of MC1 was performed to differentiate healthy individuals from CRC patients. The cut-off value (0.364) of MC1 in ROC curve analysis was used as the critical value. MC1>0.364 was defined as MC1+, otherwise, it was MC1-; meanwhile, CEA>5ng/mL was defined as CEA+, otherwise, it was defined as CEA-. (E) Patients in the training group were divided into four groups: MC1+ CEA+, MC1- CEA+, MC1+ CEA- and MC1- CEA-, and (F) the lymph node metastasis rate in each group was counted. ****p ≤ 0.0001.



To test if the low AUC value shown in Figure 4B for CEA was due to the specific cohort used in the current study, we performed the following validation. CEA and CA199 test results of pathologically confirmed CRC patients and healthy individuals were collected from the Clinical Lab of the Affiliated Hospital of Qingdao University. The CEA data included 2757 independent test results from healthy individuals and 4,513 independent test results from CRC patients. The CA199 data included 930 independent test results from healthy individuals and 4166 independent test results from CRC patients. Supplemental Figure 2 showed that the AUCs were 0.7059 and 0.6176 for CEA and CA199, respectively. The result of CEA was in line with the AUC shown in Figure 4B.



Establishment of MC1 Diagnostic Model and Evaluation of Its Diagnostic Performance

The above results suggest that MC is a potential CRC biomarker. In the training group, logistic regression analysis was conducted to establish MC-based diagnostic model for CRC (MC1). The logistic regression equation for MC1 was as follows: MC1 = -8.18 - 0.021 Fuc-H - 0.004 GlcN-H + 0.011 Man-H, where the Fuc-H, GlcN-H and Man-H were in μmol/L. Figure 4C shows that the MC1 value of CRC patients was significantly higher than healthy individuals. ROC curve analysis was performed to differentiate CRC patients from healthy individuals using MC1 value in the training group (Figure 4D). The results showed that the AUC of the MC1 was 0.9403, which was higher than CEA.

ROC curve analysis of MC1 in the training group showed that the cut-off value was 0.364. And it was used as the critical value for the CRC diagnosis. MC1>0.364 was called MC1 positive (MC1+), MC1<0.364 was called MC1 negative (MC1-). MC1+ patients were diagnosed with CRC, and MC1- patients were diagnosed with CRC-free. Based on the above definitions, the sensitivity, specificity and accuracy of MC1 in the training group were calculated to be 83.64%, 98.36% and 91.34%, respectively (Table 2). Subsequently, the sensitivity, specificity and accuracy of MC1 in the retrospective and prospective validation groups were calculated to be 86.84%, 100%, 91.8%; and 64%, 96.43%, 81.13%, respectively (Table 3).


Table 2 | Diagnostic power of MC1 and MC2 in the training groups.




Table 3 | Diagnostic power of MC1 and MC2 in the retrospective validation and(or) prospective validation groups.



According to the availability of data, 94 preoperative CEA test reports were obtained from CRC patients in the training group. The clinically applied CEA critical value is 5ng/mL. We define CEA>5ng/mL as CEA positive (CEA+), CEA<5ng/mL as CEA negative (CEA-). MC1+ and MC1- are defined as described earlier. We classified the 94 CRC patients into four groups: MC1+ CEA+, MC1- CEA+, MC1+ CEA- and MC1- CEA-. The specific grouping is shown in Figure 4E. Among the 47 CEA+ patients, 43 MC1 values were also positive. In addition, 38 of the 47 CEA- patients had positive MC1 values. Figure 4F shows the lymph node metastasis rate of patients in the four groups. In the advanced stage of CRC (with lymph node metastasis), the positive rates of CEA and MC1 were 71.4% and 89.1%, respectively. And in the early stage of CRC (without lymph node metastasis), the positive rates of CEA and MC1 were 28% and 80%, respectively. This result indicates that the diagnostic efficiency of MC1 is higher than that of CEA, especially in the diagnosis of early CRC.



The Diagnostic Effect of Serum Monosaccharides on CRA and the Establishment of MC2 Diagnostic Model

Some of the serum monosaccharides concentrations in CRA were higher than healthy individuals. The ROC curve analysis was performed to differentiate CRA patients from healthy individuals using different monosaccharide. The AUC values of Man-H, Gal-H, Glc-H, and Fuc-H were 0.7796, 0.7678, 0.6896 and 0.6571, respectively (Figure 5A). This result indicates that serum monosaccharides may have a diagnostic effect on CRA.




Figure 5 | Establishing the MC2 diagnostic model for CRA and evaluating its diagnostic performance. (A) ROC analysis distinguished between healthy individuals and CRA patients using serum monosaccharides. Based on the serum monosaccharides concentrations in healthy individuals and CRA patients, a diagnostic model named MC2 was established by logistic regression analysis. (B) MC2 values were compared between healthy individuals and patients with CRA in the training group. (C) ROC curve analysis of MC2 was performed to differentiate healthy individuals from CRA patients. ****p ≤ 0.0001.



Based on the above result, a diagnostic model of CRA in the training group was constructed by logistic regression analysis and named it MC2. The logistic regression equation for MC2 was as follows: MC2= -6.639 - 0.022 Fuc-H + 0.003 Gal-H + 0.003 Man-H, where the Fuc-H, Gal-H and Man-H were in μmol/L. Figure 5B shows that the MC2 value of CRA patients was significantly higher than healthy individuals. In the training group, ROC curve analysis was performed to distinguish healthy individuals and CRA patients using MC2 (Figure 5C). The result showed the AUC was 0.8025, and the cut-off value was 1.282. The sensitivity, specificity and accuracy of MC2 were 56.04%, 95.08% and 78.04%, respectively (Table 2). Subsequently, the diagnostic performance of MC2 was verified in a retrospective validation group, and the sensitivity, specificity and accuracy were 55.17%, 91.30%, and 71.15%, respectively (Table 3). It indicates that MC2 can be used as a diagnostic model to identify some CRA patients.




The Prognostic Role of MC1 in CRC Patients

We followed up CRC patients in two cohorts and obtained follow-up data of 110 patients. The clinical pathological data was collected by searching pathology reports, pathological sections (Figure 6A) and colonoscopy data (Figure 6B). At the same time, we learned about the survival status of patients through telephone follow-up and hospitalization records inquiries. Survival analysis showed that MC1+ was significantly associated with the poor prognosis of CRC patients (p=0.0010, HR=5.30) (Figure 6C). Subsequently, to determine whether the effect of MC1 on patient survival was affected by the TNM stages, the prognostic potential of MC1 was separately evaluated in early stage (stages I/II) and advanced stage (stages III/IV) patients. Interestingly, whether in the advanced stage (III/IV) or early stage (I/II), MC1+ patients have a lower survival rate (p=0.0454, HR=2.45; p=0.0459, HR=3.18, respectively). (Figures 6D, E).




Figure 6 | Survival analysis for MC1 values in CRC patients, and MC1 values in different T, N, M stage of CRC. (A) The typical pathological data for patients who were MC1+, MC1-, or suffering lymph node metastasis. (B) The colonoscopy data from patients who were MC1+, MC1-, or colonoscopy from healthy individuals. (C) Log-rank survival analysis showed that MC1+ was associated with poor prognosis in CRC patients. To determine whether the role of MC1 in predicting survival in patients with CRC is related to tumor progression, the prognostic role of MC1 in early CRC (I/II stage) and advanced CRC (III/IV stage) was evaluated. (D, E): MC1+ is associated with poor prognosis of CRC in both early and advanced stage. (F) Serum MC1 values in healthy individuals and CRC patients at stage I/II or III/IV. Serum MC1 values in different (G) T stage (T1/T2: the tumor did not penetrate the muscularis propria; T3/T4: the tumor penetrated the muscularis propria to the subserosal, visceral layer of peritoneum or directly invaded or adhered to other organs or structures), (H) N stage (N0: no lymph node metastasis; N1/N2: at least one lymph node metastasis), (I) M stage (M0: no distant organ metastasis; M1: with distant organ metastasis). ****p ≤ 0.0001, ***p ≤ 0.001, **p ≤ 0.01.



Furthermore, we analyzed the relationship between MC1 value and clinicopathological indicators. We collected clinicopathological indicators such as sex, age, T stage(T1/T2: the tumor did not penetrate the muscularis propria; T3/T4: the tumor penetrated the muscularis propria to the subserosal, visceral layer of peritoneum or directly invaded or adhered to other organs or structures), N stage(N0: no lymph node metastasis; N1/N2: at least one lymph node metastasis), M stage(M0: no distant organ metastasis; M1: with distant organ metastasis), TNM stage, CEA and albumin-bilirubin (ALBI) grade. ALBI grade is an index to assess liver function based on serum total bilirubin and albumin levels. It was proposed in 2015, and its prognostic value was validated in multiple large international cohorts (39). The ALBI grade is divided into three levels. The higher the ALBI grade, the worse the liver function (39, 40). After analyzing the relationship between MC1 value and clinicopathological indicators, we found that MC1 value was related to TNM stage (p=0.0010), T stage (p<0.0001), N stage (p=0.0044) and M stage (p<0.0001) (Figures 6F–I; Table 4). Univariate COX proportional hazards analysis (Table 5) revealed that MC1(HR 5.30; 95% CI 2.83 to 9.95; p=0.0010), T stage (HR 3.01; 95% CI 1.76 to 5.16; p=0.0002), N stage(HR 4.45; 95% CI 2.56 to 7.73; p<0.0001), M stage(HR 11.24; 95% CI 3.87 to 32.63; p<0.0001) and CEA(HR 2.28; 95% CI 1.32 to 3.95; p=0.0022) were associated with poor prognosis. In multivariate analysis that included MC1, T stage, N stage, M stage and CEA, MC1+(HR 3.38; 95% CI 1.02 to 11.22; p=0.046) was significantly associated with poor survival and was independent of other clinical factors.


Table 4 | Clinical significance of MC1 in patients with CRC.




Table 5 | Association between MC1 and prognosis in patients with CRC.






Discussion

Glycan structures contain both systems and tumor information (41), making them the most attractive candidates for serum cancer biomarker discovery. In contrast, current glycomics approaches depend on profiling complicated glycan structures. However, it is not suitable for clinical application because of cumbersome and non-standard procedure. In addition, the separation and characterization of glycan isomers and the integration analysis of complex samples in high-throughput setting remain challenging (42, 43).

The “OMICS” technologies, including genomics (44), epigenomics (45), proteomics (46), glycomics (47) and metabolomics (48), use the big data approach (49) for serum biomarker discovery. However, few new cancer biomarkers have been introduced into clinical practice during the last 20 years (50). Lemos et al. pointed out that the current methods of screening biomarkers through big data often have “false discovery” and “omission” due to the lack of strategies for large-scale biomarker discovery and validation. It’s like “running before we walk”. The alternative approach focuses on disease-related molecules and implements marker screening through mature detection techniques. It is called “walking before we run” (49). Our quantitative and straightforward assay followed by regression analysis represented such an approach.

In the current study, we used a simple and quantitative assay to obtain glycan monosaccharide compositions of serum samples. Subsequently, MC were used to establish a diagnostic model of CRC (MC1) through stepwise logistic regression analysis. The AUC of MC1 in the training group was 0.9403, which was significantly higher than CEA (0.7384). The accuracy of MC1 in the training group, retrospective validation group and prospective validation group was 91.34%, 91.8% and 81.13%, respectively. It proves that MC1 has good diagnostic performance for CRC.

CEA is the most commonly used marker of CRC in clinical practice. However, CEA is mainly elevated in advanced CRC, which is not conducive to the early diagnosis of the disease (51). In our research, the positive rate of MC1 in early CRC patients (without lymph node metastasis) was significantly higher than that of CEA (80% vs 28%), indicating that MC1 was reliable for CRC early detection. Further, the MC1 could predict the prognosis of CRC patients. The survival rate of MC1+ patients was significantly lower than that of MC1- patients (p=0.0010, HR=5.30). The COX proportional hazards analysis showed that MC1 was an independent risk factor for poor survival in CRC.

In addition, we constructed a diagnostic model of CRA and named it MC2. The sensitivity and specificity of MC2 in the training group and retrospective validation group were 56.04%, 95.08%; 55.17%, 91.3%, respectively. It indicates that MC2 has a particular diagnostic value on CRA as well. We demonstrated the ability of a MC-based diagnostic model to diagnose benign colorectal tumors. Whether this diagnostic model can be used as a clinical application requires rigorous evaluation.

Serum glycans in the form of glycoproteins are mainly synthesized in the liver. However, in our study, there was no significant relationship between MC1 and the liver functional status of patients. As a glycosylated protein, CEA also has no significant relationship with MC1. Indeed, the immunoglobulins such as IgGs that are not synthesized in the liver also contribute a significant amount of glycans in blood circulation (3). And the ALBI grades of our patients were mainly graded I and II, indicating no or slight liver function damage (39). The damage of liver function will affect the glycan structure of glycoprotein (3), but in our study, no significant relationship between MC1 and the liver functional status of patients was found.

In addition, all tissue and organs contribute to the glycans in the blood circulation (52). During the past, the changes of glycosylated genes in cancer cells and tumor tissues have been mainly used to explain the changes in serum glycan structure (29). However, such opinion ignores the non-template synthesis nature of glycan. Glycan structure is not only affected by genes, but also largely affected by nutrition, microenvironment, etc. (3). Indeed, the development and progression of CRC are a multi-step process of hyperplasia, benign tumors, carcinoma in situ, and invasive carcinoma during an extended period (53). It demonstrates that the development of cancer is a lengthy process and cancer is the end-stage of the process. Current cancer markers, such as CEA, only change when the cancer appears or even in the advanced stages. Our results showed that the concentrations of monosaccharides change in both CRA and CRC patients. And the MC1 served as a better biomarker for CRC than CEA, supporting the notion that cancers should be considered the end-stage of systems diseases. The systems malfunction information content in the monosaccharide composite explained why it could serve as a biomarker for early detection of CRC in our current study.

Indeed, sialic acid, a cancer biomarker used in clinical practice, is also a monosaccharide (54). But no new monosaccharide markers have been discovered since then. The bottleneck of monosaccharide composition analysis is to optimize the serum glycan hydrolysis conditions. The microwave-assistant acidolysis assay used in the current study takes 10 min and 10 μl of acid and 2 μl serum to complete the reaction (35). However, the four monosaccharides, SA, Xyl, GlcA, and IdoA, were below the detecting limits for certain serum samples. Thus, these monosaccharides were not used for data analysis in the current study. Despite the limitations, we found that the two free and six hydrolyzed monosaccharides were sufficient to allow us to use the MC1 as a biomarker for CRC.

In the prospective validation group, the sensitivity and accuracy of MC1 decreased compared to the training group. Combined with literature reports and our experimental process, it may be related to the small sample sizes in the current study (49). The result shows that it is essential to establish prospective validation for marker screening, which is also consistent with that advocated by Qian J, et al. (38). Although the Affiliated Hospital of Qingdao University is a regional medical center, it is still possible that patients collected from the same hospital have similar dietary habits, genetic backgrounds, etc. Subsequent multi-center validation with a large sample size can be carried out to further clarify the diagnostic performance of the MC1 model, thereby providing sufficient theoretical support for its clinical application.

In summary, the concentrations of serum monosaccharides in patients with CRC and CRA were higher than in healthy individuals. We constructed a monosaccharide diagnostic model MC1 for the diagnosis of CRC. The diagnostic performance of MC1 for CRC is better than CEA, especially in early diagnosis. In addition, Cox proportional hazards analysis suggests that MC1 is an independent risk factor for the poor prognosis of CRC. Meanwhile, we constructed a monosaccharide diagnostic model MC2, which has a particular diagnostic effect on CRA. In this study, novel diagnostic and prognostic markers of CRC have been identified by serum monosaccharide detection. It suggests that in the future, the reliable and straightforward monosaccharide quantification method is anticipated to be used for more biomarker discoveries for other types of cancers.
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Background and Purpose

Computerized tomography (CT) scans are commonly performed to assist in diagnosis and treatment of locally advanced rectal cancer (LARC). This study assessed the usefulness of pretreatment CT-based radiomics for predicting pathological complete response (pCR) of LARC to neoadjuvant chemoradiotherapy (nCRT).



Materials and Methods

Patients with LARC who underwent nCRT followed by total mesorectal excision surgery from July 2010 to December 2018 were enrolled in this retrospective study. A total of 340 radiomic features were extracted from pretreatment contrast-enhanced CT images. The most relevant features to pCR were selected using the least absolute shrinkage and selection operator (LASSO) method and a radiomic signature was generated. Predictive models were built with radiomic features and clinico-pathological variables. Model performance was assessed with decision curve analysis and was validated in an independent cohort.



Results

The pCR was achieved in 44 of the 216 consecutive patients (20.4%) in this study. The model with the best performance used both radiomics and clinical variables including radiomic signatures, distance to anal verge, lymphocyte-to-monocyte ratio, and carcinoembryonic antigen. This combined model discriminated between patients with and without pCR with an area under the curve of 0.926 and 0.872 in the training and the validation cohorts, respectively. The combined model also showed better performance than models built with radiomic or clinical variables alone.



Conclusion

Our combined predictive model was robust in differentiating patients with and without response to nCRT.





Keywords: nomogram, spiral computed tomography, neoadjuvant therapy, rectal neoplasms, chemoradiation



Introduction

Locally advanced rectal cancer (LARC) is usually treated with neoadjuvant chemoradiotherapy (nCRT), followed by total mesorectal resection. Response to nCRT largely determines the prognosis and survival of patients with LARC (1). Patients may achieve pathological complete response (pCR), which is defined as the complete absence of tumor cells in the resected specimen, while some patients may only have partial response or no response. The reported pCR rate of LACR to nCRT is relatively low, ranging from 10% to 30% (1–4). Patients who achieve a pCR may adopt a conservative “watch and wait” strategy without surgery (5). Therefore, the extent of response to nCRT affects clinical decision-making and determines whether patients should be directed to aggressive surgical treatment. Currently, the gold standard for pCR relies on pathological confirmation of a surgical specimen. There is a need for developing non-invasive methods to reliably predict the response to nCRT and to avoid surgery for patients with pCR.

Predictors of pCR include clinical demographics, tumor morphology, blood cell counts, serum oncological indicators, protein expression, gene profiles, conventional radiological imaging features, the time interval between nCRT and surgical resection. However, these predictors have produced inconsistent results with some indicating their usefulness in predicting pCR and some indicating otherwise (2, 6–8). In addition to CT imaging, current efforts and studies with other imaging modalities have been performed to assist in prediction of pathological responses with promising results. PET/CT has the advantage of detecting the metabolically active rectal cancer and metastases for staging; and semiquantitative parameters derived from sequential PET/CT imaging may be used to predict response (9, 10). Endorectal ultrasound (EUS) affords direct visualization and access for biopsy of rectal cancer and its adjacent lymphadenopathy, which has also been used to predict response to nCRT (11). MRI may provide exquisite anatomical details on tumor morphology and its association with adjacent structure (12, 13). However, these additional imaging modalities are more time-consuming and costly as compared to CT imaging. In addition, some patients may not be able to tolerate the endorectal probe for EUS or the endorectal coil for rectal MRI. As CT remains to be the most commonly used imaging modality in clinical practice, it is prudent to assess its potential for predicting pCR in patients with LARC.

Radiomics detects tumor image features through computational analysis, which may reflect biological properties of tumors. It has been used to predict treatment response in patients with gastrointestinal tumors including rectal cancer (14). Prior studies have shown robust performance of predictive models for pathological response, achieving the area under the curve of 0.98 in models combining radiomic signature and clinical parameters such as tumor length (15). Radiomic features reflecting tumor heterogeneity such as entropy, skewness and kurtosis have been indicated as most relevant for predicting response to treatment (14). However, few radiomic studies have focused on these relevant radiomic features to determine tumor heterogeneity for predicting pCR in patients with LARC (2, 8, 16). In addition, prior radiomics studies of rectal cancer had small sample sizes without external validation, predisposing to overfitting and issues of generalizability (17). More work is needed to develop non-invasive radiomic approaches for cancer diagnosis and treatment.

Pretreatment contrast-enhanced CT for radiotherapy treatment planning is routinely acquired for patients with LARC prior to nCRT, which has provided a platform for predictive modeling of clinical response through imaging analysis. However, there have been conflicting results using radiomics to predict response to treatment, with some studies indicating its usefulness and some studies indicating otherwise (2, 8, 18–21). In the present study, we analyzed pretreatment contrast-enhanced CT images acquired for radiotherapy treatment planning, extracted radiomic features, and incorporated clinicopathological risk factors to build models for predicting pCR in patients with LARC undergoing nCRT. We hypothesized that the combined prediction model built with both radiomics and clinicopathological parameters could be useful for differentiating patients with pCR from patients without pCR.



Materials and Methods


Patients

Consecutive adult patients with LARC who underwent nCRT followed by total mesorectal excision with or without a pathological confirmation of pCR from July 2010 to December 2018 were retrospectively enrolled into this study and their medical information was extracted from our institutional database. The patients were randomly allocated to the training or validation cohort at a ratio of 7:3 using computer-generated random numbers. Details of the patient recruiting process as well as the exclusion criteria are presented in Figure 1A.




Figure 1 | (A) Study enrollment flow chart of patients with locally advanced rectal cancer (LARC) who received neoadjuvant chemoradiotherapy (nCRT). (B) Workflow for the method section. (I) Tumor segmentation on the CT images. (II) Radiomic feature extraction. Six classes of radiomic features were extracted from the tumor, including histogram, gradient, gray level co-occurrence matrix (GLCM), gray level run-length matrix (GLRLM), autoregressive model, and wavelet texture. (III) Radiomic feature selection. (IV) Predictive modelling and nomogram.



The nCRT was carried out according to standard protocols. Briefly, nCRT was delivered to the whole pelvis at a dose of 46-50 Gy in 23-25 fractions (2 Gy/fraction, 5 days/week) with concurrent oral capecitabine. During the interval between nCRT and surgery, additional chemotherapy was administrated with the regimens consisting of mainly capecitabine plus oxaliplatin, called CapeOX, or a combination of leucovorin calcium, fluorouracil, and oxaliplatin called FOLFOX6.

The following 20 pretreatment clinicopathological variables were collected from medical records: gender, age, overall CT value (i.e., the mean value of CT density in Hounsfield Unit in the region-of-interest of the tumor), distance to the anal verge (DAV), pathological grade, hemoglobin (HGB) level, platelet counts, neutrophil-to-lymphocyte ratio (NLR), lymphocyte-to-monocyte ratio (LMR), platelet-to-lymphocyte ratio (PLR), albumin concentration, globin concentration, albumin-to–globulin ratio (A/G), cholesterol level, high-density lipoprotein (HDL), low-density lipoprotein (LDL), occult blood (OB), carcinoembryonic antigen (CEA), carbohydrate antigen 199 (CA199), and carbohydrate antigen 125 (CA125). This retrospective study was approved by the Ethics Committee and Institutional Review Board in our institution, and written informed consent was waived due to the retrospective nature of this study.



Pathological Re-Assessment

The surgical specimens, which were embedded in paraffin and sliced into 4-mm-thick sections, were re-assessed by two experienced gastrointestinal pathologists (GG and HY, with 6 and 25 years of experience, respectively) to evaluate pCR according to the established criteria (22, 23). Briefly, a pCR was defined as no viable tumor cells present in the bowel wall (T stage) or regional nodes (N stage) at T0N0 (complete regression). Changes in TNM staging were also included in the assessment of tumor response.



CT Imaging Acquisition

All patients underwent a routine contrast-enhanced CT scan for radiotherapy treatment planning in supine position on a 16- multi-detector row spiral computed tomography (Brilliance 16, Philipps) scanner. The contrast-enhanced CT images were performed after intravenous injection of 90-100 ml of iodinated contrast material (Ultravist 370, Bayer Schering Pharma, Berlin, Germany) at a rate of 3.0-3.5 ml/second. Enhanced images at portal venous-phase (scanned with fixed delay time of 60-70 seconds) were obtained for all patients. The CT images were retrieved from the Picture Archiving and Communication System (PACS, Carestream, Canada) and transferred to an external workstation (Leonardo; Siemens Medical Solutions, Forchheim, Germany). All CT images were reconstructed with a thickness of 3 mm. Normalization with 256 bins was performed on all original CT images using the gray-scale discretization method before extracting the radiomic features (Analysis Kit software, version V3.0.0.R, GE Healthcare).



CT Imaging Analysis

CT images for each patient were reviewed independently by two abdominal radiologists (reader 1: YM and reader 2: HL, with 6 and 25 years of experience, respectively). The radiologists were blinded to all information about the patients including the radiological and clinicopathological data. Using the conformal region-of-interest approach, CT attenuation values in Hounsfield units were measured at the largest dimension of the tumor on axial images. Regions of interest were placed in three locations within the tumor and the average CT attenuation values were calculated. In case of discrepancy in the opinions of the two radiologists, a third senior radiologist (CC, with 33 years of experience) would be involved in assessment and consensus would be reached through discussion.



Texture Feature Extraction

For each patient, a representative axial image with the largest cross-sectional area of the tumor (thickness: 3 mm) was selected by the two abdominal radiologists (reader 1 and reader 2), who made the decision together. Digital Imaging and Communications in Medicine (DICOM) Works software (version 1.3.5) and MaZda Version 4.6 (Institute of Electronics, Technical University of Lodz, Poland) were used for transfer and texture analysis, respectively. All tumor contouring was reviewed and validated by two senior abdominal radiologists (Haiping Li and CC, both with more than 25 years of experience in interpreting abdominal CT images).

For each patient, 340 quantitative texture features were automatically generated using the MaZda software from each region-of-interest file, including a gray-level histogram, a gradient, a run-length matrix, a co-occurrence matrix, an autoregressive model and a wavelet transform analysis.



Reproducibility of Texture Feature Extraction

Reproducibility of texture feature extraction was analyzed by two radiologists performing independent segmentations of the CT images. The inter-observer (reader 1 versus reader 2) and intra-observer (reader 1 twice within a two-week period) correlation coefficient (ICC) values were evaluated on the 50 randomly chosen images. The final consistency was evaluated by the following criteria applied to the ICC value: <0.20 for poor reproducibility, 0.21-0.40 for fair reproducibility, 0.40–0.60 for moderate reproducibility, 0.61–0.80 for good reproducibility and 0.81–1.00 for excellent reproducibility. Generally, an ICC greater than 0.75 was regarded as indication of good agreement. Reader 1 completed the workflow for the remaining images.



Radiomic Feature Selection

According to the criterion of ICC > 0.75, the features with an ICC value less than or equal to 0.75 were excluded and were not included for further analyses. To build the radiomic signature (Rad-score), the least absolute shrinkage and selection operator (LASSO) method was used to select the most relevant features (24). A Rad-score was calculated for each patient using a linear combination of those selected features, with their respective coefficients weighted in the combination. The Rad-score was deemed as an independent variable along with the other clinicopathological variables. Univariate and multivariate logistic regression was used to select the independent predictors for pCR, with the p value set at 0.05.



Model Assessment

The discrimination performance of the models was calculated using the area under the curve (AUC) of the receiver operating characteristic (ROC) curves. Calibration curves, which evaluated accuracy of a predictive model, were created by plotting the observed probabilities against the model-predicted probabilities via a bootstrap method (resampling iteration = 1000). The Hosmer-Lemeshow test was performed to test if the calibration curve was significantly different from the ideal curve (25). Decision curve analysis for evaluating clinical usefulness of a model was implemented by quantifying the net benefits for a range of threshold probabilities in the validation dataset (26, 27). Additionally, the predictive values of the Rad-score based on CT features for T and N status (T0 vs. non-T0, N0 vs. non-N0) were also measured in terms of AUC.

We used feature selection and logistic regression for our statistical modelling method in this study. A prior study by Huang et al. used logistic regression to develop a predictive model for lymph node metastasis in colorectal cancer and achieved robust performance (28). Logistic regression could be used to deal with biomedical datasets which usually have unbalanced outcome variables. In addition, because the outcomes of logistic regression were probabilities, this method has made it possible for subsequent calibration analysis, nomogram plotting, and decision curve analysis for comprehensive performance assessment of a predictive model.



Statistical Analysis

All statistical analyses were conducted with R software version 3.6.1 (http://www.Rproject.org) using the following packages: “glmnet”, “rms”, “pROC”, “rmda”, “ggplot2”, and “broom”. The nomogram was created using “rms”. The AUCs for different models were compared using the deLong test (29). All statistical tests were two-sided, with statistical significance set at 0.05. The workflow for this study is presented in Figure 1B.

Quality assessment of this study was performed according to the radiomics quality score (RQS) which has provided standardized criteria and reporting guidelines to minimize bias and enhance prediction models in radiomic research (30). Most points lost in our study were due to it being a retrospective study. For instance, we could not add the 7 points designated for prospective validation of a radiomics signature in an appropriate trial. The total RQS for this study was 22 points out of a maximal score of 36 points, which was reasonably good for a radiomic study. A systematic review of radiomic studies predicting response to treatment in gastrointestinal cancers showed the RQS ranging from −4 to 23 points, with a median of 5 points for the 60 studies included in the review (14). A detailed assessment of the 16 key components for RQS was presented in the Supplementary files (Table S1).




Results


Patient Characteristics

A total of 216 patients with LARC were included in our study. The overall pCR rate was 20.37% (44/216). Clinicopathological characteristics of patients in the training cohort (n = 151) and the validation cohort (n=65) are summarized in Table 1. The training and validation cohorts were similar in terms of the pCR rate (19.88% and 21.54%, respectively, p = 0.912), as well as the other clinicopathological variables (all p > 0.05).


Table 1 | Patient characteristics.





Radiomic Feature Selection and Radiomic Signature

A total of 340 radiomic features were extracted from the CT images for each patient. Initially, 65 low-stability (ICC ≤ 0.75) features were excluded, and the remaining 275 features were included in the final analysis. Using LASSO logistic regression on the training cohort, 264 additional features were excluded because of their coefficients being squeezed to zero based on the one standard error of the minimum criterion (Supplementary Files: Figure S1). The remaining 11 features were linearly added for calculation of the Rad-score (see Supplementary Files: Figure S2) and weighted with their respective non-zero coefficients (28).



Predictors for Building Models

The results of univariate and multivariate logistic regression are summarized in Table 2. The final predictors were the following: distance to the anal verge, lymphocyte-to-monocyte ratio, CEA, and Rad-score. Three predictive models were built. Model 1 was built with all four final predictors; Model 2 was built with Rad-score alone; and Model 3 was built with the three remaining clinical predictors after excluding the Rad-score.


Table 2 | Binary logistic regression analysis of risk factors for pathological complete response.





Model Performance

The ROC analyses for the three models are presented in Figure 2A. The AUCs of the ROC curves for the training cohort were 0.926 (95% CI: 0.878-0.974), 0.849 (95% CI: 0.765-0.933), and 0.825 (95% CI: 0.738-0.913) in Model 1, Model 2, and Model 3, respectively. The DeLong test showed that the AUC of Model 1 was significantly higher than the other two (both p < 0.05), while Model 2 and Model 3 had similar AUC values (p > 0.05). For the validation cohort, the AUCs were 0.872 (95% CI: 0.777-0.968), 0.834 (95% CI: 0.726-0.942), and 0.788 (95% CI: 0.676-0.900) for Models 1, 2, and 3, respectively. No significant AUC differences were found among any two of the three models for the validation cohort (all p > 0.05). The discrimination performance of the three models is presented in Table 3. The AUC cut-off values in Table 3 were determined based on Youden index maximization criterion.




Figure 2 | The receiver operating characteristic curves for the three prediction models and the corresponding decision curves. (A) The receiver operating characteristic (ROC) curves for training and validation cohort, the area under the curve of each model is displayed in parentheses. (B) Calibration curves for training and validation cohorts. (C) Decision curves for the three models. Red, combined radiomic and clinical data model; green, radiomic model; blue, clinical data model.




Table 3 | Performance of the three predictive models.



The AUCs of Rad-score for predicting T status were 0.826 (95% CI: 0.738-0.913) and 0.811 (95% CI: 0.697-0.926) for the training and validation cohorts, respectively; The AUCs of Rad-score for predicting N status were 0.749 (95% CI: 0.654-0.844) and 0.716 (95% CI: 0.568-0.863) for the training and validation cohorts, respectively.

The calibration curves for the three models showed good consistency between the predicted pCR rate and the observed pCR rate for both the training and validation cohort (Figure 2B). These findings did not reach statistical significance by the Hosmer-Lemeshow test for any of the six calibration lines (3 models×2 cohorts, all p > 0.05), indicating good agreements with the ideal diagonal line. The calibration lines for Model 1 were visibly closer to the diagonal line, implying the best predictive accuracy.

Figure 2C shows that using decision curve analysis, Model 1 appears to have the widest threshold probability as well as the highest position, indicating the most clinical advantage. Nonetheless, using any of these models could be beneficial clinically. Overall, our results indicate that Model 1 is the most robust model tested in the present study. Figure 3 shows the nomogram for Model 1.




Figure 3 | The nomogram for the model combining radiomics and clinical data.






Discussion

In this study, we performed radiomic analysis on pretreatment radiotherapy planning CT images performed for routine clinical care and developed a radiomic nomogram to predict the response to nCRT in patients with LARC. Our predictive model, built with a combination of radiomics and clinicopathological risk factors, had reasonable performance in differentiating patients with and without pCR. The clinical usefulness of the model was also confirmed by the decision curve analysis. Our study results support the notion of using routine radiation treatment planning CT imaging to predict treatment response in clinical practice.

There is limited literature on the use of CT-based radiomics to predict the response to nCRT in patients with LARC. A prior study using a deep neural network method based on contrast-enhanced CT images achieved moderate accuracy of 80% for predicting pCR in patients with LARC receiving nCRT (16). In addition, neural network methods are difficult to understand intuitively and are considered “black box” methods for their lack of interpretability. On the other hand, our model was built with radiomic features derived directly from the tumor images, making it more relatable to clinical practice. Moreover, the prior study using deep neural network methods had a sample size of 95 subjects (16) and our model had the advantage of training and validating on a larger cohort of 216 subjects. Larger sample sizes are critical for model building because of the need to avoid overfitting of the prediction models.

Our study used contrast-enhanced CT images for radiomic analysis, which should be superior to using non-contrast enhanced images because contrast enhancement should reveal more details on the heterogenous internal architecture of malignant tumors. Two prior studies used a non-contrast-enhanced CT radiomic model to predict pCR in rectal cancer and their results were conflicting (2, 8). The model reported by Yuan et al. (2) had 83.9% accuracy and promising predictive power, while the model reported by Hamerla et al. (8) showed no predictive power for treatment response. Our results support the use of radiomics based on contrast-enhanced CT images in predicting treatment response of LARC.

CT has been the most commonly used imaging modality for diagnosis and treatment planning of various diseases. For instance, a recent study presented the feasibility of using CT images imported into a radiation treatment planning system for volumetric assessment of COVID-19 pneumonia lesions and for localizing the pulmonary lesions as a target for 3D conformal radiation therapy (31). This innovative approach is encouraging and may have potential for treatment planning of rectal cancer since nCRT also requires identification of the tumor location and volumetric assessment for radiation therapy. More work needs to be done to assess this innovative method in diagnosis and treatment of rectal cancer.

Our model combining the Rad-score with clinical features achieved robust performance. These results support further investigation of the Rad-score as a biomarker to predict the response of LARC to nCRT. Radiomic features might reflect the biological nature of tumor cells and have been found to be associated with tumor prognosis (32, 33). For instance, higher heterogeneity may indicate a more aggressive tumor with a worse prognosis while lower heterogeneity might indicate more angiogenesis with a better prognosis (33). In our study, two entropy-related features (WavEnLH_s_3, WavEnLH_s_4, see Supplemental file), indicating higher heterogeneity, were among the most relevant radiomic features filtered by the LASSO method. Both had negative coefficients, implying higher values of these features being associated with reduced likelihood of pCR. Our results were consistent with a model wherein higher entropy reflecting higher heterogeneity and worse prognosis.

The mechanism underlying the relationship between the location of rectal cancer and response to treatment is not clear yet. Our study included tumor location aiming to assess this relationship further. Prior studies have suggested that distal location of rectal cancer tended to have better prognosis, either in terms of pCR rate or in distant metastasis-free survival (7, 34–37). One study found that tumors located higher vs. lower in the rectum had pCR rates of 23.2% vs. 7.3%, respectively (34). Another study reported a similar finding, with pCR rates of 20% and 3%, for tumors higher and lower in the rectum, respectively (37). However, one study found a higher pCR rate in lower tumor location in the rectum (38). Our results were consistent with the majority of published literature showing a higher pCR rate in the tumors located higher in the rectum. We speculate that the differential blood supply, the anatomic structure, and the density of the surrounding tissue might affect the chemotherapeutic drug concentration and radiation dose in the target rectal area, resulting in different responses to treatment.

Serum inflammatory cytological biomarkers as well as tumor markers were widely studied in rectal cancer (39–41). Our model included an inflammatory cytological biomarker (i.e., LMR) and a tumor marker (i.e., CEA). In a study by Li et al. (40), LMR was found to be the most relevant factor for pCR in rectal cancer, with an AUC of 0.913. Diakos and colleagues (42) proposed that systemic inflammation may affect the tumor response through the complex interplay between local immune responses and systemic inflammation. Our results support the role of LMR in assessing treatment response of LARC. CEA is a known marker of tumor response and prognosis in gastrointestinal cancer. CEA is abnormally expressed in various malignant tumors, and higher expression has been linked to worse prognosis in colorectal cancer (43). Thus, our findings that CEA was negatively correlated to pCR were consistent with the literature. However, there were some differences in CEA cut-off determinations among the studies. For example, the cut-off value to indicate CEA-positive status was set at 5 ng/mL in some studies (44, 45), and at 2 ng/mL in other studies (46). The pCR has been linked to either the post-treatment CEA level (46, 47), the pretreatment CEA level (45, 48), or both the pre- and post-treatment CEA levels (44). Nonetheless, the potential usefulness of CEA as a prognostic biomarker for rectal cancer has been recognized and our results add to the evidence that the pretreatment CEA level may help to predict treatment response.

The prognostic factors for non-metastatic rectal cancer patients have been noted to include age, nutritional condition, tumor stage, tumor differentiation, and surgery, which may independently affect overall survival (49). Our best performing model for predicting response to nCRT incorporated both radiomics and clinical variables, such as radiomic features, distance to anal verge, lymphocyte-to-monocyte ratio (LMR), and carcinoembryonic antigen (CEA). It should not be surprising for this model to perform well as radiomic features may reflect heterogeneity of tumor cells and have been found to be associated with tumor prognosis. The location of tumor (distance to anal verge), and serological markers such as LMR and CEA are associated with biological behavior of the tumor, which may affect tumor stage and prognosis. Other prognostic factors are related to the patients’ general well-being such as frailty and nutritional status. For instance, the loss of skeletal muscle mass during nCRT has been shown to be related to lower survival for patients with rectal cancer (50). Higher BMI tends to have better survival for patients with colorectal cancer (51). More research should be performed focusing on the potentially modifiable factors such as muscle mass and body weight to enhance response to nCRT.

There were several limitations to this study. First, this was a retrospective study with uncontrolled confounding variables, such as clinical staging, nodal status and time interval between treatment initiation to surgery, making case selection bias possible and affecting the performance of our predictive model. Second, this retrospective study included a modest sample size of 216 patients from a single institution over a long enrollment period, with only 44 patients achieving pCR. The modest sample size in our study might have increased the risk of overfitting the models, and a single institution data may limit the model’s generalizability. Therefore, external validation is mandatory and should be performed in future studies. Third, differences in imaging protocols may hinder the general applicability of our results. For instance, we performed contrast-enhanced CT for radiotherapy treatment planning while patients were in supine position and other centers may use non-contrast enhanced CT imaging while their patients may assume either supine or prone position. In addition, contrast-enhanced CT may differ from facility to facility depending on the experience and expertise of the clinical practice. Furthermore, a combination of limited sample size and lack of radiomics on the CT scans acquired post-nCRT but before surgery may have missed some useful features for model building to predict response to treatment. Therefore, future studies should adopt a standardized imaging protocol among all participating institutions and should have sufficient statistical power to tease out the effect of imaging protocol on model performance. Lastly, several important variables such as gene profiles, and membrane protein biomarkers were not assessed in our study, which could have helped in assessing the potential for personalized treatment and their effects on the model performance. Future prospective multicenter studies with a large sample size are needed to validate our results and assess the clinical applications of our predictive model.



Conclusions

This study demonstrates the usefulness of pretreatment CT radiomics for predicting the response to nCRT in patients with LARC. Our data supported the notion of using non-invasive imaging-focused approaches to assess treatment response and to guide personalized treatment for patients with rectal cancer.
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Advanced adenoma (AA) holds a significantly increased risk for progression to colorectal cancer (CRC), and we developed a noninvasive DNA methylation prediction model to monitor the risk of AA progression to CRC. We analyzed the differential methylation markers between 53 normal mucosa and 138 CRC tissues, as well as those in cfDNA (cell-free DNA) between 59 AA and 68 early-stage CRC patients. We screened the overlapping markers between tissue DNA and cfDNA for model variables and optimized the selected variables. Then, we established a cfDNA methylation prediction model (SDMBP model) containing seven methylation markers that can effectively discriminate early-stage CRC and AA in the training and validation cohorts, and the AUC (area under the curve) reached 0.979 and 0.918, respectively. Our model also reached high precision (AUC=0.938) in detecting advanced CRC (stage III/IV) and presented better performance than serum CEA and CA199 in screening CRC. The cd-score of the SDMBP model could also robustly predict the TNM stage of CRC. Overall, our SDMBP model can monitor the malignant progression from AA to CRC, and may provide a noninvasive monitoring method for high-risk populations with AA.




Keywords: cell-free DNA, advanced adenoma, colorectal cancer, monitoring, methylation model



Introduction

Colorectal cancer (CRC) is the second leading cause of cancer-related deaths worldwide (1). The adenoma-cancer sequence is the main pathway for most sporadic CRCs. Individuals with advanced adenomas (AAs, size ≥1 cm, high-grade dysplasia, or villous or tubule-villous histology) have a double risk of progression to CRC (2, 3). Colonoscopy may be the best method for the early visual detection and screening of CRC (4–6). However, its invasiveness, time-consuming nature, requirement for bowel preparation and associated high-cost limit its wide application for routine screening of CRC in high-risk populations (7, 8). Quantification of the level of serum carcinoembryonic antigen (CEA) has previously been considered a specific and noninvasive method for identifying occult CRC. However, the low sensitivity (40 to 60%) of this method limits its use. Combining the quantification of both CEA and carbohydrate antigen 199 (CA199) levels can improve the sensitivity of this assessment, but the effect is still limited (9–11). Noninvasive monitoring of patients with AA is key to the early diagnosis and prevention of CRC. Thus, there is an urgent need for specific, sensitive, and noninvasive biomarkers for the early detection of CRC.

Alterations in DNA methylation patterns might represent detectable neoplastic changes related to tumorigenesis (12). Many methylation markers have emerged as useful diagnostic and prognostic biomarkers for CRC (13–16). However, almost all studies on the early diagnosis and screening of CRC have classified patients with CRC and adenoma as affected populations and distinguished them from normal controls (17–21). Few studies have focused on monitoring the risk of AA progression to CRC. In addition, the ctDNA concentration is lower in plasma from patients with early-stage tumors than in plasma from patients with advanced tumors (22). Many diagnostic models based on ctDNA methylation markers for the early screening of solid tumors show superior positivity in advanced tumors, but the sensitivity of these models decreases significantly for early tumors (14, 19, 23, 24).

In this study, we developed a novel methylation diagnostic model and analysis method to achieve sensitive and noninvasive surveillance of high-risk populations with AA progression to CRC. We selected the differentially methylated markers that differed between AA and early-stage CRC (instead of all stages of CRC) at the plasma level for model construction and validation. We further validated the accuracy and robustness of our model in an independent early-stage CRC cohort as well as another advanced CRC cohort. The model demonstrated good predictive performance in both datasets. Therefore, our study may provide a useful model for monitoring the malignant progression from AA to CRC and a new method for monitoring high-risk populations with AA.



Materials and Methods


Patient Enrollment and Sample Collection

A total of 237 formalin-fixed paraffin-embedded (FFPE) tissues, including 179 CRC tissues and 58 adjacent normal tissues that were derived from the normal mucosa 5 cm away from the primary cancer, were collected from Southern Hospital of Southern Medical University. Plasma was collected from 262 CRC and 98 AA patients at the Southern Hospital of Southern Medical University and General Hospital of Southern Theater Command from November 2015 to October 2019. Blood samples with a 10-mL aliquot were collected from CRC or AA patients 1-3 days before surgery or colonoscopy with acellular DNA BCT tubes (Streck, catalog 218962). Plasma was separated by centrifugation at 1600 rpm for 10 min at 4°C followed by a second centrifugation at 16000 rpm for 10 min at 4°C and stored at -80°C until DNA isolation. The tissue and plasma samples came from different patients. This study was approved by the Ethics Committee of Southern Hospital and General Hospital of Southern Theater Command. No informed consent was required because patient information was desensitized and the data were analyzed anonymously.

To verify the accuracy and reliability of our methylation panel and method, we adopted The Cancer Genome Atlas (TCGA) methylation cohort for validation. Data and clinical characteristics associated with the human methylation 450 K array of colon adenocarcinoma (COAD) were available from TCGA (https://cancergenome.nih.gov/).

Serum CEA and CA199 levels were measured at a local clinical laboratory, and levels of less than 5 μg/mL and 37 U/mL, respectively, were considered within reference ranges (25).



Isolation of Tissue Genomic DNA and Plasma Cell-Free DNA

The QIAamp DNA FFPE Tissue Kit (Qiagen, Cat# 56404) was used to isolate tissue gDNA from FFPE samples according to the manufacturer’s protocol. cfDNA was isolated from plasma using the Bioo NextPrep-Mag™ cfDNA Isolation Kit (Bioo Scientific, Austin, TX, USA, Cat# NOVA-3825) following the manufacturer’s protocol. The concentration and quality of cfDNA was examined using the Qubit™ dsDNA HS Assay Kit (Thermo Fisher Scientific, Cat# Q32854) and the Agilent High Sensitivity DNA Kit (Agilent, Cat# 5067-4626). cfDNA with a yield greater than 3 ng and without obvious contamination of gDNA was used for further DNA library construction.



AnchorIRIS™ Targeted Methylation Sequencing

We used the AnchorDx EpiVisio™ Target Enrichment Kit (AnchorDx, Cat# A0UX00031) and methylation panels (AnchorDx PanMet V2) for target enrichment. A total of 1000 ng of DNA containing up to four prehyb libraries was pooled for target enrichment using the AnchorDx PanMet V2 methylation panel. AnchorDx PanMet V2 included 12624 preselected cancer-specific methylation regions. The total size of the genomic regions targeted by the AnchorDx PanMet V2 panel was 733057 bp which covered 55369 CpG sites. We carried out probe hybridization, purification and final PCR amplification according to the protocols. The AnchorIRIS™ prelibrary construction and target enrichment technologies have been previously described in detail (21, 26).



Sequencing Data Analysis

Enriched libraries were sequenced by the Illumina HiSeqX Ten Sequencing System. Sequencing adapters and 3’ low-quality bases were trimmed from raw sequencing reads using a routine algorithm and then aligned to the C→T in silico converted hg19 reference genome using Bismark version 0.17.0 (Bowtie2 as the default aligner behind Bismark). Aligned reads were further evaluated by Picard (version 2.5.0) to obtain metrics that measured the performance of target capture-based bisulfite sequencing assays (http://broadinstitute.github.io/picard). After the preliminary analysis, we calculated the average coverage as well as the missing rate for each CpG site.




Statistical Analysis

A differential methylation analysis between normal mucosa and CRC tissues was performed by using the Wilcoxon signed-rank test (P≤.0001) with a mean difference> 0.2. We used the differentially methylated CpG loci (DMLs) to identify the difference in methylated loci between normal mucosa and CRC tissues. The same tests were performed 100 times to identify plasma samples between patients with AA and early-stage CRC by randomly extracting three-quarters of the total samples each time. We selected overlapping methylation markers between tissues and samples to shrink biomarkers and ensure accuracy. Least absolute shrinkage and selection operator (LASSO) regression analysis and random forest in the R package were implemented to select variables and build the diagnostic model using blood samples from the AA and CRC patients in the training cohort. Methylation-correlated blocks (MCBs) have been proven to increase the accuracy of determining allele methylation status. We used our sequencing data to identify MCBs as previously described (14, 27). We also calculated the area under the curve (AUC) to compare the discrimination performances of the model with the serum CEA and CA199 levels. Logistic regression was used to calculate the coefficients of the seven markers in the model, and the formula for calculating the combined diagnostic score (cd-score) was as follows:

	

The cutoff value (0.327) was determined by Youden’s index based on the ROC model.



Results


Clinical Characteristics of the Study Cohort and Study Flow of Participants

A total of 191 tissues (including 138 CRC tissues and 53 adjacent normal tissues) and 306 blood samples (including 218 CRC patients and 88 AA patients) were collected that passed quality control (QC) and were subsequently subjected to DNA extraction, AnchorIRIS™ library construction and DNA methylation next-generation sequencing (NGS), as shown in Table 1. One hundred samples (46 tissues and 54 plasma) were excluded due to DNA extraction QC failure (DNA degradation and contamination; n = 31) or low library yield (n = 69). The 218 CRC patients from whom blood samples were collected included 43 patients with stage I CRC, 56 with stage II CRC, 50 with stage III CRC and 69 with stage IV CRC. The plasma samples from 99 stage I/II CRC patients and 88 AA patients were randomly assigned to the training cohort and validation cohort at a ratio of 2:1. Because the ctDNA concentration and detected methylation signals in early-stage CRC were strikingly weaker than those in advanced CRC, we tried to build a methylation prediction model in early-stage CRC patients and verified it in early-stage CRC patients and patients with advanced disease to improve the model sensitivity for detecting early tumors. Therefore, all advanced CRC (stage III and IV) samples were used as additional validation for the efficiency of the methylation diagnostic model. An overview of the study design is shown in Figure 1.


Table 1 | Clinical characteristics of the qualified tissue and plasma cohort.






Figure 1 | Enrollment of a retrospective study cohort and workflow for building the methylation monitoring model with seven biomarkers. Light orange: quality control of tissues and blood samples; Light blue: construction of the SDMBP model; Purple: verification of the SDMBP model in the training cohort and additional independent cohort; Green: CRC screening performance comparison of the SDMBP model with quantification of the levels of serum CEA and CA199; The validation and additional validation cohort included the same 29 AA patients.





Identification of CRC-Specific Methylated Markers

High-throughput AnchorIRIS™ targeted methylation sequencing was performed on 53 normal mucosa and 138 CRC tissues. A total of 5137 DMLs were identified between the normal mucosa and CRC tissues through differential methylation analysis (Figure 2A). Unsupervised hierarchical clustering showed that these 5137 DMLs were among the most significantly different DMLs between CRC and normal mucosa in the TCGA cohort (including 285 CRC and 38 normal mucosa samples) (Figure 2B). These results indicated that the selected methylation markers (5137 DMLs) were stable, reliable, and specific for distinguishing CRC from normal mucosa. Next, the Wilcoxon signed-rank test was performed 100 times to identify DMLs from plasma between 59 AA and 68 early-stage CRC (stage I and II) patients with a cutoff value of P ≤ 0.01 and mean difference > 0.005. Overall, 1725 DMLs appeared over 80 times out of a total of 100 repetitive tests of plasma between AA and early stage CRC patients. We selected the common shared DMLs between CRC tissues and plasma and obtained 386 overlapping DMLs that were finally assembled into 56 MCBs using a Pearson correlation method with an r2 cutoff of 0.5. These 386 DMLs were distributed differently between plasma from AA and CRC patients, as well as between normal mucosa and CRC tissues (Supplementary Figure 1).




Figure 2 | Identification of CRC-specific methylated markers. Unsupervised hierarchical clustering of 5137 DMLs between normal mucosa and CRC tissues (A); 5137 DMLs distributed in normal tissues and stage I-IV CRC samples obtained from the TCGA database (B).





The Seven-Methylation-Marker Prediction Model Effectively Monitors the Malignant Transformation of AA and Predicts Early CRC

LASSO regression analysis using Lambda determined by 10-fold cross-validation was applied for variable selection. Then, the selected variables were used for the next analysis. A random forest model was built to remove variables with minimum feature importance. The remaining variables were also used for model construction, and useless variables were removed using the same method. This process was iterated until optimal variables were identified according to the highest classification accuracy. Here, we selected seven DNA methylation markers: cg01419567 (ZFHX4), cg26238800 (ZNF334), cg13562911 (ELOVL2), cg16475705 (UNC5C), cg06921368 (LOC146880), cg20506550 (SFMBT2) and cg12087643 (GFRA1). Logistic regression was used to calculate the coefficients of the seven markers in the model and develop the formula. We constructed the SDMBP by using the seven MCBs (Table 2). Thus, we obtained a cfDNA methylation model classifier that can differentiate AA from early-stage CRC. The SDMBP model presented high precision in both the training and validation cohorts (AUC = 0.979 and AUC = 0.918, as shown in Figures 3A–D). This DNA methylation model also achieved a sensitivity of 92.65% and specificity of 91.53% for discriminating early-stage CRC from AA in the training cohort and a sensitivity of 90.32% and specificity of 89.66% in the validation cohort (Figures 3E, F). The prediction results suggest that the SDMBP model can distinguish early CRC from AA as well as pathomorphological diagnosis.


Table 2 | Characteristics of the seven methylation markers and their coefficients in diagnosis.






Figure 3 | cfDNA methylation analysis for early-stage CRC diagnosis. (A, B) Unsupervised hierarchical clustering of the seven selected markers between AA and early stage CRC in the training (A) and validation (B) cohorts. Each row represents an individual patient, and each column represents a CpG marker. (C, D) Receiver operating characteristic (ROC) curve and the related AUCs of the SDMBP model for diagnosing CRC in the training (C) and validation (D) cohorts. (E, F) Confusion matrices built from the SDMBP model in the training (E) and validation (F) cohorts. The beta values of the DMLs were normalized by the z score method.





The SDMBP Model can Accurately Predict Advanced CRC (Stage III/IV)

Unsupervised hierarchical clustering showed that the 56 preselected differentially methylated markers (including 386 DMLs) were also located in the most significant region of cfDNA and showed a greater difference between the AA and advanced CRC (stage III/IV) patients (Figure 4A). The SDMBP model was highly accurate for predicting early-stage CRC patients. Since advanced CRC patients usually have higher cfDNA and methylated marker levels than early-stage patients, we evaluated the performance of the methylation monitoring model in distinguishing AA from advanced CRC based on blood sample assessment. Because of the limited number of AA patients, we repeatedly used the 29 AA patients in the validation cohort. The SDMBP model displayed good performance in verifying advanced CRC with high sensitivity (89.08%) and specificity (89.66%) (Figures 4B, C). We further evaluated the performance of each single methylation marker in distinguishing CRC from AA. The AUCs were 0.823, 0.818, 0.642, 0.847, 0.581, 0.78 and 0.781, respectively (Figure 4D). In particular, cg01419567 (ZFHX4), cg26238800 (ZNF334) and cg16475705 (UNC5C) acted more effectively (Figure 4D). Overall, the SDMBP model based on the training set of AA and early-stage CRC patients can be used to accurately screen for advanced CRC (stage III/IV).




Figure 4 | Performance of the SDMBP model in distinguishing AA from advanced CRC. (A)Unsupervised hierarchical clustering of 386 overlapping DMLs (equal to 56 MCBs) in cfDNA from patients with AA and stage III/IV CRC. (B) ROC curves and the corresponding AUCs of the SDMBP model for diagnosing advanced CRC. (C) Confusion matrices built from the model using patients with stage III/IV CRC. (D) ROC curves and the corresponding AUCs of diagnostic performance for each methylation marker in the model.





The SDMBP Model Is Significantly Better Than Quantifying the Serum CEA and CA199 Levels for CRC Screening

To compare the performance of the SDMBP model with that of quantifying the levels of serum CEA and CA199, we included 150 CRC patients for further analysis. The SDMBP model demonstrated marked superiority over the level of CEA, the level of CA199 and the combined levels of both markers for screening CRC (as shown in Figure 5A), with AUCs of 0.868, 0.703, 0.637 and 0.74, respectively. In particular, none of the stage I CRC patients in validation cohort were identified based on the assessment of the serum CEA level, and only one was identified based on the CA199 level. However, the model predicted 14 of 16 CRC patients (87.5%) with stage I disease. Furthermore, in stage II and III CRC patients, the sensitivity of our methylation model was over fourfold and twofold higher than the assessment of the CEA level (93.75% vs. 20% and 88% vs. 34%) and over twofold higher than assessment of both the CEA and CA199 levels (93.75% vs. 40% and 88% vs. 42%). Even for stage IV CRC patients with a high tumor burden, the SDMBP model showed higher sensitivity than the assessment of the levels of CEA, CA199 and the combination of both (92.8% vs.69.6%, 40.6% and 69.6%) (Figures 5B, C). However, there was no significant difference in specificity among the four screening methods (Figure 5D). Our comparison results demonstrate that the SDMBP model is more precise than the assessment of the levels of serum CEA and CA199 for CRC screening.




Figure 5 | Comparison of the SDMBP model with quantification of the levels of serum CEA and CA199 for diagnosing CRC. (A) ROC curves and corresponding AUCs of the SDMBP model, the CEA level, the CA199 level and the combination of the levels of CEA and CA199 for diagnosing CRC in the validation dataset; (B) The diagnostic efficiency comparison of the SDMBP model, the CEA level, the CA199 level and the combination of the levels of CEA and CA199 for discriminating AA from CRC of different TNM stages in the validation dataset; (C, D) Sensitivity and specificity comparison of the SDMBP model, the CEA level, the CA199 level and the combination of the levels of CEA and CA199 in CRC patients with different TNM stages in the validation dataset. Statistical significance was assessed by the χ2 test (C). ****P < 0.0001.





The Cd-Score of the SDMBP Model Is Significantly Positively Correlated With the TNM Stage of CRC

Related research results indicated that the cd-score of the predictive model may be used to classify the severity of the disease (14, 19). Therefore, we further assessed the cd-score (the calculation method is described in the Materials and Methods section) of the SDMBP model for differentiating between AA and CRC. We found that the cd-score could differentiate AA from CRC patients with different TNM stages (Figure 6A). These results showed that there was a strong correlation between the cd-score and tumor TNM stage. Patients with early-stage CRC (stage I and II) had substantially lower cd-scores than those with advanced-stage (III and IV) CRC (Figure 6B). However, no significant difference existed among other clinical parameters, such as age (older than 50 years and younger), sex (male and female), and tumor location (left and right colon) (Figures 6C–E). Therefore, our analysis suggests that the cd-score of our model is significantly positively correlated with the TNM stage of CRC, and may be used as a potential prognostic predictor of CRC.




Figure 6 | Application of the cd-score of the SDMBP model for predicting tumor stage and different clinical parameters in CRC patients. Cd-score and sensitivity of the SDMBP model in CRC patients with different disease stages (I, II, III and IV) (A, B); Cd-score and sensitivity of the SDMBP model in male patients and female patients (C); in patients with a primary tumor location on the left or right colon (D); and in patients less than 50 years old or over 50 years old (E). Statistical significance was assessed by unpaired t test.






Discussion

The adenoma-carcinoma sequence is widely thought to represent the process by which most, if not all, CRCs arise. Importantly, compared with those with ordinary adenoma, patients with AA are at more than double the risk of subsequent CRC (2). Therefore, ongoing periodic surveillance in patients with AA is especially crucial for preventing CRC. Individuals with AA are advised to undergo repeated colonoscopy every 3 years, as well as CEA and CA199 quantification to monitor a lesion and prevent subsequent CRC (28, 29). However, colonoscopy requires a long appointment time and bowel cleansing, is often painful, and can be influenced by bias due to varying observers and experience levels. Quantification of CEA, even in combination with CA199, is also limited by its sensitivity and specificity. This study aimed to discover aberrantly methylated CpG dinucleotides in cfDNA between AA and early-stage CRC samples to monitor the malignant transformation of AA.

Aberrant methylation is a crucial feature of carcinogenesis and usually contributes to the inactivation of gene expression. The evolution from colorectal adenoma to CRC is associated with increasing hypermethylation of CpG islands (CGIs) in the promoter regions of tumor suppressor genes. Therefore, it may be one of the first detectable neoplastic changes associated with tumorigenesis (30, 31). A number of studies have identified some specific DNA methylation sites or DNA methylation profiles, such as SEPT9, as useful biomarkers for the early diagnosis and screening of CRC (18, 23, 32, 33). Xu et al. established a CRC early screening model that classified adenomas and CRC into intestinal neoplasia and distinguished them from healthy samples (14). In fact, almost all studies on CRC screening have constructed diagnostic models based on differences between healthy samples and malignant lesions that contain adenoma and CRC (21, 23, 34, 35). An ideal methylation feature that can differentiate AA from early-stage CRC has not been investigated and could be crucial in CRC surveillance, early detection and prevention. Thus, herein, we built a novel methylation signature that can be used to monitor malignant progression from AA to early stage CRC.

Genome bisulfite sequencing enables the high-throughput detection of large-scale methylation markers. The unique AnchorIRIS™ prelibrary construction and target enrichment techniques allow the high-resolution and high-throughput quantification of multiple CpG sites, even in samples with low methylation frequency. This approach has shown superior performance in the noninvasive diagnosis of early-stage lung cancer and CRC (21, 26, 36) as well as in recurrence monitoring for bladder cancer (37). Therefore, we applied this high-throughput targeted DNA methylation sequencing assay to detect CpG sites and built a methylation model. The ctDNA concentration and detected methylation signal are much lower in plasma from patients with early-stage tumors than in plasma from patients with advanced tumors. Many constructed diagnostic models of solid tumors based on methylation markers in ctDNA showed poorer positivity in early tumors than in advanced patients (14, 19, 26, 37). The novelty of our model and analysis method is that we observed the differences in ctDNA concentration and released methylation signals between early-stage CRC and advanced CRC to improve the sensitivity for monitoring early tumors. Therefore, the differentially methylated markers between AA and early-stage CRC (instead of all stages of CRC) were selected for model construction, avoiding the low sensitivity of detecting early-stage disease because of the methylation signal difference between early-stage CRC and advanced CRC. The constructed methylation model achieved a sensitivity of 90.32% and specificity of 89.66% in detecting stage I and II CRC in the validation cohort, and performed well in distinguishing AA from advanced CRC (stage III/IV) equally, with a sensitivity of 89.08% and a specificity of 89.66%. However, the sensitivities of the use of the levels of CEA, CA199 and both CEA and CA199 were 45.33%, 29.33%, and 50.67%, respectively, in both cohorts. Our model prevails in detecting early-stage CRC because we improved the routine method for model construction.

Noninvasive screening tests emphasize the early detection of stage I and II CRC because this is key to reducing the morbidity and mortality of CRC. The Epi-proColon assay displayed 44.7% sensitivity for detecting stage I and II CRC using methylated SEPT9 in plasma (33). In a recent study using multimarker DNA methylation, the detection rates for stage I and II CRC patients were 64.3% and 81.3%, respectively (34). In a cohort of 2105 individuals, the BCAT1/IKZF1 blood test identified 56% of all early-stage CRCs (stage I and II) (23). The cfDNA methylation biomarker model constructed by Lan exhibited improved sensitivities of 85.9% and 83.7% for identifying stage I and II CRC, respectively (21). Our monitoring model based on seven methylation markers showed a superior sensitivity of 90.32% in distinguishing AA from stage I/II CRC. Therefore, this model may provide a useful tool for monitoring carcinogenesis from AA to CRC. Although the positive cases identified by the SDMBP model require further verification by colonoscopy, the model can reduce the screening times of invasive colonoscopy during follow-up for high-risk AA patients.

Furthermore, each single methylation marker in the model performed well in distinguishing CRC from AA. The AUCs for the seven markers were 0.823, 0.818, 0.642, 0.847, 0.581, 0.78 and 0.781, respectively. Of these, cg01419567 (ZFHX4), cg26238800 (ZNF334) and cg16475705 (UNC5C) exhibited the best performance. UNC5C is a tumor suppressor gene. Aberrant methylation of the UNC5C gene has been proven to be frequently associated with advanced or late-stage CRC (24). ZFHX4 (zinc finger homeobox 4) is a putative transcription factor. A ZFHX4 mutation can apparently decrease the lifetime of CRC patients, implying that ZFHX4 may be a vital factor for prognosis (38). The function of the ZNF334 gene, which encodes a newly described zinc finger protein, is unknown in tumors. With further exploration, these methylation markers may serve as potential targets for cancer diagnosis or treatment.

In conclusion, we developed a model and analysis method that includes seven methylation biomarkers for the noninvasive screening and early detection of the progression of AA to CRC. This novel model achieved greatly superior sensitivity over the quantification of the CEA level, the CA199 level and the combination of both the CEA and CA199 levels. It also greatly improved the detection sensitivity for early-stage CRC compared to the methylation model built by the traditional method. This approach may help reduce the invasiveness, complications and high cost of routine colonoscopy screening for high-risk populations (such as those with AA), making it attractive for use in clinical decision making for a variety of patients and situations. A large-scale, multicenter and prospective clinical trial is needed to further validate the clinical applicability and robustness of this model in China.



Limitations

Almost all noninvasive CRC screening tests, including various methylation models and fecal immunochemical tests (FITs), screen for intestinal neoplasia, including CRC and adenoma. There is no appropriate noninvasive biomarker to monitor the progression from AA to CRC. Therefore, the performance of the methylation model in distinguishing AA from early CRC can only be compared with that of serum CEA and CA199, which have shown low sensitivity in clinical practice. Hence, the stability and accuracy of our methylation model should be further validated in a prospective, multicenter trial.

The plasma samples, including 99 cases of early stage CRC and 88 cases of AA, were randomly divided into the training set and validation set at a ratio of 2:1, resulting in too few samples in the validation set (60 cases). Therefore, the robustness of the methylation model should be further validated with a larger number of plasma samples.
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Colorectal adenocarcinomas arise from luminal lining epithelium of the colorectal tract which is covered with highly glycosylated mucins. Mucin O-glycosylation is initiated by a family of polypeptide N-acteylgalactosaminyltransferases (GALNTs). This study examined GALNT6 protein expression in 679 colorectal tumors, including 574 early-stage and 105 late-stage cancers. GALNT6 expression in cancer tissue varied widely between patients ranging from high levels to complete loss. Loss of GALNT6 occurred in 9.9% of early-stage and 15.2% of late-stage cancers and was more prevalent in grade 3 or MSI subtype tumors. Survival analyses revealed that loss of GALNT6 expression is prognostic of reduced overall survival, and univariate and multivariate analyses demonstrated that loss of GALNT6 is an independent risk variable. We also analyzed 508-case TCGA and 63-case CPTAC colorectal cancer cohorts for all members of the GALNT enzyme family, the mucin family, as well as KRAS and BRAF mutations. GLANT6 mRNA expression showed no strong correlation with other GALNTs or mucins but was significantly higher in KRAS mutated or BRAF wild-type early-stage cancers. Using large cohorts of patients and different approaches, this study shows that loss of GALNT6 enzyme in early-stage colorectal cancer predicts poor clinical outcomes.
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Introduction

Colorectal cancer is among the most common cancers diagnosed in both men and women. According to the American Cancer Society, colorectal cancer is the third leading cause of cancer-related deaths in the United States, and the lifetime risk of developing colorectal cancer is about 1 in 23 (4.3%) for men and 1 in 25 (4.0%) for women. Colorectal cancer is curable if detected early, and, in fact, the death rate from colorectal cancer has been dropping in recent years, partially due to increased screening efforts and early detection. However, early-onset disease has been on the rise in patients younger than age 50, and these patients are often diagnosed at an advanced stage, which poses numerous unique challenges for cancer management (1). Hence, there is an urgent need for molecular biomarkers that are readily detectable and can be used for better risk stratification of early-stage tumors.

Colorectal cancer originates from the inner lining of the colorectal tract epithelium, which is covered by a mucus layer composed of highly glycosylated proteins called mucins. This mucus layer provides lubrication for the passage of food and waste, protects the host epithelium from commensal microorganisms and invading pathogens, and participates in cell signaling pathways (2). Altered mucin-glycosylation has significant impact on host immunomodulation, anti-tumor immunity, and gut-microbiota interaction (3). Cancer-associated mucins show antigenic differences from normal mucins, and aberrant mucin O-glycosylation in cancer gives rise to tumor-associated antigens such as the Tn determinant (alpha-GalNAc-O-Ser/Thr) that has been explored as a potential target for immunotherapy (4, 5). In colorectal cancer, 65 of 78 (83%) of patients expressed the Tn antigen (6). Aberrant O-glycosylation of MUC1 and MUC4 has been detected in colorectal cancer, which results in unique antigenic epitopes that induce cancer-associated autoantibodies (7).

Mucin-type O-glycosylation, an evolutionarily conserved and essential post-translational protein modification, is controlled by a large family of UDP-N-acetyl-alpha-D-galactoasmine:polypeptide N-acetylgalactosaminyltransferase (GALNT or GalNAc-T) enzymes (8–10). They initiate O-linked glycosylation in the Golgi apparatus by catalyzing the transfer of an N-acetyl-D-galactosamine (GalNAc) onto a serine or threonine residue in the target protein (11). GalNAc-Ts are the largest glycosyltransferase enzyme family catalyzing a single known glycosidic linkage, and they have different but overlapping substrate specificities and patterns of expression (12–15). In particular, N-acetylgalatosaminyltransferase 6 (GALNT6) has been found to be differentially expressed in various cancers (16–27). In colorectal cancer, GALNT6 is identified as one of the susceptibility genes (28), and GALNT6 expression is involved in oncogenic transformation and progression (29, 30). Given its crucial function in O-glycosylation of the colorectal mucus layer, we investigated GALNT6 as a potential marker of colorectal cancer, particularly of early-stage disease.



Materials and Methods


Clinical Case Selection and Pathological Data

Colorectal cancer tissue specimens from 679 patients were obtained from the Precision Pathology Biobank of Memorial Sloan Kettering Cancer Center (MSKCC). The cohort comprises 574 cases of early stage (AJCC stages I or II) and 105 cases of late stage (AJCC stages III or IV). These tumor tissues had been surgically resected at MSKCC between 1981 to 2000. The study was approved by MSKCC’s Institutional Review Board, and clinical data were acquired retrospectively in an anonymized manner. Clinical parameters, including patient age, treatment history, recurrence, and survival status, were retrieved from medical records. Histologic type and other clinicopathological parameters of all samples were re-verified by gastrointestinal subspecialty pathologists.



Tissue Microarray Construction

Tissue microarrays were constructed from the 679 colorectal tumors. All archival tissue specimens had been fixed with formalin and embedded in paraffin blocks. Three 2-mm tissue cores were drilled out from each donor paraffin tissue block and transferred to tissue array blocks using a TMA Grand Master robot (3DHistech). The cored areas were defined by a certified pathologist for each case and tissue block and included tumor tissue as well as normal mucosal tissue.



Immunohistochemistry (IHC)

The tissue microarray blocks were cut into 4-µm sections. Paraffin was removed with xylene, and antigens were retrieved using BOND epitope retrieval solution 1 (citrate buffer, pH 6.0; Leica) on a Leica BOND RX slide stainer for 30 min at 100 °C. Tissue sections were incubated with GALNT6-specific polyclonal antibodies (HPA011762, 1:150, Atlas Antibodies, Sigma) for 30 min, followed by visualization with the Leica Bond detection kit.



Immunohistochemical Scoring

Stained IHC tissue slides were evaluated independently by two pathologists without knowledge of the patients’ clinical information. Each tissue section was scored by counting the number of cancer cells staining positively for GALNT6 protein (staining intensity ≥1+) relative to the total number of evaluated cancer cells. A minimum of 500 cancer cells were evaluated per tissue sample. A tissue sample was considered positive for GALNT6 staining when ≥10% of tumor cells showed granular cytoplasmic staining (26, 31).



TCGA and CPTAC Dataset Analysis

A 508-case colorectal cancer cohort from the Cancer Genome Atlas (TCGA) (32) and a 63-case colorectal cancer cohort from the Clinical Proteomics Tumor Assessment Consortium (CPTAC) (33) were analyzed for gene expression correlations between GALNT6 expression and mucin (MUC) genes, all members of the GALNT enzyme family, KRAS mutation status, or BRAF mutation status. The sequencing results and relevant clinical information of the cohorts were downloaded from cBioPortal (https://www.cbioportal.org/).



Statistical Analysis

Categorical variables were compared using Fisher’s exact test. Survival analyses were conducted using the Kaplan-Meier method and compared by a log-rank test. Multivariate analyses of prognostic factors were performed with logistic regression models by using factors that showed significant differences (p<0.05) in univariate analyses. A backward elimination method was used to select variables for the final model. Correlation coefficients were calculated by the Spearman method. Statistical analyses were performed using JMP Pro 14 software (SAS).




Results


GALNT6 Expression Pattern in Colorectal Cancer

To gain insights into GALNT6 protein expression in colorectal cancers, we examined 679 tumor specimens in tissue microarrays by immunohistochemistry. Representative immunohistochemical staining patterns of GALNT6 are shown in Figure 1. GALNT6 expression intensity varies greatly between these specimens, ranging from no cells to virtually all tumor cells expressing the enzyme. When expressed by cancer cells, GALNT6 expression is mostly cytoplasmic in a granular pattern near the nucleus. When cancer cells retain secretory polarity, GALNT6 is expressed on the luminal/apical side (Figure 2A), similar to expression observed in benign enterocytes (Figure 2B).




Figure 1 | Representative GALNT6 protein expression in five different colorectal adenocarcinomas (rows from top to bottom). GALNT6 protein expression (brown) with nuclei counter-stained (blue). The representative cases shown correspond to histologically moderately (rows 1, 2, 4, and 5) or poorly (row 4) differentiated adenocarcinomas. Numbers to the right indicate the percentages of GALNT6 positive tumor cells for each case. The final microscopic magnification is shown at the bottom of each column. The scale bars represent, from left to right columns, 120, 60, and 30 µm, respectively.






Figure 2 | Examples of (A) a case of colorectal adenocarcinoma with high % of tumor cells expressing GALNT6 protein and (B) of GALNT6 protein expression in normal/benign colonic mucosa. GALNT6 proteins are colored brown with nuclei counterstained in blue. (C) GALNT6 mRNA z-scores of colorectal adenocarcinomas (relative to matched benign mucosa) from the TCGA cohort sorted in ascending order (a positive z-score corresponds to higher transcript expression in the cancer relative to matched normal). (D) Distribution of GALNT6 protein expression (% of tumor cells staining positive) in colorectal cancer. Tissues with ≥10% of tumor cells with GALNT6 immunohistochemical staining are considered positive (red lines show cut-off). There are fewer GALNT6-negative cases among early stage (stages I and II, 9.9% of cases) vs. late stage (stages III and IV, 15.2% of cases) cancers.



GALNT6 protein is expressed by benign crypt enterocytes, particularly in the apical cytoplasmic portion of enterocytes, in a location between the nucleus and luminal mucin, consistent with a Golgi-associated location of GALNT6. There appears to be some variability of GALNT6 protein expression between different crypts, which could be due to either expression variability or the limited amount of visible cytoplasm in cells with large luminal mucin compartments. We used the TCGA cohort to assess the relative abundance differences of GALNT6 mRNA between colorectal adenocarcinomas and matched normal mucosa (Figure 2C). GALNT6 mRNA is increased in a majority of carcinomas (median z-score, +2.922; 25th/75th percentile z-scores, +2.182/+3.684).

Since the number of GALNT6-expressing tumor cells varied widely between different patients’ cancers (and much more than staining intensity/abundance per cell), we took a semi-quantitative approach and determined the fraction of GALNT6-positive tumor cells for all cases in our cohort (Figure 2D). Based on immunohistochemical staining distribution, we defined GALNT6 positivity as ≥10% of tumor cells showing GALNT6 expression and, conversely, loss of GALNT6 expression as cases with <10% of tumor cells staining. Among all cases, 10.8% (73/679) of patients displayed loss of GALNT6 protein. Judging by the expression distributions, GALNT6 expression appears to decrease as the cancers advance, and cases of late-stage cancer are more likely to show negative or reduced GALNT6 expression (Figure 2D). While 9.9% (57/574) of early-stage colorectal cancer cases were negative for GALNT6 expression, 15.2% (16/105) of late-stage cancers were GALNT6-negative.



GALNT6 Expression vs. Clinicopathological Features

To further understand GALNT6 expression in colorectal cancer, we investigated its relation with a number of clinicopathological features, including patient age and gender, histologic type, tumor grade, location, lymphovascular and perineural invasion, pTNM stage, and MSI/MSS subtype (Table 1). The 679-case cohort of this study was carefully selected to reflect general disease distribution. The cohort is evenly distributed in terms of patient gender, including 51.5% (350/679) males and 48.5% (329/679) females. There are 616 cases (90.7%) of low-grade (G1 and G2) tumors and 63 cases (9.3%) of poorly differentiated G3 tumors. Furthermore, 78.5% (533/679) of these cases had intact mismatch repair status and were categorized as microsatellite stable (MSS), while 21.5% (146/679) had microsatellite instability (MSI).


Table 1 | GALNT6 protein expression vs. clinical features of colorectal cancer cases.



In both early stage and late-stage groups, GALN6 expression status did not differ significantly in terms of patient gender or age, tumor histology (mucinous vs. not mucinous), or perineural invasion status (Table 1). However, loss of GALNT6 expression was significantly correlated with high tumor grade. Among G3 tumors, 36.7% of early stage and 50.0% of late-stage cases were GALNT6-negative, whereas only 7.4% of early-stage and 9.9% of late-stage G1/G2 tumors were GALNT6-negative. In early-stage cases, loss of GALNT6 expression is more pronounced in right-sided tumors and in tumors with lymphovascular invasion. Intriguingly, GALNT6 loss did not differ significantly among early-stage cancers (stage I, 8.5%; stage II, 10.8%), whereas, among late-stage cancers, stage III cancers had a significantly higher rate of GALNT6 loss (20.0%) than stage IV cancers (3.3%). Furthermore, GALNT6-negative cases are more prevalent in the MSI subtype than in the MSS subtype of colorectal cancer. Among early-stage cancer cases, 26.3% (35/133) of MSI tumors were GALNT6-negative but only 5.0% (22/441) of MSS tumors were GLANT6-negative. Among late-stage cancer cases, 46.2% (6/13) of MSI tumors and 10.9% (10/92) MSS tumors were GALNT6-negative.



Loss of GALNT6 Protein Expression Correlates With Short Survival Time in Early-Stage Colorectal Cancer

Because better risk stratification is particularly crucial for treatment decisions in early-stage cancer, we examined whether GALNT6 protein expression is potentially prognostic. Among all 574 patients with early-stage colorectal cancer, 523 cases had available follow-up survival data, had not received neoadjuvant therapy prior to surgery, and were thus further analyzed. Mean and median clinical follow-up periods for this cohort were 80.2 and 71.9 months, respectively. Kaplan-Meier analyses revealed that early-stage patients with GALNT6 protein loss had significantly shorter overall survival than those with positive GALNT6 expression (p=0.0139) (Figure 3A). GALNT6-negative patients also had shorter disease-free survival, although the difference is not statistically significant. When early-stage MSI and MSS subtypes were examined separately, GALNT6-negative patients had a trend for shorter overall survival and disease-free survival times than those with retained expression, although the differences were not statistically significant, perhaps due to smaller case numbers in each subtype (Figure 3A).




Figure 3 | Overall survival (OS) or disease-free survival (DFS) in (A) early-stage and (B) late-stage colorectal cancer as a function of GALNT6 protein expression status (positive/retained or negative/lost). Loss of GALNT6 is associated with shorter survival in early-stage disease.



Negative vs. positive GALTN6 protein expression did not show statistical correlations with overall survival and disease-free survival among patients with late-stage colorectal cancers, although a trend for lower overall survival was observed for GALNT6 loss (Figure 3B). No dependence on MSI or MSS subtype status was detectable.

To further investigate whether GALNT6 is an independent prognostic factor in early-stage colorectal cancer, we performed both univariate and multivariate analyses (Table 2). Both analyses revealed that loss of GALNT6 protein expression was an independent indicator for poor overall survival. In addition, patient age, lymphovascular invasion, and AJCC stage are factors differentiating patient survival. Other clinical features, such as gender, tumor location, histology, tumor grade, perineural invasion, and MMR status, did not significantly correlate with clinical survival in a multivariate model (Table 2). Hence, these statistical analyses further support GALNT6 protein as a prognostic marker for poor survival in early-stage colorectal cancer.


Table 2 | Prognostic potential of GALNT6 protein expression in early-stage colorectal cancer.






Discussion

Our study investigated a very large cohort of well-characterized early-stage colorectal cancer patients (574 cases) who had not undergone pre-surgical neoadjuvant therapy. We found that loss of GALNT6 protein expression, as defined by <10% of tumor cells expressing GALNT6, predicts poor overall survival in early-stage colorectal cancer patients (stages I and II). Our findings are generally in line with previous studies. In a cohort of 84 colorectal cancer tissues and 77 normal non-tumor mucosal tissues, cancer patients with higher expression of GALNT6 protein had better overall survivals than those with lower expression (30). In another study of 195 patients with stage II and III colorectal cancer, tumors lacking GALNT6 protein were associated with poorer histologic differentiation, and patients with negative GALNT6 had significantly poorer disease-free survival and overall survival (31). Lack of GALNT6 protein expression was also associated with poor therapeutic response to 5-FU-based adjuvant chemotherapy in colorectal cancer (31). In a cohort of 81 colon cancer specimens, patients expressing GALNT6 had a significantly increased overall survival compared with GALNT6-negative patients (26).

Because loss of protein expression of GALNT6 is prognostic in early-stage cancer patients, we asked whether a similar trend would be observed at the level of GALNT6 mRNA expression. We examined a 508-case TCGA cohort of colorectal cancers. Interestingly, however, GALNT6 mRNA expression levels did not show significant correlation with patient survival times. It is known that mRNA expression levels are frequently not concordant with protein expression levels, which may explain why GALNT6 protein expression is prognostic whereas its mRNA expression is not.

The functional role of GALNT6 in colorectal cancer remains unknown at present. Since GALNT6 belongs to a large family of N-acetylgalactosaminytransferases that initiate mucin-type O-glycosylation, we asked whether GALNT family enzymes are redundant in colorectal cancer. We examined the mRNA expression of all GALNTs in the 508-case TCGA cohort of colorectal cancer (Figure 4A). GALTN3, GALNT7, and GALN12 showed strong correlation between each other. The abundance of GALNT1 and GALNT2 has been found to be significantly higher in colorectal cancer than that in normal epithelium (34), and high GALNT3 protein expression has been reported to be an indicator of tumor differentiation and a prognostic factor in colorectal cancer (35). However, GALNT6 did not show any correlation with either GALNT1 or GALNT2 and only weak positive correlation with GALNT3 (Figure 4A). In addition, GALNT6 did not show strong positive gene expression correlation with any of the other GALNTs. These findings suggest that GALNT6 may be functionally unique and not redundant with other GALNTs in colorectal cancer.




Figure 4 | Pairwise comparison of mRNA expression levels of (A) GALNT6 with GALNT gene family members and (B) GALNT6 with MUC mucin gene family members (positive and negative correlation coefficients are shown). Comparison of GALNT6 mRNA expression levels as a function of (C) KRAS mutations status or (D) BRAF mutation status. All data based on a 508-case TCGA colorectal cancer cohort.



The endogenous substrates of GALTN6 in colorectal cancer are currently unknown. Glycosylation is strongly substrate-, site-, and context-specific, leading to the formation of highly complex glycan structures. Altered expression of GalNAc-T enzymes can perturb the cellular glycan structures and severely hinder the normal function of the substrate proteins. Since mucins are abundant in the lower intestinal tract and constitute major substrates of GALNT enzymes, we studied correlations between GALNT6 and mucins (MUC) genes using the 508-case TCGA cancer dataset. GALNT6 mRNA expression showed weakly positive correlation with MUC20, OVGP1 (MUC9), and MUC13 and weakly negative correlation with MCAM (MUC18) and MUC6, but no correlations with other mucins (Figure 4B). MUC13 has been found to be highly expressed by human colorectal carcinomas as demonstrated by immunochemistry in 99 colorectal cancer cases (36). It will be interesting to study whether colorectal cancers with loss of GALNT6 might show elevated expression of the negatively correlated mucins.

Since KRAS and BRAF gene mutations are frequently present in colon cancers, we asked whether KRAS and BRAF mutations were more prevalent in GALNT6-negative tumors. We examined the 508-case TCGA cohort and a second 63-case CPTAC colorectal cancer cohort (33). Interestingly, GALNT6 mRNA expression showed significant correlation with KRAS and BRAF status in early-stage colorectal cancers (Figures 4C, D). KRAS wild-type cancers had lower GALNT6 mRNA expression levels than KRAS mutated cancers, whereas BRAF mutated tumors had lower GALNT6 mRNA expression levels than BRAF wild-type tumors. This difference, however, was not seen at protein level. Analysis of the peptide spectrum counts in the 63-case CPTAC cohort did not reveal significant correlations between GALNT6 protein expression levels and BRAF or KRAS mutation status (data not shown). Any possible functional cross-talk between GALNT6 and KRAS/BRAF will require further study.

In summary, our study shows that loss of the GALNT6 enzyme occurs in a subset of early-stage colorectal cancer patients and is significantly associated with poor (G3) differentiation, right-sided location, lymphovascular invasion, MSI subtype, and shorter overall survival. Based on various statistical analyses of a large patient cohort, loss of GALNT6 protein expression could potentially serve as a prognostic marker to risk-stratify cancers of early clinical stage (stages I and II) and aid in selecting patients for more intensive adjuvant therapy or closer surveillance.
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Colorectal cancer (CRC) is one of the leading causes of cancer-related deaths globally. Metastasis is associated with a poor prognosis, yet the underlying molecular mechanism(s) remained largely unknown. In this study, a total of 85 CRC patients were included and the primary tumor lesions were evaluated by next-generation sequencing using a targeted panel for genetic aberrations. Patients were sub-divided according to their metastasis pattern into the non-organ metastases (Non-OM) and organ metastases (OM) groups. By comparing the genetic differences between the two groups, we found that mutations in FBXW7 and alterations in its downstream NOTCH signaling pathway were more common in the Non-OM group. Moreover, correlation analysis suggested that FBXW7 mutations were independent of other somatic alterations. The negative associations of alterations in FBXW7 and its downstream NOTCH signaling pathway with CRC organ metastasis were validated in a cohort of 230 patients in the TCGA CRC dataset. Thus, we speculated that the genomic alterations of FBXW7/NOTCH axis might be an independent negative indicator of CRC organ metastases.
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Introduction

Colorectal cancer (CRC) is the second most common cause for cancer-related deaths and the fourth most commonly occurring malignant tumor worldwide (1). The main reason for poor treatment outcomes in CRC patients lies in the distant spread of cancer cells and organ metastasis could be the major cause for death (2–5). Thus, early interventions preventing the initial spread and occurrence of multiple metastases are crucial to improve CRC patient survival benefits (6, 7). However, the molecular mechanisms concerning the initiation, growth, spread, and distant metastasis of colorectal cancer are particularly complicated and partially unknown (8).

Universally, most of the CRC originated with the loss of function of the reputed gatekeeper gene APC and resulting in the formation of adenomas (9, 10). As the adenomas are growing, KRAS or BRAF malfunction begins to emerge and cell reproductive capacity would be abnormally enhanced (11). Eventually, a considerable amount of genetic alterations would accumulate, namely, the mutations of PIK3CA, SMAD4 or TP53, and would enable the adenomas to transform into malignant tumors (11, 12). Moreover, several key pathways underlie the initiation and development of CRC, namely, the RTK-RAS, PI3K, and WNT pathways (13–15).

Aside from these relatively well-known primary developmental processes of CRC, there is limited evidence demonstrating some genetic features that could affect the distant metastasis. The CRC cells would eventually acquire the ability to migrate and colonize a new site, as they continuously accumulate additional genetic alterations (16, 17). Some studies have elucidated the associations between specific gene mutations and metastasis (18). For instance, it has been shown that peritoneal, distant lymphatic, and central nervous system (CNS) metastasis favor CRC patients harboring the BRAF V600E mutations (19). Abnormal activation of the cytokine receptor c-KIT, which is usually suppressed in the CRC cells, would result in an increase in the metastatic potential of the cancer cells (20, 21). In addition, chromosome 18q deletion would result in the simultaneous hepatic metastasis in CRC (22). These pieces of literature implicated a close relation of genetic alterations with CRC metastasis and could be the theoretical basis for our research.

To get a better understanding of the intrinsic molecular features relating to the organ metastasis in CRC patients, we profiled the genomic alterations of 85 patients with or without organ metastasis by using targeted next-generation sequencing (NGS) of 425 cancer-relevant genes. By comparing the molecular features among different metastatic groups, we discovered several characteristics that may serve as indicators of CRC organ metastasis. In the meantime, a parallel analysis of a TCGA CRC cohort (n = 230) was performed to validate the results we obtained (23).



Methods


Patients and Samples

From January 2020 to June 2021, a total of 85 colorectal cancer patients with or without organ metastasis who underwent surgical resections in the Jiangsu Cancer Hospital were included in this study. Surgical samples of the primary lesion were collected for genomic sequencing tests. Matched peripheral blood samples were also profiled as germline controls. The clinicopathologic features of each patient were retrospectively reviewed. All patients provided informed consents for taking part in this study.



DNA Isolation, Library Construction and Sequencing Process

The tissue and blood samples were tested in a CLIA- and CAP-accredited central laboratory (Nanjing Geneseeq Technology Inc., Nanjing, China). In brief, genomic DNA (gDNA) was extracted from formalin-fixed paraffin-embedded tissue samples by using QIAamp DNA FFPE Tissue Kit (Qiagen) according to the manufacturer’s protocol. Peripheral blood was centrifuged at 1,900g for 10 min and gDNA from the white blood cells was also extracted as negative germline control. DNA quality was examined using the NanoDrop 2000 spectrophotometer (Thermo Fisher Scientific Waltham, MA, USA), and DNA quantification was performed on the Qubit 3.0 Fluorometer (Thermo Fisher Scientific, Waltham, MA, USA) with the dsDNA HS Assay Kit (Life Technologies, Carlsbad, CA, USA). The purified DNA was fragmented, and DNA libraries were constructed with the KAPA Hyper Prep kit (KAPA Biosystems) according to the manufacturer’s instruction. A panel targeting 425 cancer related genes (GeneseeqPrime™) using customized xGen lockdown probes (Integrated DNA Technologies) was used for hybridization capture. The hybridization reaction was performed with Dynabeads M-279 (Life Technologies) and xGen lockdown hybridization and wash kit (Integrated DNA Technologies). The target-enriched libraries were sequenced on the Illumina Hiseq4000 NGS platform (Illumina, San Diego, CA, USA) using the 150 bp paired-end reading according to the manufacturer’s protocol. The average coverage depth for the tumor tissue and the white blood cells were 1,000× and 60× respectively.



Sequence Data Analysis

The sequence data analysis was carried out as previously described (24).In brief, the adapter reads, low quality reads and N bases were trimmed from the raw FASTQ files using Trimmomatic (25). Paired-end reads were aligned to the reference human genome (hg19). PCR deduplication was performed with Picard (http://broadinstitute.github.io/picard/). The base quality score recalibration and indel realignment were performed using the Genome Analysis Tool Kit (25). Somatic single nucleotide variants (SNVs) and small insertion/deletions (indels) were called by VarScan2 (26). Sequencing results from the tissue samples were compared with the matched white blood cell to identify the somatic mutations. SNVs and INDELs were further filtered using the following criteria: i) minimum ≥5 variant supporting reads and variant allele fraction (VAF) of ≥1%, ii) filtered out if present in >1% population frequency in the 1000 Genomes Project or ExAC database, iii) filtered out through an internal database of recurrent sequencing errors (≥3 variant reads and ≤20% VAF in at least 30 out of 2,000 normal control samples) on the same sequencing platform. Copy number variation (CNV) was screened using CNV kit. A fold change of more than 1.50 was considered to be a copy number gain and less than 0.65 was defined as copy number loss. Tumor mutational burden (TMB) was defined as the total number of base substitutions and indels in the coding region of targeted genes, namely, synonymous variants to reduce sampling noise and excluding known driver mutations as they are over-represented in the Panel, as previously described (27, 28).



Microsatellite Instability (MSI) Analysis

MSI analysis was performed as previously described (29). The stability of a total of 52 microsatellite sites covered by the 425-cancer gene panel with a minimum of 15 bp repeats, including the classic MSI sites BAT-25, BAT-26, NR-21, NR-24, and MONO-27, was estimated and compiled into an overall MSI score. A site is considered qualified if it is covered by at least 101× depth of coverage. A sample is identified as MSI if more than 40% of the qualified sites with at least 100× coverage displayed instability.



Statistical Analysis

Comparisons of proportion between groups were carried out using the Fisher’s exact test. Correlation analyses among gene alterations in different group were calculated by Spearman’s rank test. A two-sided P-value of <0.05 was considered statistically significant. All statistical analyses were performed using R (v.3.4.1).




Results


Patient Characteristics

Baseline clinicopathological features of the 85 CRC patients are summarized in Table 1. The median age of the study cohort was 55 years (range 29-78) and 50% were males. All patients were ECOG PS 0-1. Of these, 34 (40%) of patients had their primary lesions localized to the left colon, 23 (27.1%) right colon, and 12 (22.2%) rectum. The majority (77/85, 90.4%) of the cohort had adenocarcinoma, followed by the mixed histological type of six (7.1%) patients. Based on the status of metastasis, patients were subdivided into non-organ metastasis (Non-OM, n = 59) and organ-metastasis (OM, n = 26) groups. Notably, two (2.4%) cases were classified as signet-ring cell carcinoma. Both were stage IV CRC and belonged to the OM group, with metastasis to the very uncommon organ peritoneum plus bladder and peritoneum plus bone, respectively. Within the OM group, 20 (76.9%) were with liver metastasis, followed by 17 (65.4%) peritoneum metastasis, five (19.2%) lung metastasis and three other organ metastasis. Moreover, there are ten (38.5%), 13 (50%), and three (11.5%) cases possessing one, two, and three organ metastatic sites, respectively.


Table 1 | Clinical characteristics of our cohort.





Mutational Profile

A total of 1,981 somatic mutations in 334 genes were detected. The top frequently altered genes in this cohort included TP53 (82.4%), APC (69.4%), KRAS (55.3%), SMAD4 (25.9%), PIK3CA (22.4%), and FBXW7 (21.2%) (Figure 1). The majority of variant types were missense mutations (1,427/1,981, 72.0%), which was followed by nonsense mutations (236/1,981, 11.9%) and frame-shift mutations (205/1,981, 10.3%; Figure 2). The two most common mutated genes in CRC were analyzed. A total of 80 TP53 alterations in 70 patients were detected (Supplementary Figure S1A). The p.R175H alteration was most common and 90% (72/80) of the alterations in TP53 were oncogenic or likely oncogenic according to OncoKB annotation. Mutations in LRP1B were found in 12 (14.1%) patients, and were mutually exclusive with TP53 alterations (P <0.01; Figure 3). Meanwhile, we detected 105 APC alterations belonging to 59 patients (Supplementary Figure S1B) and 88.6% (93/105) of the mutations were oncogenic and likely oncogenic.




Figure 1 | The clinical information and mutational spectrum of the colorectal patients in this study. Comparison of the mutational profile between the Non-OM and OM subgroups. The top 21 genes of the NGS cohort and P-values according to the Fisher’s exact were shown.






Figure 2 | The somatic mutational type proportion of this cohort.






Figure 3 | The somatic interactions of the study. Significant exclusive or co-occurrent variants were analyzed with Fisher’s exact test.



Next, we examined the frequencies of oncogenic driver mutations in our cohort. Oncogenic mutations in KRAS, NRAS, and BRAF were detected in 55.3% (47/85), 7.1% (6/85), and 11.8% (10/85) of the cohort. KRAS G12 (82%, 41/50) was the most commonly mutated codon, and included G12D (30%, 15/50), G12V (16%, 8/50), G12R (8%, 4/85), G12C (6%, 3/50), G12A (4%, 2/50), and G12S (4%, 2/50) variants. The second most frequently altered codon was G13, consisting of G13D (14%, 7/50) and G13R (2%, 1/50). Furthermore, we also detected another eight (16%) types of KRAS variants located in the 2nd, 3rd, and 4th exons (Supplementary Figure S1C).

We also detected relatively high frequencies of alterations in EGFR (4.7%, 4/85), ALK (8.2%, 7/85), MET (2.4%, 2/85), ROS1 (5.9%, 5/85), ERBB2 (7.1%, 6/85), and NTRK1/2/3 (10.1%, 10/85), which may potentially serve as targets for targeted therapies. None of these mutations were known oncogenic/targetable mutations, except for an irregular SPTBN1~ALK fusion gene that retained the complete kinase domain of ALK. The presence of ALK fusion suggested that CRC might benefit from ALK-targeted therapies.



Associations Between Clinical Characteristics and Somatic Mutations

In addition, we performed mutational analysis comparing patients with various clinical characteristics. As compared to T1-3, T4 tumors had significantly higher mutational frequency in three genes, BRAF (5/15 vs. 5/69, p = 0.01), IFNE (2/15 vs. 0/69, p = 0.03), and RNF43 (5/69 vs. 7/69, p = 0.03). By comparing the patients with and without lymph metastasis, we found that alteration frequencies of 79 genes were significantly different between two groups, of those six genes had mutational frequencies more than 10% in this cohort (Supplementary Table 1). Specifically, mutations of five genes favored non-lymph metastasis, namely ATM (8/28 vs. 2/56, p <0.01), CHD4 (7/28 vs. 2/56, p <0.01), AMER1 (9/28 vs. 5/56, p = 0.01), KMT2A (7/28 vs. 3/56, p = 0.01), and NOTCH2 (7/28 vs. 3/56, p = 0.01). On the other hand, TP53 mutations were enriched in the lymph metastasis group (19/28 vs. 51/56, p = 0.01). Moreover, a comparison between patients older or younger than median age was performed and showed that mutations in KDR (7/44 vs. 0/41, p = 0.01) were more common in the younger patients while mutations in ARAF (0/44 vs. 5/41, p = 0.02), AXL (0/44 vs. 5/41, p = 0.02) and APC (26/44 vs. 33/41, p = 0.04) were more common in the older patients. These results could potentially help to reveal the pathogenesis of CRC patients with diverse clinical features.



Identification of Indicators in CRC Organ Metastasis

To identify potential genetic risk factors of organ metastasis, we analyzed the genetic features between the Non-OM and OM subgroups. To examine if the results were reliable, a TCGA CRC dataset (23) was used as a validation cohort.

To assess the influences of single gene aberrations on organ metastasis, we compared the genetic mutations (with mutational frequencies >10%) between the two groups. We observed a higher frequency of FBXW7 alterations in Non-OM than that in the OM group (27.1% vs. 7.7%; p = 0.05; Figure 1), which was validated in the TCGA CRC dataset (Non-OM, 19.3%; OM, 0%; p <0.01; Supplementary Figure S2A). To further examine if FBXW7 mutations act independently of other genes, we performed a mutual exclusivity or co-occurrence analysis. Notably, the FBXW7 mutations occurred independently from mutations in other genes (Figure 3). Functional annotations of all the FBXW7 variants with OncoKB revealed that the oncogenic or likely oncogenic FBXW7 mutations were significantly enriched in the Non-OM group than that in the OM group (20.3% vs. 3.8%; p = 0.05; Supplementary Figures S2B, C; Supplementary Table 2). We also evaluated the functional variants in various oncogenic signaling pathways that might be related to CRC organ metastasis. Interestingly, the NOTCH pathway locating downstream of FBXW7 was more frequently altered in the Non-OM than in the OM group in both our cohort (22% vs. 3.8%, p = 0.05) and the TCGA cohort (10.9% vs. 0, p = 0.05). Thus, we speculated that FBXW7 and its downstream NOTCH pathway might play an independent and suppressive role in CRC organ metastasis.

In addition, we studied the distribution of all the altered genes in both our and the TCGA cohorts and found that there are 54 genes (all with mutational frequencies less than 10%) only mutated in the Non-OM groups of both cohorts but not in the OM groups. A pathway analysis implicated that these mutations were significantly enriched in several important cancer-related pathways, including the p38 MAPK cascade, response to cAMP, and leukocyte activation, etc. (Supplementary Figure S3). Thus, these pathways might play vital roles in the regulation/suppression of CRC organ metastases.

Apart from the feature of single genes and pathways, distinct mutational features were identified among different groups. We analyzed the mutational type proportion between the two groups. The results suggested that in both groups, the top common mutational type were missense, frame-shift and nonsense variants, with minor trends of differences between the Non-OM subgroup [68.4% (793/1,160), 13.7% (159/1,160), and 11.7% (136/1,160) respectively] and the OM subgroup [77.2% (634/821), 5.6% (46/821), and 12.2% (100/821) (Supplementary Figure S4A). Similar results were observed in the TCGA cohort (Supplementary Figure S4B). Moreover, the numbers of the somatic mutations of each patient between the groups were also investigated, though no significant difference was observed in either our cohort or the validation cohort (Supplementary Figures S5A, B).

Since there are evidences that microsatellite (MS) instable CRC and tumor mutation burden (TMB) high CRC may possess disparate biological characters (30, 31), we subsequently inspected the associations of TMB and MS status with respect to the organ metastasis status (Table 1). In our cohort, 22 patients had high TMB (TMB ≥10 mut/Mb), of which seven patients were MSI-H (Supplementary Figure S6). Given the moderate sample size, both the TMB-H (n = 22, 25.9%, p = 0.43) and MSI-H (n = 7, 8.2%, p = 0.43) patients showed no statistically significant associations with OM vs. Non-OM compared with the TMB-L and MSS patients, respectively (Supplementary Figures S7A, B). In FBXW7-mutated tumors, there was a trend towards higher TMB compared with those with wild-type FBXW7 (p = 0.12; Supplementary Figure S8). In line with the previous result, within the TMB-L population, FBXW7 mutations more commonly occurred in the Non-OM group than that of OM group (26.2% vs. 4.8%, p = 0.05). Interestingly, within the TMB-H population, it was CTNNB1, but not FBXW7, mutations that significantly differed between the non-OM and OM groups, with the frequency of 23.5% (4/17) in the Non-OM and 80% (4/5) in the OM (p = 0.04) groups. This finding suggested that TMB-H CRC and TMB-L CRC might be driven by distinct organ metastatic mechanisms. Due to the low number of the MSI-H cases, we could not perform the similar analysis.




Discussion

In the past decades, efforts have been made to discover the molecular mechanisms underlying the organ metastasis in CRC. By comparing the genomic aberrations in different metastatic groups, previous studies have discovered a number of key genes and pathways that function to regulate the spread and colonization of CRC cells to the distant organs. In this work, we investigated 425 cancer-related genes in a cohort of 85 CRC patients and an independent validation cohort of 230 patients in the TCGA CRC dataset. By comparing the genetic features of Non-OM and OM group, we discovered that the mutations in FBXW7, as well as its downstream NOTCH signaling pathway genes, were significantly enriched in the CRC patients without organ metastasis, which was validated in the TCGA cohort. In accordance with our finding, FBXW7 mutations have been reported to exhibit a tendency more commonly appeared in early-stage CRC patients (32, 33).

The frequency of FBXW7 mutations in CRC is around 6 to 10% (32). FBXW7 is a key participant in the ubiquitin-proteosome system and negatively regulates the downstream cancer-related genes (34). Mounting studies have demonstrated that FBXW7 plays critical roles in tumor initiation, cell proliferation, cell differentiation and angiogenesis (35–37). In line with this, it has been reported that some missense mutations in FBXW7 could enhance cell proliferation, migration and invasion in cervical cancer cells (38). Previous reports have suggested that FBXW7 mutations could improve cancer-initiating cell activities through the NOTCH signaling pathways (39, 40). In our study, we found that not only FBXW7 mutations but also alterations in its downstream NOTCH pathway were significantly enriched in the Non-OM group. This phenomenon was also validated in the TCGA CRC cohort. Therefore, the FBXW7/NOTCH regulating axis might play an important role in the organ metastasis of CRC. In summary, we speculate that FBXW7 and its downstream NOTCH pathway could be the indicators for CRC organ metastasis.

It is worth pointing out that all patients in the Non-OM group presented with early stage CRC at the time of diagnosis. As a consequence, due to the retrospective nature of our study, we cannot fully differentiate whether the association of FBXW7 mutations were OM-specific or could be related to tumor stage at disease presentation. In addition, while our findings likely support the positive prognostic value of FBXW7 mutations in CRC patients, future investigations are needed to demonstrate the association between FBXW7 mutation and CRC prognosis.

A discrepancy of the result is that FBXW7 is a cancer suppressor gene and there are proofs that mutation of FBXW7 can increase the degree of malignancy of tumor cells (36, 38, 41). However, in our cohort, the TCGA cohort and in other pieces of literature the alterations in FBXW7 more frequently occurred in early stage CRC patients (32, 33). We think that it might be because that FBXW7 is a central regulator in cancer biology mediating a diverse array of oncogenic processes. As a consequence, alterations in FBXW7 might have distinct consequences under different biological context. For example, it was reported that FBXW7 mutation in a single allele would diminish the activity of FBXW7 more severely than the bi-allelic or the homozygous mutation in the intestine of mice (33). Furthermore, FBXW7 heterozygous mutations have been reported to exhibit a higher tumorigenic rate than homozygous mutations in mice (42). Thus, future studies are required to explain this seemingly paradoxical phenomenon.

It is well known that TMB-H and TMB-L CRC share highly distinct pathogenesis and would exhibit differential responses to various treatments (30, 43, 44). In this study, we also noticed that another gene CTNNB1 but not FBXW7 may be a more useful indicator for CRC metastasis in the TMB-H population. The CTNNB1 variants were significantly enriched in the TMB-H OM group, compared with that of TMB-H Non-OM group. In addition, mutations in CTNNB1 could irregularly activate the WNT pathway without the ligands and subsequently result in the abnormal growth of cells and development of cancer (45, 46). Thus, our data suggested that CTNNB1 mutations could be an indicator of CRC metastasis in the TMB-H population.

In conclusion, by comparing the molecular differences among CRC patients with different metastasis statuses, we discovered that FBXW7 and its downstream NOTCH pathway were more commonly mutated in the Non-OM group than in the OM group. Therefore, FBXW7/NOTCH regulating axis may play important roles in organ metastasis in CRC. Our study contributes to the understanding of the molecular mechanisms of CRC metastastic processes.
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Supplementary Figure 1 | The distribution of the detected somatic variants in this study. (A), TP53; (B), APC and (C), KRAS.

Supplementary Figure 2 | (A) The mutational spectrum of the colorectal patients in TCGA cohort. Comparison of the mutational profile between the Non-OM and OM subgroup and the P values according to the Fisher’s exact test was shown. The distribution of the detected FBXW7 variants in the non-OM (B) and OM (C) groups.
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There are few studies on the prognostic impact of CEA level at the time of recurrence in recurrent colorectal cancer. The objective of this study was to evaluate the prognostic value of serum CEA levels at the time of recurrence in patients with recurrent colorectal cancer. Between 2007 and 2014, 962 consecutive recurrent patients for colorectal cancer were analyzed. These patients were divided into two groups according to CEA level at the time of recurrence (r-CEA): high r-CEA (≥5 ng/ml) (n = 428) and normal r-CEA (<5 ng/ml) (n = 534). The prognostic effects of r-CEA were evaluated by one-to-one propensity score matching (PSM) to adjust factors between groups. After matching, a total of 778 patients, 389 per group, were analyzed. After matching, the 5-year disease-free survival rate for the high r-CEA group was significantly lower than that for the normal r-CEA group. The 5-year overall survival rate was 56.5% in the high r-CEA group and 66.0% in the normal r-CEA group (p = 0.008). The 5-year cancer-specific survival rate was 61.7% in the high group and 67.5% in the normal group (p = 0.035). In a multivariate analysis of prognostic factors, high preoperative CEA level at the time of recurrence, poor histologic grade, and lymphatic invasion were associated with poorer overall survival. The high r-CEA level group showed significantly poorer prognosis than the normal r-CEA group. Therefore, the r-CEA level can be used as a prognostic factor in recurrent colorectal cancer. Aggressive adjuvant treatment needs to be considered for patients with an initially high CEA level and lymph node positivity who are prone to recurrence.
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Introduction

Serum carcinoembryonic antigen (CEA) measurement is a relatively simple test and has been used for tumor markers in screening and detecting recurrence in colorectal cancer patients (1–4). CEA was first known in 1965 as an antigen present in colon adenocarcinoma (5). This is one of the immunoglobulin families expressed in mucosa cells with functions such as cell recognition or adhesion (6). In colorectal cancer patients, normal cell structures are destroyed and serum CEA levels can be increased by inducing tumor cells to express CEA throughout the cell surface (7).

Locker et al. recommended CEA measurement as one of the tests to determine the treatment plan pre- and postoperative surgery (8).. Although CEA does not detect all recurrent patients, it is known as one of the effective tests for suspected recurrence in colorectal cancer patients under follow-up after radical resection (1, 9). However, serum CEA tests are performed periodically during the postoperative follow-up period and used as a test of suspected recurrence at elevated levels; not many studies have been conducted on the prognostic impact of CEA level on recurrence. Thus, the objective of this study was to investigate the prognostic impact of elevated CEA level at the time of recurrence on survival in patients with recurrent stage I–III colorectal cancer who underwent curative surgery.



Patients and Methods

Between January 2007 and December 2014, 962 colorectal cancer patients who had recurrence after curative intent surgery at one single center were enrolled. Their clinical and pathologic characteristics were analyzed. Initial stages of patients were stage I–III colorectal cancer. This study only included colon cancer and rectal cancer patients who did not receive neoadjuvant treatment. We collected patient data from the colorectal cancer database in our institution. This study was approved by the Institutional Review Board (IRB) of Samsung Medical Center (IRB No. 2019-10-097-001). Since it was a retrospective study through medical charts, the need for written informed consent was waived by the IRB of Samsung Medical Center, Sungkyunkwan University School of Medicine.

A serum CEA assay was performed with an automated immunochemistry analyzer (Abbott AxSYM, Abbott Laboratories, North Chicago, IL, USA) using a microparticle enzyme immunoassay with a normal range ≤ 5.0 ng/ml. Serum levels of CEA were measured preoperatively and at the time of recurrence, with CEA ≥ 5.0 ng/ml regarded as elevated. Patients were divided into two groups: 1) normal CEA at the time of recurrence (n = 534, 55.5%) and 2) high CEA at the time of recurrence (n = 428, 44.5%). Figure 1 shows the flowchart of this study.




Figure 1 | Flowchart of this study.



The definition of survival rate is as follows: OS (overall survival); survival rate after a curative surgery, DFS (disease-free survival); survival rate without recurrence after curative surgery, and LRFS (local recurrence-free survival); survival rate without local recurrence after curative surgery. During the follow-up period, laboratory tests including tumor marker determination were performed every 3 months for the first 2 years after surgery. Chest and abdominopelvic CT scans were performed every 6 months. After that, up to 5 years after surgery, tests for tumor markers and CT scans were performed every 6 months. Endoscopy was performed at 1, 3, and 5 years after surgery. If there were any elevated findings at the time of performing tests only for tumor markers, an additional image test was performed. If necessary, a PET CT scan was performed. Tumor markers and image tests such as CT scans were synthesized to determine whether there was a recurrence. The recurrence date was defined as the day when clinicians confirmed the recurrence according to the imaging or pathological results and described in the chart. Decisions on treatment such as surgery, chemotherapy, or radiotherapy after recurrence were discussed in a multidisciplinary team that included surgeons, medical oncologists, radiologists, and other related professions.


Statistical Analysis

We performed statistical analyses using SPSS for Windows version 26.0 (SPSS, Chicago, IL, USA). The chi-squared test, Fisher’s exact test, and Mann–Whitney U test were used to analyze the differences between the two groups. The oncologic effects of serum CEA were evaluated by one-to-one propensity score matching to adjust factors, including age, sex, preoperative CEA level, tumor location and size, cell differentiation, pathologic T and N stage, lymphatic/perineural/vascular invasion, and tumor budding. Survival rates were calculated through the Kaplan–Meier method and log-rank test. Multivariate analysis was performed using the Cox proportional hazard model. When p was less than 0.05, it was interpreted as a statistically meaningful result.




Results


Clinicopathologic Characteristics of Patients Before and After Propensity Score Matching

Among all patients with recurrence, 534 (55.5%) patients had a normal CEA level at the time of recurrence (r-CEA) and 428 (44.5%) presented a high r-CEA level. As shown in Table 1, many variables were differently distributed between patients with normal and high r-CEA levels before PSM. Of the 428 patients with high r-CEA levels, 149 (34.8%) also had high preoperative serum CEA levels (p < 0.001). Patients with high r-CEA levels were more likely to have aggressive initial histologic features. Advanced stage, poor histology, presence of lymphatic/perineural invasion, positive tumor budding, and the rate of receiving adjuvant treatment were more common among patients with high r-CEA levels than in those with normal r-CEA levels. The median disease-free interval was significantly shorter in the high r-CEA group (19.8 vs. 17.7 months, p = 0.028). The treatment modality after recurrence was similar between the two groups.


Table 1 | Patient clinicopathologic characteristics before and after propensity score matching analysis.



Based on these findings, we performed PSM with an adjusted ratio of 1:1. A total of 778 patients were matched (389 in each group). After PSM, two groups were well balanced for all variables (Table 1).

Following recurrence, before matching, 439 (82.2%) patients with a normal r-CEA level underwent salvage treatment while 358 (83.7%) patients with a high r-CEA level underwent salvage treatment (p = 0.625). In matched patients, 329 (84.6%) patients with a normal r-CEA level received salvage treatment and 324 (83.3%) patients with a high r-CEA level received salvage treatment (p = 0.764).



Survival According to CEA Level at the Time of Recurrence Before and After Propensity Score Matching

To determine the impact of r-CEA level on oncologic outcomes, we analyzed the 5-year overall survival (OS) and 5-year cancer-specific survival (CSS) rates according to r-CEA level. Before matching, patients with a high r-CEA level showed significantly lower 5-year OS (57.6% vs. 69.1%, p < 0.001) and 5-year CSS (63.9% vs. 70.2%, p = 0.034) than patients with a normal r-CEA level (Figure 2A). Analysis of matched patients showed similar results. Patients with a high r-CEA level showed significantly lower 5-year OS (56.5% vs. 66.0%, p = 0.008) and 5-year CSS (61.7% vs. 67.5%, p = 0.039) than patients with a normal r-CEA level (Figure 2B). Figure 3 and Figure 4 show the 5-year OS and CSS rates according to the cancer stage. Five-year OS rates were shown to be significantly lower in stage I (71.2% vs. 80.0%, p = 0.020) and stage III (53.7% vs. 64.1%, p = 0.019) in the patients with high r-CEA (Figure 3). In terms of 5-year CSS rates, only stage III was shown to be significantly lower in the high r-CEA group (60.1% vs. 66.8%, p = 0.035) (Figure 4).




Figure 2 | Survival according to CEA level at the time of recurrence before and after matching. (A) Before matching. (B) After matching.






Figure 3 | Five-year overall survival according to CEA level at the time of recurrence in matched patients.






Figure 4 | Five-year cancer specific survival according to CEA level at the time of recurrence in matched patients.





Survival According to Initial CEA and CEA Level at the Time of Recurrence Before and After Propensity Score Matching

This study also analyzed 5-year OS and 5-year CSS rates according to initial CEA and r-CEA levels. When both initial CEA and r-CEA were high, the cancer-specific survival (CSS) rate was significantly worse than in other cases. For a case with a normal initial CEA and a high r-CEA, the prognosis was better than when both initial CEA and r-CEA were high. If both initial CEA and r-CEA were high, the survival rate was significantly worse than that in the other case when both initial CEA and r-CEA were normal (Figure 5).




Figure 5 | Survival according to initial and CEA level at the time of recurrence before and after matching. (A) Before matching. (B) After matching.





Survival According to CEA Level at the Time of Recurrence and Pathologic Nodal Status Before and After Propensity Score Matching

This study also analyzed 5-year OS and 5-year CSS rates according to r-CEA level and pathologic nodal status (pN). Patients with r-CEA ≥5 and pN2 had significantly lower 5-year OS and CSS rates than other patients. In the patients with r-CEA ≥5 and pN2, the survival rate was significantly worse than that in the other case when r-CEA was normal and pN0-1 (Figure 6).




Figure 6 | Survival according to CEA level at the time of recurrence and pathologic nodal status before and after matching. (A) Before matching. (B) After matching.





Prognostic Factors for OS and CSS

To determine whether r-CEA elevation is an independent prognostic factor, an analysis was performed using the Cox proportional hazard model. On univariate analysis (Table 2), factors associated with poorer overall survival included age ≥65 years, high initial CEA level, high r-CEA level, initial advanced T and N stage, poor histology, lymphatic invasion, disease-free interval less than 12 months, and conservative treatment after recurrence. In multivariate analysis, age, high initial and r-CEA levels, initially advanced T and N stage, poor histology, lymphatic invasion, disease-free interval less than 12 months, and conservative treatment after recurrence were associated with poorer overall survival.


Table 2 | Prognostic factors of survival for matched patients.



Results were similar for cancer-specific survival. In multivariate analysis, age, high r-CEA level, initial lymphovascular invasion, advanced T and N stage, poor histology, presence of perineural invasion and tumor budding, disease-free interval less than 12 months, and conservative treatment after recurrence were associated with poorer cancer-specific survival (Table 2).



Prognostic Factors for High CEA at the Time of Recurrence

Furthermore, initially high CEA level and pathologic node positivity were independent poor prognostic factors in high r-CEA level. Univariate and multivariate analyses were performed to evaluate independent prognostic factors related to a high level of CEA at the time of recurrence. On univariate analysis, factors associated with high r-CEA level included high initial CEA level and initial advanced N stage. In multivariate analysis, high initial CEA and initial advanced N stage still showed a significant association with high r-CEA level (Table 3).


Table 3 | Prognostic factors of high CEA at the time of recurrence.





Patterns of Recurrence According to CEA Level at the Time of Recurrence After Propensity Score Matching

Regarding the recurrence site, there were no differences between the two groups in terms of locoregional and distant metastasis. The characteristics of these patients are summarized in Table 4.


Table 4 | Long-term oncologic outcomes of matched cohorts.






Discussion

To the best of our knowledge, this is the first study to evaluate the prognostic significance of r-CEA level using propensity score matching for recurrent colorectal cancer patients. In this study, patients with recurrent colorectal cancer who had an elevated CEA level at the time of recurrence showed poorer 5-year OS and CSS than those with a normal CEA level. Our results also revealed that elevated r-CEA level was an independent factor for poor prognosis in matched groups. These results supported that, in addition to other oncological factors, r-CEA elevation was also an independent risk factor of poor survival outcomes, indicating the necessity of using more aggressive adjuvant treatment for patients with recurrent colorectal cancer.

Serial examination of CEA after colorectal cancer surgery is generally recommended. The sensitivity to recurrence detection has been reported to be 70%–80% (3, 10, 11). Several studies have reported that preoperative CEA elevation (>5 ng/ml) or up to two times the normal cutoff value has significantly decreased survival outcomes (12–16). However, evidence is limited regarding the prognostic impact of CEA level at the time of recurrence on patients with recurrent colorectal cancer.

This current study demonstrated that high r-CEA level was a significant prognostic factor associated with poor 5-year OS and CSS in patients with recurrent colorectal cancer. Moreover, this study did propensity score matching for survival analysis to overcome the confounding bias of patient characteristic differences between groups. As a result, high r-CEA level was identified as an independent poor prognostic factor even after adjusting for confounding factors. This study also showed that the initial N2 stage is one of the prognostic factors of survival and high r-CEA. Based on this, it was suggested that more aggressive treatment be considered, as the initial N2 stage is likely to coincide with a high r-CEA, and in this case, the prognosis is likely to be poor.

It was not clear why patients with higher CEA levels at the time of recurrence had poor oncological results. Several studies have suggested why high CEA levels show poor prognosis (17, 18). Jessup et al. (17) have demonstrated that tumor cells that produce CEA have higher tumorigenic potential and ability to spread distantly. Such a result might be facilitated by the role of CEA in cell adhesion. Scurr et al. (18) have suggested that an adoptive immune response of CEA-specific T cells causes enteropathy, increasing epithelial leakage while losing mucosal integrity, thereby promoting tumor growth or recurrence. Whatever the reason, patients with a high r-CEA level are expected to show poor oncologic outcomes. Although r-CEA alone is not sufficient to predict expected survival, this study is meaningful in suggesting that r-CEA is one of the important factors to predict the survival of recurrent colorectal cancer patients.

Recently, several studies have been reported to predict recurrence and prognosis through biomarkers such as circulating tumor DNA (ctDNA) and microsatellite installation (MSI) status (19, 20). In our institution, ctDNA testing is not yet performed as a routine. According to previous studies, clinical application using them is considered meaningful. It is thought to be used with r-CEA level to help predict the prognosis of recurrent patients and to determine the treatment modality. We are planning a study on this and will report the results later.

This study had some limitations, including its retrospective nature in a single center. In addition, we did not consider benign conditions such as heavy smokers and liver disease that might elevate serum CEA levels. Furthermore, this study did not analyze changes in CEA levels during the course of the disease. Despite the limitations, this study is meaningful in that it has shown that the prognosis after recurrence can be predicted through the measurement of CEA, a relatively easy test that has been serially examined after curative surgery in colorectal cancer. This study is expected to be of clinical value, such as helping to predict prognosis of recurrent patients and determine treatment modality through CEA, a test performed serially after surgery in clinical practice.

In conclusion, elevation of the CEA level at the time of recurrence is an independent prognostic factor for survival outcome of patients with colorectal cancer after curative intent surgery. Therefore, this study showed that serial monitoring of serum CEA after curative surgery is an important factor in predicting the prognosis after recurrence of colorectal cancer as well as suspected recurrence. Selection of aggressive treatment strategies based on r-CEA level might improve patient outcomes. Furthermore, initially high CEA level and pathologic node positivity are independent poor prognostic factors in high r-CEA level patients. In light of this evidence, aggressive adjuvant treatment can be considered in patients with the above factors who are prone to recurrence. In the future, a multi-institutional prospective study should also be conducted.
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Background

For patients with colorectal cancer liver metastases (CRLMs), it is important to stratify patients according to the risk of recurrence. This study aimed to validate the predictive value of some clinical, imaging, and pathology biomarkers and develop an operational prognostic model for patients with CRLMs with neoadjuvant chemotherapy (NACT) before the liver resection.



Methods

Patients with CRLMs accompanied with primary lesion and liver metastases lesion resection were enrolled into this study. A nomogram based on independent risk factors was identified by Kaplan–Meier analysis and multivariate Cox proportional hazard analysis. The predictive ability was evaluated by receiver operating characteristic (ROC) curves and decision curve analysis (DCA). Calibration plot were also used to explore the consistency between prediction and reality.



Results

A total of 118 patients were enrolled into the study. Multivariable Cox analysis found that histopathological growth patterns (HGPs) [Hazard Rate (HR) = 2.130], radiology response (stable disease vs. partial response, HR = 2.207; progressive disease vs. partial response, HR = 3.824), lymph node status (HR = 1.442), and age (HR = 0.576) were independent risk factors for disease-free survival (DFS) (p < 0.05). Corresponding nomogram was constructed on the basis of the above factors, demonstrating that scores ranging from 5 to 11 presented better prognosis than the scores of 0–4 (median DFS = 14.3 vs. 4.9 months, p < 0.0001). The area under ROC curves of the model for 1-, 2-, and 3-year DFS were 0.754, 0.705, and 0.666, respectively, and DCA confirmed that the risk model showed more clinical benefits than clinical risk score. Calibration plot for the probability of DFS at 1 or 3 years verified an optimal agreement between prediction and actual observation. In the course of our research, compared with pure NACT, a higher proportion of desmoplastic HGP (dHGP) was detected in patients treated with NACT plus cetuximab (p = 0.030), and the use of cetuximab was an independent factor for decreased replacement HGP (rHGP) and increased dHGP (p = 0.049).



Conclusion

Our model is concise, comprehensive, and high efficient, which may contribute to better predicting the prognosis of patients with CRLMs with NACT before the liver resection. In addition, we observed an unbalanced distribution of HGPs as well.





Keywords: colorectal cancer liver metastases, neoadjuvant chemotherapy, histopathological growth patterns, recurrence risk prediction model, nomogram



Introduction

Colorectal cancer (CRC) is the third commonest malignancy, leading to about 0.9 million deaths in 2020 globally (1). The prognosis of colorectal cancer is closely relating to the stage; 5-year survival rate of stage I is more than 90%, whereas that of stage IV with distant metastasis is less than 14% (2). Accumulating evidence has revealed that liver is the most frequent site of CRC metastasis, 15%–25% of patients with CRC having liver metastasis at initial diagnosis and another 18%–25% developing liver metastasis within 5 years of early diagnosis (3, 4). The traditional sandwich approach of neoadjuvant therapy–surgical excision–adjuvant chemotherapy is considered the standard treatment for these patients, but the 5-year survival rate is less than 60% (5–7). Clinical risk score (CRS) is a mature biomarker that was used to predict the risk of recurrence in patients with colorectal cancer liver metastasis (CRLMs) after surgery and direct the preoperative treatment (8). However, CRS focuses on clinical traits of tumor and pays little attention to genetic, pathological, and imaging data of tumor. In addition, CRS assigns one point to all risk factors, without considering the weight of these factors. Furthermore, chemotherapy and follow-up after surgery are an important part of the treatment of CRLMs, but CRS does not seem to focus on this. Therefore, we urgently need a novel, comprehensive, and high-efficient recurrence risk prediction model in clinical practice to guide the postoperative treatment.

For patients receiving neoadjuvant chemotherapy (NACT) before liver resection, the response evaluation criteria in solid tumors (RECIST) are commonly used to estimate the curative effect of NACT and patients’ prognosis, which relies on magnetic resonance imaging (MRI) or computerized tomography (CT) or both (9–11). After hepatectomy, tumor regression grade (TRG), a pathological assessment approach, is utilized to assess the chemotherapy efficacy and outcome (12–14). Recently, histopathological growth patterns (HGPs), new pathology evaluation criteria, have been gradually introduced. Several studies have shown that CRLMs are present in one of three common HGPs referred to as desmoplastic HGP (dHGP), replacement HGP (rHGP), and pushing HGP (pHGP) (15, 16). dHGP presents as the metastatic cancer cells separated with hepatocytes by a margin of fibrous tissue; but in rHGP, cancer cells directly contact with hepatocytes and are in continuity with liver cell; finally, pHGP is the hepatocytes that surround the metastasis, which are pushed away and compressed (15, 17, 18). In terms of prognosis, dHGP is the best, followed by pHGP, and rHGP is the worst (15). Boris et al. further pointed out that patients with non-100% dHGP at liver–tumor interface had significantly lower survival than those with 100% dHGP (19).

Here, we investigated the value of some biomarkers to predict the prognosis of patients with CRLMs accepting NACT before liver resection. Then, we constructed an operational prognostic model for predicting recurrence and stratifying patients. In addition, we compared the purely predictive ability between our model and CRS.



Materials and Methods


Patients

Specimens were obtained from patients treated at the Zhejiang Cancer Hospital from May 2009 to December 2019 diagnosed with synchronous or metachronous CRLMs. All lesions presented in the liver before the first chemotherapy. Patients with insufficient basic information, without genetic test results, non-simultaneous radical liver metastases resection, and interventional treatment like radiofrequency ablation or selective hepatic arterial embolization before liver resection were excluded. Patients with extrahepatic metastases before liver resection were excluded from the study. Patients who died within 1 month of hepatectomy were also excluded. The characteristics like age, gender, NACT regimen, targeted drugs, number of metastases, diameter of maximum liver metastasis, time of liver metastasis, invasion depth and lymph node status, RAS and BRAF genes status (RAS gene includes KRAS and NRAS gene), and serum carcinoembryonic antigen (CEA) levels were recorded. Follow-up was done via outpatient and telephone visits. Regular liver and lung imaging and serum tumor marker levels were used to monitor tumor recurrence.



Pathological Assessment of Liver Metastases

All participants gave written informed consent. Liver resection specimens were fixed in formalin, embedded in paraffin, and stained with hematoxylin and eosin (H&E). The slices were independently and blindly evaluated by two experienced pathologists. In case of inconsistent conclusions, the HGPs and TRG results were reviewed by two experts. Positive surgical margins (R1/R2) were defined as residual tumor cells present at or within 1 cm of the resection margins, such patients were excluded. According to the National Comprehensive Cancer Network (NCCN) guideline–recommended evaluation criteria (20–22), TRGs 0 to 2 indicate major response, whereas TRG 3 indicates minor response. HGP analyses were done as the report quoted from the study by Boris et al. (19), with 100% dHGP at tumor–liver interface indicating dHGP and any proportion of rHGP or pHGP at tumor–liver interface indicating non-dHGP.



Evaluation Criterion of Other Biomarkers

Radiologic evaluation was done on the basis of RECIST version 1.1 (23). We evaluated all measurable lesions and pathological lymph nodes by CT or MRI. A sum of the diameters of longest tumor lesions and short axis for lymph nodes of all target lesions was calculated as baseline sum diameters. The response evaluation of NACT was implemented within 2 weeks after treatment. Next, the sum of shrunken or enlarged diameters of target lesions was determined. Finally, the therapeutic response of the target lesions was obtained by comparing the guideline, including complete response (CR), partial response (PR), stable disease (SD), and progressive disease (PD).

CRS for each patient was determined the report from Fong et al. (8); each of the following criteria assigned 1 point: serum CEA level > 200 ng/ml, diameter of the largest hepatic tumor > 5 cm, number of metastases > 1, and positive lymph nodes and disease-free interval from primary lesion excision to liver metastases < 12 months. The first three clinical data were obtained from the first visit. The total score for each patient was then calculated; scores of 0 to 2 indicated low risk, whereas scores of 3 to 5 indicated high risk.



Statistical Analysis

Statistical analyses were performed using R and SPSS version 26.0. Ordinal and unordered categorical variables were compared using the Chi-square or Fisher exact test, as appropriate. Survival was evaluated by Kaplan–Meier (K-M) analysis and compared using the log-rank or Breslow test. Disease-free survival (DFS) is defined as the time from liver and primary tumor resection to tumor recurrence. Cox proportional hazard analysis was used to identify independent DFS prognostic factors. Multivariate analysis was completed for factors with p ≤ 0.200 after univariate analysis; p ≤ 0.05 was statistical significance. The Cox regression consequence was adjusted for confounding bias, checking for multicollinearity, and setting up disordered multi-category variable as dummy variable.




Results


Clinical Patient Characteristics

From May 2009 to December 2019, a total of 118 patients with CRLMs who underwent NACT before liver resection were recruited into the study after meeting inclusion criteria. The cohort’s characteristics were summarized on Table 1. Most patients were male (66.9%), and 66.9% were < 60 when they first came to the hospital due to colorectal cancer. In addition, 87.3% were in stage T3 or T4, 70.3% have positive lymph nodes, and 63.6% of patients had multiple metastases. Of these, 24.6% had resected lesions with maximum diameters of >5 cm, and 22% were metachronous metastases. Positive serum CEA levels of > 5ng/ml were detected in 72.9% of patients. RAS or BRAF mutations were observed in 50% of patients. With regard to NACT, 69.5% of patients received oxaliplatin-based regimens, 16.1% received irinotecan-based regimens, 17 patients received more than one regimen, and more than half of patients did not receive targeted drugs (61.9%).


Table 1 | Basic information, tumor characteristics, and pathologic data.



According to radiology response, we found that none of patient achieved CR after several cycles of chemotherapy and more than half got SD (50.8%), whereas PD occurred in 14.4% of the patients. Patients with larger tumors tended to have a better regression. Only one (3.4%) patient with > 5-cm lesion progressed, whereas 16 (18.0%) patients with a < 5-cm metastasis progressed after chemotherapy (p = 0.001). Moreover, CRS low-risk and high-risk patients were approximately evenly distributed (46.6% vs. 53.4%).

In terms of pathological assessment, 19 (16.1%) patients had a dHGP. Considering the TRG score, patients with TRG 3 accounted for the vast majority (71.2%). Meanwhile, a high correlation between HGPs and TRG was observed, which found that non-dHGP accounted for 95.2% of TRG 3 (p < 0.001). Negative lymph node was more common in dHGP (52.6% vs. 25.3%, p = 0.017). Moreover, all patients with PD were non-dHGP (p = 0.009), and 91% of primary tumor had penetrated the muscularis propria in non-dHGP (p = 0.024).



Disease-Free Survival and Prognostic Factors

The median follow-up was 7.2 months, and the 1-, 2-, and 3-year DFS rates after liver resection were 38.0%, 18.5%, and 13.5%, respectively. A total of 39 (33.1%) patients had not recurrence at the last follow-up.

Results of univariate and multivariate analysis of DFS prognostic factors are shown in Table 2. Univariate analysis showed that HGPs (p = 0.014, Figure 1A) and radiology response (p = 0.001, Figure 1B) correlated with prognosis. In the multivariate one, HGPs was confirmed as an independent prognostic factor for DFS (HR = 2.130, p = 0.048). The median DFS of patients with dHGP was 14 months [interquartile range (IQR): 3–26 months] compared with 7 months (IQR: 6–8 months) in patients with non-dHGP. Additional independent prognostic factors were age (HR = 0.576, p = 0.024), lymph node status (HR = 1.442, p = 0.015), and radiology response (SD vs. PR, HR = 2.207, p = 0.007; PD vs. PR, HR = 3.842, p < 0.001). Radiology response was set as a dummy variable in data processing. No multicollinearity was found.


Table 2 | Univariate and multivariate analysis of predictors of disease-free survival.






Figure 1 | Significant results in univariate analysis. (A) Relationship between HGPs and DFS. The non-dHGP is associated with shorter DFS than the dHGP (median DFS = 7.0 vs. 14.2 months, p = 0.014). (B) Relationship between radiology response and DFS (median DFS for PR vs. SD vs. PD = 14.2 vs. 6.8 vs. 4.3 months, p = 0.001).





A New Recurrence Risk Prediction Model

The DFS nomogram showed in Figure 2A based on biomarkers including age, lymph node status, radiology response, and HGPs. Then, we queried patients score from each item and rounded to the nearest whole number before calculating the total score. We then performed a K-M analysis and found that patients’ outcome was improved significantly in score ≥5. Therefore, we classified patients with a score of 5 to 11 as low risk and those with a score of 0 to 4 as high risk. We found DFS to be markedly higher in low-risk relative to high-risk patients (median DFS = 14.3 vs. 4.9 months, p < 0.0001, Figure 2B). The calibration plot for the probability of 1- or 3-year DFS after surgery demonstrated satisfactory consensus between the prediction via nomogram and actual observation (Figures 3A, B). Receiver operating characteristic (ROC) curve to predict short- and long-term prognosis based on this risk model revealed area under the curve (AUC) of the risk model 1-, 2-, and 3-year DFS to be 0.754, 0.705, and 0.666, respectively, and the new model has a better AUC than CRS (Figures 4A, B). On the basis of Figure 4C, the survival decision curve analysis (DCA), which confirmed that the risk model displayed more clinical benefits than CRS.




Figure 2 | Nomogram and recurrence curve. (A) Nomogram incorporating HGPs, radiology response, lymph node status of primary tumor, and age for predicting the DFS of patients with CRLMs. Total points were obtained by summing up individual points from the respective variables, and lower points indicate poorer survival. (B) Differences in DFS between high risk and low risk patients (median DFS = 4.9 vs. 14.3 months, p < 0.0001).






Figure 3 | Calibration diagram. (A, B) One-year calibration and 3-year calibration diagram for assessment of the nomogram. The nearer distance of red dots to the diagonal line, the more accurate is the prediction of the nomogram.






Figure 4 | Evaluation of the predictive model and DCA analysis. (A, B) ROC curves of the predictive model. (C) DCA analysis for new model and CRS.





Cetuximab Led to a Low rHGP Proportion

In our study, we found a strong correlation between HGPs and cetuximab. rHGP was rare in patients who used cetuximab in NACT before lesion excision. We added a cohort (27 patients) that did not accept NACT before liver resection (control group); thereby, the study cohort was extended to 145 patients. Then, HGP was obtained from every patient in light of the latest international consensus guidelines (15): Taking 50% as the cutoff value, rHGP < 50% rim of liver–tumor interface is non-rHGP and rHGP ≥ 50% rim of liver–tumor interface is rHGP. In univariate analysis, compared with control group, patients who accepted pure NACT without targeted drugs had a lower proportion of rHGP (51.9% vs. 38.4%, p = 0.225, Table 3). The addition of bevacizumab or cetuximab plus chemotherapy attenuated the rHGP occurrence (51.9% vs. 30.4%, p = 0.126; 51.9% vs. 13.6%, p = 0.005). Furthermore, cetuximab plus chemotherapy as the one and only independent factor influencing HGPs (HR = 0.173, p = 0.020), no similar effect was observed with bevacizumab (38.4% vs. 30.4%, p = 0.491). Transforming patients who treated with pure NACT as control group, cetuximab plus chemotherapy still significantly reduced rHGP incidence (38.4% vs. 13.6%, p = 0.030). In addition, cetuximab plus chemotherapy was not an independent factor (HR = 0.267, p =0.055). After ruled out patients who had a more than 50% pHGP or mixture HGP in non-rHGP subgroup, a separate multivariate analysis was calculated. In this further analysis, we also discovered low rHGPs level in cetuximab plus chemotherapy subgroup [HR = 0.176, p = 0.025 (vs. non-NACT patients); HR = 0.256, p = 0.049 (vs. pure NACT patients)].


Table 3 | Univariate and multivariate analysis of influence factors of rHGP.






Discussion

The novel recurrence risk prediction model has shown great effectiveness for patients who received NACT before radical primary tumor and liver metastases resection. All the indicators of this model are from the routine preoperative and postoperative examinations of patients, which does not require additional unnecessary medical examinations and will not increase the economic burden of patients. Patient who underwent chemotherapy would evaluate the suitability for surgery using imaging tests before lesions resection, so it is very convenient to acquire every patient’s radiology response. Lymph node status and HGPs assessment are available to perform via pathological evaluations on surgical specimens. Compared with other examinations, postoperative pathological examination can more directly reflect the characteristics and the response to preoperative chemotherapy of the tumor and may provide guidance for the selection of postoperative chemotherapy regimens.

CRS system, a basis for the formulation of treatment strategies, provides reliable stratification of patients and is now widely used in clinical practice (24–26). Previous studies have shown no difference in DFS between patients in the low-CRS group who underwent direct surgery and those who received NACT before surgery, but patients in the high-CRS group who received NACT pre-operation had significantly better DFS than those who underwent direct surgery (27). Furthermore, the NCCN guidelines have recommended CRS as the standard stratification for the patients with CRLMs to determine whether patients receive preoperative chemotherapy (20, 21). In clinical practice, there are more patients with high CRS. However, a part of low-CRS patients who have some high-risk factors such as local progression of the primary lesion, the large metastases, or hepatic vascular invasion will also receive NACT. Our model was designed for patients with high CRS and some low CRS who received NACT before surgery. Five criteria of CRS are from the preoperative, focusing on the preoperative personalized treatment of patients with CRLMs. Our model includes both preoperative and postoperative indicators, which can more accurately predict patients’ DFS and provide a reference for clinicians to formulate personalized follow-up and treatment plans for patients after surgery. Nomogram has the inherent advantage of providing different coefficient for different risk factors. Our model and CRS can be used together to demonstrate the precision treatment of cancer, which is in line with the direction of modern cancer treatment. Our model outperforms CRS if it only predicts the prognosis of patients receiving NACT before surgery.

The prognostic value of HGPs was demonstrated again in our study; this is an emerging biomarker and is also the focus of this study. It is also being studied by more and more oncologist and pathologist (28–30). However, the mechanism of different HGPs influencing prognosis is still not clear at present, and it is well known that the angiogenesis of rHGP and dHGP is different. In dHGP, angiogenenic pattern is characterized by a sprouting angiogenesis. As for rHGP, cancer cells replace hepatocytes in the liver cell plates, allowing metastases to integrate in the sinusoidal blood vessels at the tumor–liver interface, without inducing sprouting angiogenesis, which is a process termed “vessel co-option” (15, 17, 18). What is known is that bevacizumab is only effective against sprouting angiogenesis; it may contribute to better outcomes for patients with dHGP (18). Therefore, the underlying molecular mechanisms require further investigation.

Radiology response is the one of the strongest prognostic factors in our study, and the prognosis has a prominent difference between different stratifications. RECIST has been revealed strongly predictive potential in other studies (31, 32). Although TRG did not representing prognostic value in multivariate Cox regression, we detected that almost all (95.2%) TRG 3 were non-dHGP. Compared with dHGP, metastatic tumors with non-dHGP tend to have worse prognostic characteristics in other aspects, such as positive lymph node, tumor progression after chemotherapy, and less tumor regression.

Some researchers have pointed out that liver metastases with a more than one growth pattern represented tumors transitioning from one growth pattern to another in some cases (15, 19). Frentzas et al. discovered that chemotherapy plus bevacizumab might increase the proportion of rHGP in patients with recurrence or progression (18, 33). We speculated that cetuximab might convert rHGP to dHGP, resulting in a lower proportion of rHGP in the cetuximab plus chemotherapy subgroup. Tumors with rHGP exhibit reduced immune cells infiltration; in addition, in dHGP, we found dense that lymphocytes infiltration appears in the liver–tumor interface (Figures 5A, B). Several studies found that rHGP exhibited reduced CD8+ immune cells infiltration (34, 35), and high levels of peri-tumor infiltration by CD4+, CD45RO+, and CD8+ cells would appear in dHGP (15, 34). Höppener et al. reported peritumoral and intratumoral enrichment of cytotoxic CD8+ T cells in dHGP as well as a higher CD8+/CD4+ ratio (36). An immunoglobulin G1 isotype monoclonal antibody (IgG1 mAb), cetuximab, elicits immune reactions like antibody-dependent cell-mediated cytotoxicity (ADCC) involving natural killer cells and T-cell recruitment to the tumor (37). In addition, tumor regression by cetuximab is ADCC-dependent and is mediated by tumor infiltrating CD8+ T effector cells. This novel mechanism of ADCC mediated by CD8+T effector cells was restricted to IgG1 anti-EGFR mAb (38). Possibly through CD8+ T-cell recruitment and improved natural killer cell-mediated ADCC efficiency, cetuximab alters the tumor microenvironment, thereby mediating conversion from rHGP to dHGP.




Figure 5 | H&E images of the rHGP and dHGP. (A) High magnification image of the rHGP. (B) High magnification image of the dHGP. L: lymphocyte infiltrate.



However, evidence that cetuximab promotes rHGP-to-dHGP conversion is insufficient because we could not prove that the distribution of various HGPs was uniform among the four subgroups before treatment. The best way to demonstrate HGPs conversion is comparing HGPs before and after treatment with cetuximab in the same lesion. There are still many limitations in our study. First of all, this is a retrospective study with weakness related to its study type. Second, although the novel prognostic model has a satisfactory predictive capacity, there is no external validation using data from other experienced centers. Third, because of the low incidence of dHGP, the patients with no dHGP were significantly more than dHGP in our study.

Our model is concise, comprehensive, and high efficient, which may contribute to better predicting the prognosis of patients with CRLMs with NACT before liver resection and provide reference for postoperative treatment of patients. Imaging and pathology data make a fundamental contribution to predicting patient prognosis. We observed an unbalanced distribution of HGPs, and the mechanism of this phenomenon needs further investigation.
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Introduction

Family history is a high-risk factor for colorectal cancer (CRC). The risk comes not only from known germline mutations but also from the other family-related mechanisms. Uncovering them would be an important step to improve the diagnosis and treatment of these patients.



Method

Samples from 168 patients with advanced CRC were collected and applied to next-generation sequencing of 624 pan-cancer genes. Genomic mutations and significantly mutated genes were identified. Significantly mutated genes and co-mutated genes were used to cluster patients. For each cluster of patients, mutational signatures were extracted. The identified mutational signatures were further validated in the other independent cohort.



Result

Significantly mutated genes including TP53, APC, KRAS, and SMAD4 were found associated with tumor mutational burden and microsatellite instability. LRP1, ACVR2A, and SETBP1 were found co-mutated. Patients with mutations in LRP1, ACVR2A, and SETBP1 tend to have a family history of cancer. Those patients tended to have right-sided tumors with high tumor mutational burden and microsatellite instability. Among them, signature analysis identified two possible etiologies, SBS10a (defective polymerase epsilon exonuclease domain) and SBS6 (defective DNA mismatch repair and microsatellite unstable tumors). These signatures were also found in another independent cohort.



Conclusion

The gene cluster (LRP1, ACVR2A, and SETBP1) could be a good biomarker of these patients with a family risk, which was characterized by right-sidedness, high tumor mutational burden, and high microsatellite instability.





Keywords: colorectal cancer, mutation, family history, co-mutation, biomarkers



Introduction

Colorectal cancer (CRC) is the third most prevalent malignancy in China (1). Its incidence increased 65.8% during 1990 - 2017 (2). Of CRC patients, those with a family history of cancer accounts for 16%~36% (3) from which only a small number of patients are caused by known mechanisms.

Currently, the treatment of CRC patients is still a challenge. The 5-year overall survival rate of CRC patients ranges from 52.4% to 68% (4, 5). For the patients with metastatic tumors, the 5-year overall survival rate sharply reduces to 12% (6). To improve the treatment efficacy, subtyping CRC patients with molecular biomarkers is a promising way. The well-known molecular biomarkers include MSI (microsatellite instability) and KRAS/BRAF status. MSI is a biomarker for immunotherapy (7) and KRAS/BRAF is for anti-epidermal growth factor receptor therapies (8). Besides, there are biomarkers which could be used to reduce toxicity. For example, UGT1A1 is a negative biomarker of fluorouracil and irinotecan combination therapy (9). During treatment, CRC patients with UGT1A1 heterogeneity have a higher rate of severe toxicity. These examples demonstrate the importance of novel molecular biomarkers in clinical practice.

With the accumulation of clinical data, the heterogeneity defined by one driver gene among patients becomes recognized in many cancers (10). For example, KRAS-mutant lung adenocarcinoma could be divided into three subtypes according to different combinations of co-mutations, which are TP53 co-mutations (KP subtype), LKB1 co-mutations (KL subtype), and CDKN2A/CDKN2B co-mutations (KC subtype) (11). These subtypes have significantly different clinical behaviors: the KP subtype has low latency (12) and a higher metastatic proclivity; the KL subtype is more aggressive than the KP subtype and selectively sensitive to the treatment of deoxycytidine analogs, for example, gemcitabine; KC subtype is characterized by lacking NKX2-1 expression and poor prognosis. Thus, a combination of two or more genes as a biomarker could improve the accuracy of subtyping cancers.

This study aims to identify familial CRC with co-mutations and mutually exclusive mutations. First, we sequenced the primary tumor tissues from 168 CRC patients using a 624 pan-cancer gene panel. Genomic mutations were then called. Co-mutation and mutual exclusivity in all patients with those genomic mutations were analyzed. The identified co-mutated gene clusters were used to subtype patients. Association study was performed between clinical characteristics and the identified subtypes. The clinically significant subtype was further validated in another independent cohort.



Method


Patients and Sample Collection

This study received the approval of the Research Ethics Committee of First Hospital of Shanxi Medical University. It enrolled 255 patients diagnosed with primary CRC. Written informed consent from each patient was provided. Samples were collected by surgery or ultrasound-guided fine-needle aspiration. A total of 168 high-quality samples from primary CRC tumors were obtained. These samples were then fixed with 4% formalin buffer and embedded in paraffin wax within 24 hours. We also downloaded the COAD dataset (571 patients) from the TCGA data portal (https://tcga-data.nci.nih.gov/docs/publications/tcga/), from which 265 patients of the white race were included in the further analysis.



DNA Sequencing and Genomic Analysis

The library construction, sequencing, and mutation calling were performed by the Clinical Laboratory Improvement Amendments (CLIA)/College of American Pathologists (CAP)-compliant Molecular Diagnostics Service Laboratory of Shanghai OrigiMed Co., Ltd. Briefly, library construction from the FFPE (Formalin-fixed, paraffin-embedded) tissues, sequencing, mapping, mutation calling, and annotation followed the previous studies (13, 14). FFPE tissues were first sliced into 4µm sections. One section was stained with hematoxylin and eosin and underwent a pathologist review. FFPE samples were qualified if the stained slice had at least 1cm2 area, 20% nucleated cellularity, and 20% tumor content. DNA was extracted from 10 unstained FFPE sections. A panel of 624 pan-cancer genes (Supplemental Table 1) was amplified. After amplification, DNA was quantified by the Qubit system (Invitrogen Corporation). DNA mass less than 500ng was excluded for further sequencing. Sequencing was performed on Illumina Novaseq 6000 sequencer (Illumina, San Diego, CA). Genomic mutations including short nucleotide (single nucleotide and small insert and deletion), copy number variation, and fusion were called. Tumor mutational burden (TMB) was defined as the number of mutations per one million nucleotides. TMBs were split by 10 into low and high. MSI was called by the python package “MANTIS” with default parameters.

In mutational signature analysis, gene mutations in each sample were classified into 96 trinucleotide patterns according to the neighbor nucleotide context of mutations with the R package “MutationalPatterns” (15). Subsequently, the resulting mutational pattern matrix (96 trinucleotide patterns by 25 samples) was decomposed with non-negative matrix factorization. The optimum number of components of non-negative matrix factorization was determined by maximizing the logarithm likelihood.



Functional Analysis of Genes

Gene ontology, KEGG (Kyoto Encyclopedia of Genes and Genomes) pathway, and GSEA (Gene Set Enrichment Analysis) were used to identify the functional enrichment of gene lists. Enrichment analysis of gene ontology and KEGG pathways was performed with the clusterProfiler package on the R platform (16). GSEA desktop application was downloaded from www.broadinstitute.org/gsea/index.jsp. Hallmark gene sets were used in the GSEA enrichment analysis. Gene ontology annotations, KEGG pathways, and GSEA hallmark gene sets (v7.3) were downloaded on March 31, 2021.



Significantly Mutated Genes and Nucleotides

MutSigCV (17) was used to assess the significance of short nucleotide mutations (single nucleotide variant, small insert, and deletion mutations) according to its manual. MutSigCV measured the significance of non-silent somatic mutations by considering background patient-specific mutation frequency, cancer-specific mutational spectrum, and region-specific mutation heterogeneity.

To cluster gene mutation appearance in patients, we constructed a similarity matrix of genes versus genes. First, the appearance of gene mutations was compared between each pair of genes with Fisher’s exact test. Then the P-values were transformed with -log10(P-value) and assigned positive and negative signs for co-mutations and exclusive mutations, respectively. The transformed P-values were used as the co-mutation score between two genes. The association score between each gene and clinical characteristics was also calculated with -log10(P-value).

Signature analysis of DNA mutations was used to disclose the possible mutation mechanisms. The analysis procedure followed the manual of the MutationalPatterns package. First, mutational signatures were extracted with the vb_factorize function of the ccfindR package using the Bayesian algorithm and gamma priors. These extracted signatures were compared to the COSMIC signatures (V3.1) (18) with the rename_nmf_signatures function of the MutationalPatterns package. Cosine similarity > 0.85 to an existing COSMIC signature was defined as a significant association.



Statistical Analysis

Mutation frequency comparison was performed with Fisher’s exact test. The P-values from Fisher’s exact test were adjusted with the Benjamin-Hochberg method. The adjusted P-values less than 0.05 were defined as statistically significant.




Result


Patient Characteristics

A total of 255 patients with CRC were enrolled in this study. Of them, 168 patients had enough qualified samples for sequencing and were included in the following analysis (Table 1). The percentages of patients at stage III or IV were 58.3% and 41.7%, respectively. The percentage of male patients was higher than that of females (55.7% vs. 44.3%). The age of patients ranged from 17 to 81 years, with a median of 60 years. Patients with the age < 60 and ≥ 60 were defined as young and old patients, respectively. High TMB accounted for 5.5% of patients. And 5.9% of patients were of MSI. Patients with a family history were defined as the ones whose parents, siblings, or children have cancer. A family history of colorectal, stomach, lung, and liver cancers was the most frequent phenotype for the patients (Figure 1A). They were most diagnosed with cancers between 65 and 75 years old (Figure 1B). The incidence of lung cancer in the family members was significantly higher than that of breast, bladder, and mouth cancers.


Table 1 | Patient characteristics.






Figure 1 | Distribution of cancers in the family members of CRC patients. (A) The cancer frequency distribution of family members for CRC patients. Patients with a family history are the ones whose parents, siblings, or children have cancer. (B) The age distribution of family members over tissue for CRC patients.





Genomic Mutation Landscape

The genomic mutations were shown in Figure 2. The top-5 mutated genes were TP53, APC, KRAS, SMAD4, and PIK3CA. After removing the mutational bias in specific genes, genome regions, and patients, MutSigCV identified 27 significantly mutated genes. These genes included TP53, SMAD4, FBXW7, PIK3CA, and APC (Supplemental Table 2). In the first column (Figure 2), there were multiple mutations in APC and TP53, which led to a total frequency sum larger than 100%. These significant genes were compared to clinical characteristics including age, gender, stage, grade, sidedness, TMB, MSI, and family history with Fisher’s exact test. The right column of the heatmap indicated the association score between each gene and clinical characteristics (Figure 2). APC was specifically mutated in the left-sided (descendent colon, sigmoid colon, and rectum) CRC while RNF43 in the right-sided (cecum, ascendant colon, and transverse colon) CRC. Patients with TP53 mutations tended to be microsatellite-stable. ARID1A, RNF43, ACVR2A, and EPHA7 were positively correlated with TMB and MSI. The association between family history cancers and gene mutations were shown in Supplemental Figure 1.




Figure 2 | Genomic mutations in advance CRC and their association with clinical characteristics. The top bar plot indicates the tumor mutational burden of each sample. The left bar plot indicates the frequency sum of mutations in each gene. The middle heatmap indicates the mutations of each gene in each sample. The right heatmap indicates the association between each gene and clinical character.





Co-Mutation Analysis

Genes were hierarchically clustered based on co-mutation scores with Euclidian distance and Ward agglomeration method (Figure 3A). Eight clusters were identified.




Figure 3 | Co-mutation between genes and their association with clinical characteristics. (A) Hierarchical clustering of the co-mutation score between genes. Eight gene clusters were enclosed with rectangles. From left to right, these clusters were labeled 1-8. (B) Association scores for each cluster were plotted. The dashed red line indicates an association score at P-value=0.05.



We further studied the association between these gene clusters and family history. For each gene cluster, we analyzed the association between a family history of cancer and gene mutations in the gene cluster. Patients with mutations in gene cluster 2 have a significantly higher proportion of patients with a family history of cancer than those without mutations in gene cluster 2 (Figure 3B, P-value= 0.02). These patients were denoted as LAS subtype, which had a mutation in LRP1, ACVR2A, or SETBP1 (LAS).



Characteristics of LAS Subtype Patients

Clinical characteristics including gender, age, stage, sidedness, and tumor grade were compared between LAS subtype patients and the other patients. It was found that LAS subtype patients were significantly different from the other patients in sidedness, TMB, and MSI (Figures 4A–C). LAS subtype patients tended to have right-sided CRC (Fisher’s exact test, P-value=1.14e-2), high MSI (Fisher’s exact test, P-value=1.25e-8), and high TMB (Fisher’s exact test, P-value= 6.25e-9). And the family history was significantly associated with gender, MSI, and LAS subtype (Figure 4D).




Figure 4 | Characteristics of LAS subtype patients. (A) LAS subtype patients have a higher percentage of right-side tumors than the left-side tumor. (B) LAS subtype patients have a higher percentage of high TMB tumors than low TMB tumors. (C) LAS subtype patients have a higher percentage of MSI-H tumors than MSS tumors. (D) Association with a family history of cancer for each clinical character is plotted. The red dash line indicates the association score at P-value=0.05. “*” and “**” denote P-value < 0.05 and P-value < 0.001, respectively.



KEGG pathway enrichment analysis indicated that mutations in pathways including mismatch repair, cholesterol metabolism, and cGMP-PKG signaling pathways were significantly present in LAS subtype patients (P-value < 0.001) (Supplemental Figure 2).



Signature Analysis of LAS Subtype Patients

We further identified the potential pathogenic mechanism in the LAS patients with mutational signature analysis (15). Two mutational signatures (SBSA and SBSB) were extracted. Then they were compared to the COSMIC signature database with cosine similarity (17). SBSA and SBSB were found similar to SBS10a (cosine similarity=0.83) and SBS6 (cosine similarity=0.91), respectively (Figures 5A, B). The etiology of SBS10a is possibly driven by the POLE (polymerase epsilon) exonuclease domain mutations. And the SBS6 signature could be caused by defective DNA MMR (mismatch repair) and associated with MSI. In contrast, patients without LAS mutations had a signature similar to SBS1 (cosine similarity=0.879, Supplemental Figure 3). The etiology of SBS1 is spontaneous deamination of 5-methylcytosine.




Figure 5 | LAS subtype-associated mutation signatures. (A, B) Two signatures (SBSA and SBSB) are extracted in the cohort. They are respectively similar to the signatures, SBS10a and SBS6 of the COSMIC database. (C) MMR gene (MSH2, MSH3, MSH6, MLH1, MLH3, PMS2, PMS1, EXO1, POLD3, PCNA, RPA1, HMGB1, RFC1, and LIG1) mutations are higher in the LAS subtype CRC. (D) Mutations in the tumors of LAS subtype patients are around the exonuclease domain of polymerase epsilon. “**” denote P-value < 0.001.



To test whether SBSA and SBSB were involved in the related defection, we compared the tumor gene mutations of LAS subtype patients to that of the other patients in MMR genes (19) and POLE (Figures 5C, D). MMR genes (MSH2, MSH3, MSH6, MLH1, MLH3, PMS2, PMS1, EXO1, POLD3, PCNA, RPA1, HMGB1, RFC1, and LIG1) and POLE mutations were preferentially mutated in the tumors of the LAS subtype patients than the others. And most of POLE mutations were present in or around the POLE exonuclease domain.



LAS Subtype Patients in the Other Independent Cohorts

To validate the co-mutation of LAS genes, an independent cohort (COAD dataset) was used. In the COAD dataset, patients of the white race were selected. Consistent with the results in the Chinese cohort, LRP1 was significantly co-mutated with SETBP1 and ACVR2A (Fisher’s exact test, P-value<1.1e-5, Figure 6A). And LAS subtype patients of the COAD cohort tended to have right-sided CRC (Fisher’s exact test, P-value=8.13e-15, Supplemental Figure 4) and a significantly higher mutation number (Wilcox’s rank-sum test, P-value=1.4e-13, Figure 6B). With mutational signature analysis, four mutational signatures were extracted (Figures 6C–F). They were similar to SBS1 (spontaneous or enzymatic deamination of 5-methylcytosine), SBS10b (defective DNA mismatch repair), SBS6 (defective DNA mismatch repair), and SBS15 (defective DNA mismatch repair) of COSMIC signatures (Figure 5C). And the corresponding cosine similarity was 0.91, 0.86, 0.78, and 0.87.




Figure 6 | LAS type patients in the COAD cohort. (A) P-values of the co-mutation between each pair of LRP1, ACVR2A, and SETBP1 are calculated with Fisher’s exact test. (B) Tumors of LAS subtype patients have more mutations than the other patients. (C–F) Four signatures (SBSA, SBSB, SBSC, SBSD) are extracted from the COAD cohort. They are respectively similar to the signatures, SBS1, SBS10b, SBS6, and SBS15, in the COSMIC database. “**” denote P-value < 0.001.






Discussion

In this work, we firstly studied the characteristics of CRC patients with a family history of cancer. A total of 255 Chinese CRC patients were enrolled. The most diagnosed cancers for their first-degree family members were colorectal, stomach, lung, and liver cancers. Of them, lung cancer was not included in the Bethesda and Amsterdam diagnostic criteria for Lynch syndrome. However, the incidence of lung cancer in the family members of CRC patients was significantly higher than the other cancers including bladder, breast, and mouth cancers. In spite, they were not mentioned in the Bethesda and Amsterdam diagnostic criteria. The high incidence of lung cancer in the Chinese population could partly explain the result, but it could not explain why lung cancer was significantly (3 times) higher than breast cancer in the family members of CRC patients since the incidence of lung and breast cancer were comparable in the Chinese population (1). The above result suggested that lung cancer diagnosed in a family member might be a risk of CRC in the Chinese population.

To subtype the CRC patients with a family history of cancer with genomic mutations, we sequenced 168 CRC high-quality samples. Significantly mutated genes were called with MutSigCV and compared between patient groups with different clinical characteristics. APC and RNF43 were respectively highly mutated in patients with left-side and right-side CRC, which was consistent with previous studies (20, 21). Besides, ARID1A, RNF43, ACVR2A, and EPHA7 mutations were found significantly associated with both TMB and MSI. These results had also been observed in several studies. For example, ARID1A mutations were reported to be associated with higher TMB and MSI in a large European study (22). RNF43 mutations were significantly associated with MSI (21). ACVR2A hyper-mutation in the tumor of patients with MSI was reported in Chinese patients with gastric cancers (23). But we failed to find any evidence about the ACVR2A mutational preference in the tumors of CRC patients with MSI.

Next, genes were clustered by co-mutation scores. Eight gene clusters were obtained. Using the eight gene clusters, patients with the mutations in each gene cluster were labeled as eight subtypes accordingly. Of the eight subtypes, one subtype named LAS was significantly associated with family history. Patients of the LAS subtype had mutations in the LRP1 (low-density lipoprotein receptor-related protein-1), ACVR2A (activin A Receptor Type 2A), and SETBP1 (SET Binding Protein 1). Of the three genes, LRP1 was studied in breast cancers (24) but rarely in CRC. LRP1 functions to mediate the clearance of various molecules from the extracellular matrix (25). ACVR2A is a member of the transforming growth factor-beta (TGF-β) family, involving the regulation of cell differentiation, migration, proliferation, and apoptosis of colon cancer (26, 27). The function of SETBP1 was still unclear. It could interfere with the TGF-β signaling pathway (28). We found that LAS subtype patients had a higher rate of high TMB and MSI and more frequently appeared in right-sided CRC. As a matter of fact, low expression of LRP1 in colon adenocarcinomas is associated with MSI (29). ACVR2A contains two DNA microsatellite sites in exon 3 and exon 10, which could be associated with MSI. No report is found on the association between LRP1 mutations and MSI in CRC.

We were also interested in the characteristics associated with a family history of cancer. Sidedness, TMB, MSI, and LAS subtype were compared between patients with and without a family history of cancer. The results showed that the LAS subtype was significantly associated with a family history of cancer. LAS subtype could be a better indicator of a family history of cancer. Nevertheless, the mechanism behind the association of the LAS subtype and a family history of cancer was still unclear. Mutational signature analysis shed some light on the puzzle. Using Bayesian non-negative matrix decomposition, two mutational signatures were extracted. They both had a cosine similarity > 0.8 to one of the COSMIC signatures. The two COSMIC signatures were SBS6 (defective polymerase epsilon exonuclease domain) and SBS10a (defective DNA mismatch repair and microsatellite unstable tumors). Further checking the mutations in the polymerase epsilon exonuclease domain validated the hypothesis that LAS subtype patients had more mutations in the polymerase epsilon exonuclease domain. The mutations in the mismatch repair genes were also enriched in the LAS subtype patients. LAS subtype could be the combinatory results of the two mechanisms.

Another interesting question is whether the LAS subtype exists in the white race patients? The results in the COAD cohort validated the hypothesis that the LAS genes (LRP1, ACVR2A, and SETBP1) were significantly co-mutated in the COAD cohort. The characteristics of LAS subtype patients including right-sidedness, MSI, TMB, and TP53 mutations were consistent with that in the Chinese population. Etiology analysis of the genomic mutation in CRC identified four signatures. Of them, one signature similar to SBS6 in the COSMIC signature database also existed in the Chinese population and the other three signatures (SBS6, SBS10b, and SBS15) were similar to mismatch repair signatures, like the counterpart, SBS10a, in the Chinese population. Besides, one specific mutational signature was found, which was related to the deamination of 5-methylcytosine.

LAS subtyping could have multiple applications. Considering the high TMB and MSI characteristics of LAS subtype patients, we hypothesize that patients of the LAS subtype could be treated with immunotherapy (30). Family members of LAS subtype patients were prone to lung cancer, which could be used in the prediction of lung cancer in their family members. Besides, LAS subtyping could help distinguish primary right-sided tumors from primary left-sided tumors, especially when tumors appear on both sides.



Conclusion

This work identified a cluster of co-mutation genes (LRP1, ACVR2A, and SETBP1) and found these genes were significantly associated with a family history of cancer. Patients with these gene mutations tended to have right-sided, high TMB, and MSI tumors. And this subtype exists in both the white and Chinese races.
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Background

Fruquintinib, a vascular endothelial growth factor receptor inhibitor, is a new anticancer drug independently developed in China to treat refractory metastatic colorectal cancer (mCRC). In Japan, regorafenib combined with nivolumab has been demonstrated to be promising in patients with refractory mCRC. Here, in a real-world study, we were aimed to evaluate the efficacy of fruquintinib with various programmed death-1 (PD-1) inhibitors after standard treatment in Chinese non-microsatellite instability-high (MSI-H)/mismatch repair proficient mCRC patients.



Methods

A total of 45 patients with refractory mCRC were involved in the study. They received fruquintinib (3 or 5 mg, orally administered once a day for 3 weeks followed by 1 week off in 4-week cycles) and a PD-1 inhibitor(200 mg pembrolizumab, 3 mg/kg nivolumab, 200 mg sintilimab or camrelizumab, intravenously administered on D1 once every 3 weeks). Progression-free survival (PFS), overall survival (OS), disease control rate (DCR), and objective response rate (ORR) were reviewed and evaluated.



Results

Among the 45 patients, the median age was 54 years (29-85). The ORR was 11.1% (5/45), DCR 62.2% (28/45), median PFS equal 3.8 months, and median OS was 14.9 months. The response duration was 3.4 months. PFS between left and right primary tumors and PFS with or without lung metastases were both not significantly different (p > 0.05), which was inconsistent with the result of REGONIVO study. The multivariate analysis indicated no association of OS benefit in the specified subgroups. No adverse-effect-related deaths were reported.



Conclusions

Fruquintinib, in combination with anti-PD-1, was observed to have clinical activity in a small population of patients with heavily pretreated mCRC in our center. Further studies are needed to verify this outcome in a large population.





Keywords: fruquintinib, PD-1 inhibitors, mCRC, real-world study, non-MSI-H/pMMR



Introduction

Colorectal cancer (CRC) is the fourth most common cancer and the fifth leading cause of cancer-related deaths in China (1). Despite of the improvements of treatments for advanced or metastatic CRC, their survival following one or two previous standard lines of therapy remains dismal. Currently, the United States Food and Drug Administration has approved TAS-102 and regorafenib as third-line therapies for metastatic CRC (mCRC) patients (2, 3). As reported by the CONCUR (4) and TERRA studies (5), the average progression-free survival (PFS) was only three months in Asians. Consequently, attempts have been made to improve the survival benefit. In 2019, the REGONIVO study (6) demonstrated the encouraging activity and manageable safety of nivolumab plus regorafenib in patients with late-stage microsatellite stability (MSS) or mismatch repair proficient (pMMR) gastric cancer and CRC. Regorafenib (7) is a novel oral multi-kinase inhibitor that blocks the activity of several protein kinases, including those involved in the regulation of tumor angiogenesis (vascular endothelial growth factor receptor [VEGFR]1, VEGFR2, VEGFR3, and TIE2) and oncogenesis (KIT, RET, RAF1, BRAF, and BRAFV600E). On the other hand, nivolumab is a human immunoglobulin G(4)-blocking antibody that inhibits the T-cell programmed death-1 (PD-1) checkpoint protein. Nivolumab, whether alone or combined with other agents, has demonstrated its encouraging role in tumor control in several cancers (8–11). The combination of a PD-1 inhibitor with angiogenesis agents might have a potential in tumor control, as suggested by the REGONIVO study. Despite of that, the immunotherapy-based options for mCRC harboring MSS phenotype remain dismal (12, 13), with PFS around 3-4months in China and even worldwide (14–16).

Fruquintinib, an oral multi-kinase inhibitor, is a potent, highly selective small-molecule inhibitor of VEGFR1, VEGFR2, and VEGFR3. Based on the results of FRESCO study and according to the guidelines of Chinese Society of Clinical Oncology in 2019, fruquintinib has been recommended as a treatment in Chinese mCRC patients who experienced tumor progression following two or more prior chemotherapy regimens (17, 18). Now, at least six types of PD-1 inhibitors are available in clinical practice. However, no existing data on the effectiveness of fruquintinib in conjunction with anti-PD-1 inhibitors for MSS/pMMR mCRC has been found in a real-world situation. Here, we sought to further explore the efficacy of fruquintinib plus PD-1 inhibitors and the potential correlation of clinical benefits in patients with metastatic MSS/pMMR CRC that had progressed following second-line or subsequent treatment retrospectively in our clinic center.



Patients and Methods

Patients who progressed to conventional treatment at the cancer department of Chinese People’s Liberation Army General Hospital from January 2019 to January 2022 were included. The inclusion criteria were: (i) Patients with histological or cytological confirmation of adenocarcinoma of the colon or rectum; (ii) Patients who have failed from first and second standard therapies such as FOLFOX (fluoropyrimidine and oxaliplatin) or FORFIRI (irinotecan and fluoropyrimidine) with or without bevacizumab or cetuximab; (iii) Patients who have at least one non-resectable measurable lesion to evaluate treatment response; and (iv) Patients who were administered at least two cycles of treatment. The exclusion criteria included: (i) Patients with less than one cycle of treatment and (ii) Patients with little information on tumor response. This retrospective study was approved by the independent ethics committee of Chinese People’s Liberation Army General Hospital (NO: S2019-201-01).

Fruquintinib was orally administered once a day in a 28-day (D) cycle (21D on/7D off). The PD-1 inhibitor (200 mg pembrolizumab, 3 mg/kg nivolumab, 200 mg sintilimab, or camrelizumab) was intravenously administered on D1 once every 3 weeks. The starting dose of fruquintinib was 5 mg, and could be reduced to 3 or 4 mg later in the therapy cycle if not well tolerated.


Assessments

Patients were followed up until the cutoff date of January 2022. Tumor evaluation was based on RECIST (version 1.1). Moreover, the response evaluation included complete response (CR), partial response (PR), stable disease (SD), and progression disease (PD). In addition, the objective response rate (ORR) and disease control rate (DCR) were also evaluated. The ORR was calculated as the sum of CR and PR, while the DCR was the sum of CR, PR and SD.

The primary endpoint was PFS, defined as the time from treatment to the RECIST-defined disease progression. The second endpoint was the duration of response (DOR), the time from the first response to disease progression or death from any cause, whichever occurred first. Finally, the overall survival (OS) was the time from third-line treatment to death for any reason.

Exploratory univariate analyses were performed using the log-rank test, which compared different clinical variables such as tumor location (left versus right side), KRAS status (wild or mutant), and liver and lung metastases.



Statistical Analysis

SPSS software 18.0 was used for statistical analysis. Objective response and disease control were presented as proportions, and the stratified k-square test was carried out for comparisons between groups. In addition, Kaplan-Meier curves were used to estimate the median of OS, PFS, and DOR. Differences between clinic features in PFS and OS were assessed using the log-rank test. The statistical significance level was set to 0.05, and confidence intervals (CIs) were 95%.




Results

A total of consecutive 45 patients who visited our hospital’s oncology department between January 2019 and January 2022 were enrolled in this retrospective study. Clinical characteristics of the patients were listed in Table 1. The average age was 54 years old (range 29-85), and 73.3% had ECOG performance status (PS) scores of 0/1. Liver and lung metastases were observed in 80% and 42.2% of the patients, respectively. Besides, 68.9% of the primary tumors were located in the left and 31.1% were located in the right colon. In addition, 88.9% of patients had received bevacizumab before treatment. Twenty-four patients had KRAS mutations, and all patients achieved MSS. The patients represented all of the patients who received the regimen.


Table 1 | Baseline Characteristics of patients (n=45).



The median number of cycles was 5.0 (range 2–24). Due to the tolerance, 4 patients had to deescalate fruquintinib from 5 mg to 3 mg. Six patients started fruquintinib at 3 mg; one discontinued the treatment because of an adverse event. Finally, 60.0% (27/45), 15.6%(7/45), 6.7% (3/45) and 17.8%(8/45) of patients received fruquintinib in combination with sintilimab, pembrolizumab, nivolumab, and camrelizumab, respectively. and also comment

Out of the 45 patients, no patient achieved a CR. Five patients achieved PR, 23 patients had SD, and 17 achieved PD following RECIST version 1.1 by centralized confirmation of imaging response data as to the consistency of the data which were collected. DCR was 62.2%, and ORR was 11.1% (Table 2; Figure 1). The median PFS was 3.8 months (95% CI: 2.8–4.8 months), and the OS was 14.9 months (95% CI: 7.6–21.7 months; Table 2; Figures 2, 3). In addition, the median DOR was 3.4 months (Table 2, Figure 4). In the sintilimab plus fruquintinib group, the ORR was 7.4% and DCR was 62.9%. The PFS and OS were observed at 3.8 months and 11.7 months, respectively. As shown in Figure 5, there was 1 patient with PR in liver metastases and another patient with SD in multiply lung metastases.


Table 2 | Response Outcome.






Figure 1 | Tumor response in patients treated with fruquintinib plus pd-1 inhibitor with different kras status.






Figure 2 | Progression free disease of patients treated with fruquintinib plus pd-1 inhibitor.






Figure 3 | Overall survival of patients treated with fruquintinib plus pd-1 inhibitor.






Figure 4 | Duration of time of patients treated with fruquintinib plus pd-1 inhibitor.






Figure 5 | MRI or CT images before and after treatment to show PR and SD results (A) left image showed baseline MRI images for one patient with liver metastases before the treatment with fruquintinib plus pd-1 inhibitor and right image showed the tumor reduction more than 50% after two cycles of treatment. (B) left image showed baseline CT images for one patient with lung metastases before the treatment with fruquintinib plus pd-1 inhibitor and right image showed the tumor remain stable after two cycles of treatment.



Based on the results of univariate analysis, it was found that PFS for left and right primary tumors was not statistically different (p = 0.946) and PFS with or without lung metastases was not statistically different (p = 0.835) as well. As shown in Tables 3, 4, neither KRAS mutation nor liver metastases were associated with a longer PFS or OS. The same trends were observed from the results of multivariate analysis.


Table 3 | Univariate analysis and multivariate analysis of clinical variable for the prediction of progression free survival.




Table 4 | Univariate analysis and multivariate analysis of clinical variable for the prediction of overall survival.



Out of the 45 patients, 62.2% patients had grade 1-2 treatment-related adverse effect(TRAE) and 6.7% patients had grade 3 TRAE. No treatment-related death was reported. The most common grade 1-2 TEAEs included hypertension (22.2%), fecal occult blood positive or bleeding (17.8%), hand-foot syndrome (13.3%), hypothyroidism (8.9%), and hepatitis (4.4%). One patient suffered from pancreatitis.



Discussion

Patients with mCRC will eventually face challenges in their medical management following the failure of standard treatment. Fortunately, there were several choices with good performance in third or further line therapy. Previous research has indicated that immunotherapy showed no effect on mCRC patients with MSS (19), possibly due to the complex tumor microenvironment that counteracts antitumor immunity via a combination of low antigenic tumor cells and an immunosuppressive tumor microenvironment (20). However, the REGONIVO study demonstrated a promising anticancer activity in mCRC patients with MSS who were administered with a PD-1 inhibitor (nivolumab) and regorafenib, which exerted a profound impact on the treatments for mCRC patients. In addition, three additional antibody therapeutics developed by Chinese companies (tislelizumab, sintilimab, and camrelizumab) became available in China in January 2020 (21), all of which have been proved to be highly selective, fully-humanized monoclonal antibodies that have a potential in blocking the interaction between PD-1 and its ligands (22). Based on the REGONIVO combination strategy, our center attempted a similar regime using fruquintinib combined with several PD-1 inhibitors as a third-line therapy for mCRC patients with MSS. Therefore, we retrospectively reviewed those patients and analyzed the efficacy of their treatments.

We obtained medical records from 45 patients for statistical analysis. Generally speaking, our therapy regime showed certain therapeutic efficacy for the patients. In this study, DCR was 62.2%, and ORR was 11.1%, with 4 PRs observed. Comparatively, in the REGONIVO study, ORR was observed in 40% of patients and 8 out of 50 patients (including 25 CRC and 25 gastric cancers) had PRs, resulting in an ORR of 33% in MSS CRC patients. In addition, our response rates were not better than those of the REGONIVO research. The efficacy of the combination treatment in the North American population differed from that in the Japanese group. More specifically, in the North American version (13) of REGONIVO, 5 patients (7.1%) out of 70 had a PR and 22 (31.4%) had SD. The LEAP-005 study (12) (NCT03797326) evaluated the efficacy and safety of lenvatinib combined with pembrolizumab in patients with previously treated CRC, and found an ORR of 22% (95% CI: 9–40) and a DCR of 47% in 32 CRC patients. The reason for the discrepancies between studies might lie in the fact that the REGONIVO study was a dose-finding and dose-expansion phase 1b trial, which was aimed to exploring the safety and recommended doses. Thus, the response rates should be further verified based on larger cohorts in future. Second, the efficacy of the combination treatment might also vary with the specific anti-PD-1 or angiogenesis agent and the population. Third, patients in trials usually have PS scores of 0-1. Considering real-world studies do not limit PS scores, the patients in our study had worse PS scores, which may have affected the treatment responses. Furthermore, the data from LEAP-005 and REGONIVO are certainly not definitive and that randomized phase 3 trials are ongoing with data pending to determine the true efficacy of these regimens.

Compared to the PFS of 6.3, 3.7 and 2.0 months in the REGONIVO (6), FRESCO (23), and TAS-102 study (5), the median PFS in our study was 3.8 months, which was not superior to that of the REGONIVO study but similar to other studies associated with third or subsequent line treatment for mCRC. We acknowledged the non-superior PFS of fruquintinib and anti-PD-1 treatment in this study since real-world studies were usually very complex involving a number of factors that reflect actual clinical practice, whereas clinical trials were able to exclude poor conditions. Furthermore, although regorafenib and fruquintinib were the same types of oral anti-angiogenesis agents, regorafenib was multi-targeted (7)and fruquintinib was highly selective for VEGFR1, VEGFR2, and VEGFR3 (17), which suggests that their underlying mechanisms at the functional site are different. In addition, the molecular properties of PD-1-targeted antibodies might be another influencing factor. We acknowledged the limitations in comparing nivolumab and other types of PD-1 antibodies. However, nivolumab and pembrolizumab differed in their binding sites’ extent and spatial location with the flexible PD-1 loops (24). Based on the available characterization data on anti-PD-1 antibodies, the molecular behavior between nivolumab and other anti-PD-1 antibodies might differ from each other (25, 26). We also considered, to some extent, the dose effect of fruquintinib on its efficacy. Since the recommended dose of fruquintinib on a continuous regimen was 5 mg per day, some patients in our study were administered 3 mg due to their tolerance (27, 28). Therefore, the dose may have affected clinical efficacy as well.

In addition, we compared our results with published data about fruquintinib combined with sintilimab in the treatment of mCRC. In our study, the ORR was 7.4% and DCR was 62.9%, and the PFS was observed to be 3.8 months in the sintilimab plus fruquintinib group. Comparatively, as reported by Jin Li et al. (16) in a phase Ib/II, multicenter, two-stage study, the ORR was 27.3% and 18.2% in the 5 mg-intermittent and 3 mg-continuous groups, respectively, and the PFS was 6.8 and 4.3 months for the 5 mg-intermittent and 3 mg-continuous groups, respectively, which seemed to be better than that in our study. Thus, it could be inferred that the benefit from the immunotherapy plus TKI agents was less concerning the complexity of the background in the real word study.

Notably, compared to 9.3 months for FRESCO study, which was the longest OS that has ever been reported, the median OS in our real-world study was much higher, reaching up to 14.9 months. Since we cannot directly compare the efficacy of our research with the FRESCO or REGONIVO studies, their difference in OS needs to be further validated in a larger group.

The PFS in our study appears to be no better than the results from the FRESCO study. Accordingly, we further assessed whether clinical characteristics were correlated with clinical outcomes. Gender, tumor location, metastatic organs, and KRAS status were not significantly associated with PFS, which was inconsistent with the result of REGONIVO study that all patients responding in the REGONIVO study (6) were male with lung metastases and had PS scores of 0. Therefore, the results of REGONIVO study may have been biased by the small sample and need to be further confirmed in a larger population.

One shortcoming of our study was the limited sample size and data on PD-L1 expression. PD-L1 was found to respond to anti-PD-1 antibodies in several tumors (29). However, there was little data on PD-L1 expression in our study. Thus, the role of PD-L1 as a potential biomarker for CRC patients could not be fully evaluated. Besides, the data on immune checkpoints (such as CTLA4), which potentially attenuate anti-tumoral immune responses and facilitate tumor growth and metastasis (30), were absent in our study since there were only a few cases treated with CTLA4 in our center. In addition, our study included various types of PD-1 antibodies, which was challenging to determine which PD-1 antibody was the best in combination with Fruquintinib in the treatment of mCRC.

In conclusion, we found that fruquintinib, in combination with anti-PD-1, had clinical activity in mCRC refractory to standard chemotherapy. Nevertheless, this benefit was not observed across all prespecified subgroups of patients. Further research would be necessary to assess OS benefits based on a larger sample size in future.
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Introduction

Deficient mismatch repair (dMMR) or high microsatellite instability (MSI-H) is associated with an improved prognosis in colon cancer stage II but poor prognosis in stage IV colon cancer. The clinical significance of dMMR in colon cancer stage III is not established.



Methods

Tissue microarrays (TMAs) from 544 patients with colon cancer stage II and III with clinicopathological and survival data were stained for mismatch repair (MMR) proteins, CD3, CD8, and programmed death ligand-1 (PD-L1), and programmed death ligand- 1 (PD-L1). Patient outcomes were reviewed.



Results

In stage III colon cancer, dMMR was a marker of poor disease-free survival (DFS) (Kaplan–Meier, mean survival in months: dMMR: 28.76 (95% CI 18.46–39.05) vs. pMMR 40.91 (37.20–44.63), p=0.014, multivariate Cox regression: hazard ratio (HR) 4.17 (95% CI 2.02–8.61), p<0.001). In stage II colon cancer, there was a tendency toward improved DFS for dMMR patients (dMMR: 57.14 (95% CI 54.66–59.62) vs. pMMR 53.54 (95% CI 51.48–55.60), p=0.015, multivariate Cox regression HR 0.24 (95% CI 0.06-1.04), p=0.057). CD3, CD8, and PD-L1 expression was not associated with prognosis of dMMR patients. Multivariate Cox regression analysis showed a significant interaction between the MMR phenotype and stage (p=0.001).



Conclusion

dMMR is associated with an improved prognosis in stage II colon cancer but is no longer associated with a favorable prognosis in stage III colon cancer.
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1 Introduction

Deficient mismatch repair (dMMR) or high microsatellite instability (MSI-H) is a marker of improved prognosis in stage II colon cancer (1). This phenomenon has been attributed to the beneficial immune response associated with dMMR tumors (2). However, in stage IV colorectal cancer (CRC), several studies demonstrate that a dMMR phenotype is a marker of poor prognosis (1, 3, 4). In stage III, MMR phenotyping is currently only used to detect Lynch syndrome and the effect of dMMR on prognosis is controversial (5).

The reason for the contrasting prognostic impact of the MMR phenotype in different stages of colon cancer is not established. A dMMR phenotype gives rise to a high mutational burden, particularly insertion and deletions (indels), which again leads to an increased expression of neoantigens and higher density of tumor-infiltrating lymphocytes (TILs) (6, 7). A high infiltration of CD3+ (pan T- cell marker) and CD8+ (cytotoxic T-cell marker) cells is viewed as a manifestation of a favorable immune response and a beneficial prognostic marker in colon cancer (8).

Tumors might evade their immunosuppressive environment by exploiting existing immune checkpoints that in normal physiology are used to maintain self-tolerance. Programmed death–ligand 1 (PD-L1) is a transmembrane protein typically expressed on hemopoietic and antigen-expressing cells. During immune regulation, PD-L1 binds to programmed death-1 receptor (PD-1) on cytotoxic T cells and other immune cells. It has been suggested that increased PD-L1 expression in tumor cells represents an escape from immune surveillance, allowing for the spread of tumor cells and decreased cancer-specific survival in dMMR tumors (9).

Few studies have described the prognosis of dMMR in stage III colon cancer. Improving the prognostication of dMMR colon cancer is highly warranted to identify patients at risk of colon cancer relapse that might benefit from immunotherapy. The main goal of this study was to analyze the prognosis of dMMR stage III colon cancer and study the prognostic interplay between MMR status, tumor cell PD-L1 expression, and density of CD3+ and CD8+ lymphocytes.



2 Methods


2.1 Patient cohorts

The study cohorts have been described previously (10). It includes tissue from the primary tumors of all included patients, 544 in total, with colon cancer stage II and III from two clinical studies. The 276 patients from the Norwegian Gastrointestinal Cancer Group (NGICG) material were included between 1993 and 1996 (11). They were randomized to receive adjuvant chemotherapy with fluorouracil/levamisole after surgery or to surgery only. The remaining 268 patients were included from the The Haraldsplass Deaconess Hospital (HDH)–material; a population-based cohort with colon cancer patients recruited from 2007 to 2011 (12, 13). The patients from the NGICG and HDH series have similar clinicopathological characteristics, as shown in Table 1. None of the patients received immunotherapy or radiotherapy. The molecular biomarkers analyzed in this study were not used for treatment selection. Median follow-up time was 5 years for both the HDH cohort and the NGICG cohort.


 Table 1 Patient characteristics (%).





2.2 Tissue microarrays and immunohistochemistry

Immunohistochemistry (IHC) was performed on tissue microarrays (TMAs) containing tissue cores from primary tumors as well as adjacent normal colon mucosa when available. Cores, three from each case, were 1.0 mm in diameter and obtained from formalin-fixed and paraffin-embedded tissue. For all protocols, 2–5-µm tissue sections were sectioned from TMA blocks, deparaffinated, and rehydrated. After IHC staining, the slides were counterstained with hematoxylin, dehydrated, and mounted.

The CD8 IHC was performed on a Ventana BenchMark Ultra platform with target retrieval buffer CC1 (36 min) using the anti-CD8 mouse monoclonal antibody (Ab) clone C8/144B (Dako, P/N M7103) at 1:100 dilution with 32-min incubation time. The Ventana UltraView DAB Detection Kit (P/N 760-500, Roche Diagnostics, Indiana, USA) and Amplification Kit (P/N 760-080, Roche Diagnostics), were used. CD3 IHC was performed on a Ventana Discovery instrument with target retrieval buffer CC1, the extended HIER protocol and the anti-CD3 rabbit monoclonal Antibody from Roche Diagnostics GmbH (2GV6), 790-4341 (ready to use) with 60-min incubation time. The detection kit was Ventana Discovery UltraMap anti-Rb HRP (RUO, P/N 760-4315, Roche Diagnostics) in conjunction with Ventana Discovery ChromoMap DAB Kit (RUO, P/N 760-159, Roche Diagnostics). PD-L1 IHC was performed on a BenchMark Ultra platform with target retrieval using CC1 buffer for 64 min and the Ventana anti-PD-L1 rabbit monoclonal Ab, clone SP 263 (P/N 741-4905, Roche Diagnostics) with 16-min incubation time and Ventana OptiView DAB IHC Detection Kit (P/N 760-700, Roche Diagnostics). MMR and CDX2 IHC has been described previously (10).



2.3 Scoring of tissue microarrays


2.3.1 CD3 and CD8

The densities of CD3+ and CD8+ T lymphocytes were both assessed within the tumor margins (intraepithelial TILs) and stroma <100 μm from the tumor margin (stromal lymphocytes). In cases of intratumoral heterogeneity, the cylinder with the highest density of lymphocytes was included in the analysis. Two of the authors (MPM and KEH) scored the TMAs. The scores were semiquantitative and based on the density of positive T cells. We divided the intraepithelial lymphocytes into four groups based on the density of positive lymphocytes: 0 = no positive cells, 1= low, 2 = high, and 3 = very high density. For the stromal lymphocytes, we observed that most cases had a low density of lymphocytes, and few cases had a very high density. The score was therefore made from 0 to 100 to detect variations in the lower segment. For presentation in Kaplan–Meier plots, the stromal scores were divided into four groups based on score quartiles. A total TIL density score was computed for multivariate analyses. For the stromal scores and the intraepithelial scores to contribute equally to the combined score, the stromal scores were divided into four groups based on quartile scores and the given score 0–3. The sum of the intraepithelial CD3+ TILs (0–3), intraepithelial CD8+ TILs (0-3), stromal CD3+ TILs (0–3) and stromal CD8+ TILs (0–3) were used as the total TIL score (TIL density score, 0–12).



2.3.2 Programmed death ligand-1

PD-L1 expression was assessed by authors KEH and MPM as recommended by the Agilent Dako Interpretation Manual (originally made for NSCLCs). This scoring method is compatible with the tumor proportion score (14). PD-L1 expression was divided into three groups based on the percentage of PD-L1- positive tumor cells: <1%: no PD-L1 expression. 1%–49%: positive PD-L1 expression, ≥50%: highly positive PD-L1 expression. Positive staining was defined as partial or complete cell membrane staining of any intensity that was perceived distinct from cytoplasmic staining. Cytoplasmic staining was excluded from the scoring. Only viable tumor cells were scored. Immune cells, normal cells, and necrotic cells were excluded from the scoring. Staining in tumor-associated immune cells was recorded separately.



2.3.3 CDX2

Cases were regarded as CDX2 positive if >50% of tumor cells exhibited nuclear CDX2 staining (10).



2.3.4 Mismatch repair protein expression scoring

Negative MMR protein staining was defined as <5% positive tumor cells in the presence of positive staining in internal positive control cells in the same tissue core (normal colon epithelium or stromal cells). The MMR protein staining was nuclear. Cores with negative staining for both tumor cells and internal control cells generated a missing staining result. MMR-deficient cases (dMMR) were defined as cases with negative staining for MLH1 + PMS2, MSH2 + MSH6, MSH6 alone, or PMS2 alone. Cases with positive MMR protein staining were defined as MMR proficient (pMMR). We have validated the MMR protein staining in whole tissue sections (10).




2.4 Statistics

Disease-free survival (DFS) was defined as time from surgery until recurrence. Overall survival (OS) was defined as time from surgery until death of any cause. Two-sided p-values are reported and values <0.05 were considered statistically significant. P-values were not adjusted for multiple testing. Cox regression models were fitted using the enter method with the clinically relevant factors included in the analyses. The MMR phenotype-by-stage interaction was tested by adding a cross-product term of indicator variables for the MMR phenotype and stage to the Cox regression model. The assumption of proportional hazards was assessed by the inspection of log–log HR (hazard ratio) and HR of Cox regression models stratified on the categorical variables and Schoenfeld residuals (continuous variables). Differences in means was tested using the T test (for normally distributed variables) or Mann–Whitney U-test. Median follow-up time was calculated by the reverse Kaplan–Meier method. Statistical analyses were performed using IBM SPSS Statistics for Windows (v25.0)



2.5 Ethics

Study protocols were approved by The Regional Committee for Medical Research Ethics of Western Norway and the Data Inspectorate for National Registries (REK 1992-55.92, REK 15666). All patients signed informed consent.




3 Results


3.1 Patient characteristics

In total, 105 patients (19.3%) had dMMR tumors and 377 patients (69.3%) had pMMR tumors (Table 1). Insufficient staining results was seen in 62 patients (11.4%). There was a higher frequency of dMMR in stage II versus stage III (24.6% vs. 10.7%). PD-L1 positive staining in 1-49% of tumor cells was observed in 68 patients (12.5%) (Figure 1). Only six patients (1.1%) had ≥50% PD-L1-positive tumor cells; therefore, all patients with positive PD-L1 staining in ≥1% of tumor cells were defined as PD-L1 positive for further analyses. The densities of CD3+ and CD8+ intraepithelial and stromal TILs are described in Table 1.




Figure 1 | Examples of immunohistochemical staining. (A) PD-L1, negative staining in tumor cells. (B) PD-L1, positive staining in >1% but <50% of tumor cells. (C) PD-L1, positive staining in > 50% of tumor cells. (D) CD8 staining: stromal score in lowest quartile, TIL score 0. (E) CD3 staining, stromal score in second highest quartile, TIL score 1+. (F) CD3 staining, stromal score in highest quartile, TIL score 2+. (G) CD8 staining, TIL score 1+. (H) CD3 staining, TIL score 2+. (I) CD8 staining, TIL score 3 +.



Missing staining results were due to technical issues: insufficient staining in cells used as internal positive controls (MMR proteins), necrosis, tissue core detached from slide during staining, or few tumor cells available for scoring. Goodness-of-fit analyses have been made for all markers [Supplementary and (10)] and showed no statistically significant differences in the distribution of clinicopathological variables between the original study cohort and patients with valid staining results.

The number of examined lymph nodes and number of positive lymph nodes for stage III dMMR and pMMR tumors were assessed from pathology reports and were found not to be different in dMMR patients versus pMMR. For stage III patients in the HDH cohort, the mean number of examined lymph nodes was 15.92 (SD 3.4) for patients with dMMR versus 16.89 (SD 5.4) for patients with pMMR (p=0.53). The mean number of positive lymph nodes for stage III was 2.38 (SD 1.9) for dMMR tumors and 3.14 (SD 2.3) for patients with pMMR (p=0.23). The mean number of examined lymph nodes for stage III colon cancer in the NGICG cohort was 8.00 (SD 4.6) for patients with dMMR versus 9.73 (SD 6.8) for patients with pMMR (p=0.68),. The mean number of positive lymph nodes for stage III was 3.67 (SD 3.2) for dMMR tumors and 3.30 (SD 4.1) for patients with pMMR (p=0.48).



3.2 Mismatch repair proteins and prognosis

MMR deficiency was significantly associated with lower stage, CDX2 negativity, right-sided cancer, mucinous- or signet-ring histology, PD-L1 positivity, and a high density of CD3+ and CD8+ TILs, both stromal and intraepithelial (Table 2). When analyzing stage II and III together, there was no statistically significant difference in the mean DFS time between dMMR and pMMR patients (51.23 (95% CI 47.54-54.93) vs. 48.22 (95% CI 46.15-50.29) months, p=0.074) or mean OS (49.82 (95% CI 46.23-53.42) vs. 50.29 (95% CI 48.5-52.1), p=0.957). dMMR was a marker of improved mean DFS in stage II colon cancer when compared to pMMR (57.14 (95% CI 54.66-59.62) vs. 53.54 (95% CI 51.48-55.61 months), p=0.015), but no difference was observed for mean OS (53.95 (95%CI 50.71-57.19) vs. 54.12 (52.24-56.02), p=0.890) (Figure 2). In contrast, in stage III patients, the dMMR phenotype was a marker of poor mean DFS and OS compared to patients with pMMR [DFS: 28.76 (95% CI 18.46-39.05) vs. 40.91 (37.20-44.63), p=0.014], (OS: 34.27 (95% CI 24.74-43.80) vs. 45.07 (95% CI 41.94-48.21), p=0.018) (Figure 2). These data show that dMMR is a marker of poor prognosis in stage III colon cancer but a marker of improved prognosis in stage II.


Table 2 | Associations between MMR phenotype, PD-L1 expression, and other markers.






Figure 2 | Kaplan–Meier curves comparing disease-free survival (DFS) and overall survival between dMMR and pMMR cases for stage II and stage III colon cancer. P-values calculated by the log-rank test.





3.3 Effect of tumor-infiltrating lymphocytes

High intraepithelial CD3+ and CD8+ scores and high stromal CD3+ and CD8 + TIL scores were all individually significantly associated with a lower stage, CDX2 negativity, right-sided cancer, the dMMR phenotype, and PD-L1 positivity (Table 2 and Supplementary Table 1). In addition, there was a slightly higher median infiltration of stromal CD3+ TILs in patients aged 67 years or older compared to younger patients (median density 25.0 vs. 20.0, p =0.005, Supplementary Table 1). The association between TIL density and age was not observed for CD3+ intraepithelial TILs or CD8+ TILs. TILs scores were all strongly associated with each other (p <0.001 for all comparisons, Supplementary Table 1). For pMMR tumors, the total TIL density score was significantly lower in stage III, compared to stage II (Figure 3C). In contrast, dMMR tumors had a high total TIL score for both stage II and III. The total TIL score was associated with survival for pMMR tumors but not for dMMR tumors (Figures 3A, B). These data suggest that the prognostic difference between dMMR stage II vs. stage III tumors is not explained by a difference in the density of TILs.




Figure 3 | (A) Kaplan–Meier curves for DFS for different TIL density scores in pMMR tumors. P-values calculated by log rank test. (B) Kaplan–Meier curves for DFS for different TIL density scores in dMMR tumors. P-values calculated by the log-rank test (C) TIL density scores in dMMR tumor stage II versus III and pMMR tumors stage II versus III. P-values calculated by Mann–Whitney U-test.





3.4 Effect of programmed cell death ligand 1 expression

PD-L1 expression in ≥1% of tumor cells was associated with CDX2 negativity, right-sided cancer, dMMR, and a high infiltration of CD3+ and CD8+ intraepithelial and stromal TILs (Table 2). In Kaplan–Meier analysis with the log-rank test, PD-L1 expression did not significantly affect survival in stage II and III colon cancer analyzed together (PD-L1-positive: mean DFS 51.7 months (95% CI 47.4-55.9) vs. PD-L1-negative mean DFS 48.6 months (46.5-50.7), p=0.120) (Supplementary Figure) or in subgroup analyses.



3.5 Prognostic shift of deficient mismatch repair cancers in multivariate Cox regression model

Cox regression analysis models were made for both DFS and OS. The univariate Cox regression model for all variables assessed separately is found in the supplementary material (Supplementary Table 4). To determine whether the prognostic effect of MMR depends on the stage, our multivariate Cox regression models included a stage*MMR interaction term. In addition, they were run as split models layered by stage to assess the effect of MMR in stage II and stage III separately (Table 3). There were statistically significant interactions between the stage and the MMR phenotype [p<0.001 (DFS), p=0.010 (OS)], indicating that the prognostic impact of the MMR phenotype depends on the stage. The split models both show that in stage III patients, dMMR is a poor prognostic marker [DFS: HR 4.17 (95% CI 2.02-8.61), p<0.001, OS: HR 2.94 (95% CI 1.41-6.13), p=0.004]. In contrast, in stage II patients, there is a tendency toward an improved prognosis for patients with dMMR for DFS (HR 0.24 (95% CI 0.06-1.04) p=0.057) but not for OS (HR 0.80 (95% CI 0.37-1.73), p=0.571). As the indications for administering adjuvant chemotherapy and surgical methods changed between the time of including patients in the two different studies, we adjusted for these differences by adding the variable “cohort” in our model. Decreasing the density of TILs and low CDX2 expression were negative prognostic markers for DFS but not for OS. PD-L1 expression was not associated with prognosis. Our multivariate Cox regression models support that the prognostic impact of dMMR differs between stage II and III.


 Table 3 Split multivariate Cox regression analysis for disease-free survival and overall survival.






4 Discussion

Our study demonstrates that the prognostic effect of dMMR differs between colon cancer stage II and stage III. In this study, dMMR was a poor prognostic marker in colon cancer stage III, both for DFS and OS. In stage II, dMMR was a marker of improved prognosis for DFS but not for OS. This stage-dependent difference remains significant when adjusting for the influence of TIL density, PD-L1 expression, CDX2 expression, and administration of adjuvant chemotherapy.

The favorable prognosis associated with dMMR in stage II colon cancer is supported by several studies (15). According to current treatment guidelines, dMMR stage II colon cancer represents a low-risk group of patients who do not need adjuvant chemotherapy. Still, high-risk T4 stage II patients should be considered for adjuvant chemotherapy regardless of the MMR status because of their increased risk of relapse (5). In our study, dMMR in stage II was a marker of improved DFS but not OS. Stage II colon cancer patients have a good prognosis, and many patients are diagnosed at an older age. We therefore believe that DFS is a better reflection of the biology of dMMR stage II tumors than OS. Decreasing percentages of dMMR colon tumors are seen with advancing tumor stage (16). Still, there is increasing evidence that dMMR cancers that do progress to stage IV represent tumors with a more aggressive biology compared to pMMR cancers. For stage IV colorectal cancer, several studies including the consensus molecular subtypes (CMS) classification report that dMMR is a poor prognostic marker (3, 17, 18). Assessing the prognosis of dMMR stage III patients might help us understand at what point in the tumorigenesis that dMMR goes from a favorable to an unfavorable biomarker.

However, results from studies assessing the prognosis of stage III dMMR colon cancers are discrepant. Some report that the dMMR status conveys an improved prognosis in stage II and III analyzed together (19–22), and some report dMMR as a marker of improved prognosis in stage III specifically (1, 20, 21, 23). Other studies report that the prognostic impact of dMMR in localized colon cancer differs between stage II and stage III. In a retrospective single-center cohort consisting of 1,250 patients, Mohan et al. demonstrated a worse DFS for stage III patients with dMMR compared to stage III pMMR patients. In stage I and II, dMMR patients had an improved DFS. Their results indicate a prognostic switch in dMMR colon cancer in line with our findings (24). In other studies, there is a favorable prognostic impact of the dMMR phenotype in stage II but the prognostic effect of dMMR is less prominent or lost in stage III dMMR colon cancer. In a single-center consecutive population-based cohort, the dMMR status conveyed an improved outcome in stage II colorectal cancer but did not impact survival in stage III (25). Klingbiel et al. studied 1,254 patients from the PETACC trial. They found that the positive prognostic effect of dMMR was stronger for stage II patients than for stage III patients. In addition, they reported a statistically significant interaction between the stage and the MMR status (16). Cohen et al. proposed that the impact of dMMR on the prognosis of stage III patients depends on the extent of the lymph node metastasis. In the report by Cohen, dMMR was a positive prognostic factor in stage II patients. In stage III, dMMR was positive prognostic factor in N1 disease but not in N2. In fact, the N2 dMMR group had a worse survival than the N2 pMMR group the first two years after adjuvant treatment but similar long-term survival (26).

The improved prognosis of dMMR patients in stage II has been largely explained by a beneficial immune response. The density of tumor-infiltrating CD3+ and CD8+ lymphocytes has been recognized as a prognostic marker in colon cancer (5) and highly correlated with dMMR (27). In our study, TIL density was a strong prognostic marker in the pMMR subgroup. There was no significant difference in the density of TILs between stage II and III dMMR tumors. Other studies report that TIL density impacts the prognosis of both pMMR and dMMR CRC (28–30). Having a limited number of dMMR tumors with a low density of TILs, our series might be too small to assess the prognostic effect of TIL density in dMMR tumors separately.

The prognostic effect of PD-L1-expression in colon cancer is not fully established (31). Rosenbaum et al. demonstrated reduced cancer specific survival in dMMR patients with positive PD-L1 expression (9). Other studies report a better prognosis for patients with positive PD-L1 expression, especially in the pMMR subgroup (32). We were not able to demonstrate a prognostic impact of PD-L1 expression in any subgroups.

Limitations to this study mainly include the use of TMAs and the lack of a validation cohort. The use of TMA can produce inadequate results if the utilized marker is heterogeneously expressed. The density of TILs is considered a robust marker (8). Although the immunoscore was originally developed for assessment in whole tissue sections, strong correlations between the density of TILs observed in TMAs versus whole tissue sections has been reported in several studies, supporting the use of TMAs to evaluate TIL densities (7, 33, 34). PD-L1 can be heterogeneously expressed, and it was assessed in TMAs only in our study. Still, by setting a low threshold for PD-L1-positive cases (1% positive tumor cells), we believe that we have detected the cases with clinically relevant PD-L1-expression. In this study, the MMR phenotype was assessed by immunohistochemistry, using an MMR panel with four proteins to increase sensitivity (35). This method has a high sensitivity for the detection of dMMR and high concordance with results from PCR-based MSI testing (36). Although MMR proteins are considered to be homogenously expressed with either complete positive or complete negative staining of tumor cells, heterogenous immunohistochemical staining patterns have been reported (37). We therefore validated our MMR protein immunohistochemistry in whole tissue sections in our previous study (10).

The number of published articles specifically evaluating the prognosis of stage III dMMR colon cancer is low. Therefore, it is our opinion that this study adds important information about prognostication in this group of patients. In previous literature on this subject, the prognosis of localized colon cancer is often assessed in stage II and III as one group. However, the present study shows that the prognostic impact of dMMR depends on the stage. Our study would benefit from an external validation, and we hope that future studies will further assess this issue. Having a limited number of patients did not allow for subgroup analysis to assess how the prognostic effect of dMMR affects stage III patients with N1 disease versus patients with N2 disease as discussed in the article by Cohen et al. As there was no significant difference between the number of lymph nodes examined or the number of positive lymph nodes between patients with dMMR and patients with pMMR in our cohort, we do not think that the difference in prognosis between dMMR and pMMR in stage III can be explained by a difference in the severity of lymph node metastasis. We have not performed investigations allowing for separating Lynch syndrome from sporadic dMMR. The cohorts in this study represent different time periods. The patients have received different adjuvant chemotherapy regimens and may have been subjected to different surgical regimes, as reflected in the low number of examined lymph nodes in the NGICG cohort. The distribution of other clinicopathological variables is similar between the two cohorts. We have adjusted statistically for the difference between cohorts by including the variable “cohort” in our multivariate Cox regression models.

The reason for the prognostic shift of dMMR colon cancer during tumor progression needs to be studied further. Tumorigenesis, including dMMR colon cancer, are driven by both genetic and epigenetic changes in the colonic epithelium and interactions with the tumor microenvironment. dMMR colon tumors are hypermutated and associated with features that, in isolation, make a poor prognosis. We propose that the prognosis of dMMR tumors depends on the balance between the influence of favorable tumor–host interactions and unfavorable genetic and epigenetic alterations. When the favorable interaction between tumor and the microenvironment is revoked or decreased, the unfavorable influence of poor prognostic markers associated with dMMR tumors will dominate the diagnosis.

This is illustrated in our recently published study, where we describe the interplay between the MMR status, tumor grade, and expression of cell maturation marker CDX2 (caudal type homeobox 2). The loss of CDX2 expression and low tumor grade in isolation are regarded as poor prognostic features. We show that there is a large overlap between dMMR and the loss of CDX2 expression and between dMMR and a high tumor grade. Still, the poor prognostic effect of these markers is restricted to the pMMR group (10). Our current study advances our previous findings by assessing the prognosis of dMMR stage II versus stage III while adjusting for the prognostic impact of the most established immune markers. To our knowledge, this is the first study to show that the prognostic impact of dMMR differs between stage II and III colon cancer also when adjusting for the impact of TIL density and PD-L1 expression.

Treatment with anti-PD-1/PD-L1 antibodies yield large tumor responses in metastatic dMMR colon cancer (38). More recently, the striking effects of neoadjuvant immunotherapy have been demonstrated for early-stage dMMR colon cancer (39–41). There are several ongoing studies on the effects of adjuvant (chemo)immunotherapy in early-stage colon cancer (42). As treatment with immunotherapy is expensive and associated with side effects (43), the expected prognostic outcome in dMMR colon cancer needs to be established before treatment guidelines can be proposed. We believe that the clinical picture for dMMR stage III tumors is far more complex than for dMMR stage II. More comprehensive prospective studies are needed to corroborate the results in our study. Still, this study supports further analyses of the effect of adjuvant immunotherapy in this group of patients.

This article describes the prognostic shift in dMMR colon cancer. We conclude that despite being a marker of improved prognosis in stage II, dMMR is not associated with a favorable prognosis in stage III colon cancer.
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Variables

Tumor location

Left colon

Right colon

Rectum

Unknown
Tumor size

0-10 mm

11-20 mm

21-30 mm

31-40 mm

41-50 mm

50+ mm

Unknown

Histology
Adenocarcinoma
Mucinous carcinoma
Unknown/other
Degree of differentiation
Well differentiated
Moderately differentiated
Poorly differentiated
Undifferentiated
Unknown
T stage

Tx/Unknown

N stage

NO

N1

N2

Nx

Radiation performed
No

Yes

Chemotherapy performed
No

Yes

CEA pretreatment
CEA negative/normal
CEA positive/elevated
Borderline

Unknown

Univariate Analysis

OR (95% Cl)

Reference
0.821 (0.670-1.004)
0.489 (0.387-0.618)
2.164 (1.227-3.818)

Reference
1.697 (0.535-5.379)
2.485 (0.859-7.188)
2752 (0.965-7.851)

3.590 (1.266-10.181)
3.118 (1.109-8.768)
3.917 (1.332-11.521)

Reference
0.996 (0.727-1.365)
1.971 (1.312-2.959)

Reference
1.677 (1.024-2.748)
2.942 (1.750-4.947)
3.663 (1.976-6.790)
2.387 (1.323-4.307)

Reference
0.793 (0.292-2.152)
1,648 (0.746-3.640)
5.632 (2.536-12.510)
14.086 (4.657-42.607)

Reference
2.883 (2.209-3.763)
5.934 (4.540-7.755)

Reference
0.436 (0.351-0.542)

Reference
2.916 (2.211-3.844)

Reference
4.392 (3.515-5.488)
1.467 (0.170-12.646)
1.867 (1.472-2.370)

<0.001

0.055
<0.001
0.008
0.008

0.369
0.093
0.058
0.016
0.031
0.013
0.005

0.980
0.001
<0.001

0.040
<0.001
<0.001

0.004
<0.001

0.648
0.217
<0.001
<0.001
<0.001

<0.001
<0.001

0.999
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
0.728
<0.001

Multivariate Analysis

OR (95% Cl)

Reference

Reference
3.599 (0.858-15.086)
3.305 (0.859-12.719)
3.440 (0.903-13.109)
4.267 (1.128-16.135)
3.099 (0.825-11.637)
4.977 (1.279-19.365)

Reference

Reference
1.827 (0.772-2.282)
1.688 (0.952-2.992)
2.030 (1.025-4.023)
2.160 (1.104-4.228)

Reference
1.274 (0.404-4.015)
2.820 (1.064-7.472)
7.111 (2.667-18.962)

20.955 (5.51-79.698)

2.641 (1.967-3.545)
3.970 (2.948-5.345)

Reference
0.342 (0.265-0.440)

Reference
2.250 (1.643-3.081)

4,027 (3.160-5.131)
1.246 (0.118-13.150)
1.677 (1.295-2.172)

0.364

0.207
0.917
0.162
0.049

0.080
0.082
0.070
0.033
0.094
0.021
0.253

0.155
0.329
0.020

0.306
0.073
0.042
0.025
<0.001

0.679
0.037
<0.001
<0.001

<0.001
<0.001

0.998
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
0.855
<0.001
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Clinicopathological variables

Degree of differentiation
Well differentiated
Moderately differentiated
Poorly differentiated
Undifferentiated
Unknown

Tumor size

0-10 mm

11-20 mm

21-30 mm

31-40 mm

41-50 mm

50+ mm

Unknown

T stage

Tx/Unknown

N stage

NO

N1

N2

Nx

Radiotherapy performed
No

Yes

Chemotherapy performed
No

Yes

CEA pretreatment
Borderline

Positive

Negative

Unknown

Nomogram score of distant metastasis

oo s N O

100
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Variables

Age

20-29

30-39

40-49
Gender

Female

Male

Race

White

Black

Other

Unknown
Marriage

Single

Married
Unknown
Tumor location
Left colon

Right colon
Rectum
Unknown
Tumor size

0-10 mm

1120 mm
21-30 mm
31-40 mm
41-50 mm

50+ mm
Unknown
Histology
Adenocarcinoma
Mucinous carcinoma
Unknown/other
Degree of differentiation
Well differentiated
Moderately differentiated
Poorly differentiated
Undifferentiated
Unknown
T stage

T

T3

Radiation performed
No

Yes

Chemotherapy performed
No

Yes

CEA pretreatment
CEA negative/normal
CEA positive/elevated
Borderline

Unknown

Distant metastasis
No

Yes

Follow-up time

Early Stage (N = 1,277)

62 (4.9)
260 (20.4)
955 (74.8)

633 (49.6)
644 (50.4)

874 (68.4)
203 (15.9)
174 (13.6)

26(2.0)

453 (35.5)
707 (55.4)
117 (92)

481 (37.7)

202 (15.8)

584 (45.7)
10(0.8)

427 (33.4)
162 (12.7)
149 (11.7)
118(9.2)
84(6.6)
74 (5.8)
263 (20.6)

950 (74.4)
26 (2.0)
301 (23.6)

258 (20.2)
724 (56.7)
69 (5.4)
8(0.6)
218(17.1)

886 (69.4)
391 (30.6)
0(00)
0(0.0)
0(00)

1,277 (100.0)
0(0.0)
0(00)
0(0.0)

1,186 (92.9)
91 (7.1)

1,160 (90.8)
117 92)

380 (29.8)
61(4.8)
1(0.1)

835 (65.4)

1,252 (98.0)
25(2.0)
67 (48-87)

Advanced Stage (N = 4,307)

199 (4.6)
902 (20.9)
3,206 (74.4)

1,968 (45.7)
2,339 (54.3)

3,074 (71.4)
617 (14.3)
590 (13.7)

26 (0.6)

1,660 (38.5)
2,466 (57.9)
181 (4.2)

1,911 (44.4)
1,205 (28.0)
1,122 (26.1)

69 (1.6)

63 (1.5)
180 (4.2)
451 (10.5)
731 (17.0)
844 (19.6)
1,779 (41.3)
259 (6.0)

3,814 (88.6)
344 (8.0)
149 (3.5)

222 (5.2)
2,973 (69.0)
711 (16.5)
156 (3.6)
245 (5.7)

1,226 (28.5)
9(0.2)

3,062 (71.1)
1,245 (28.9)

862 (20.0)
3,445 (80.0)

1,632 (37.9)
1,309 (30.4)
9(02)
1,357 (31.5)

3,336 (77.5)
971 (22.5)
53 (37-79)

0.864

0.015

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001°

<0.001°

<0.001

<0.001

<0.001°

<0.001

<0.001

Early stage: pT1-2N0; advanced stage: other stages except pT1-2NO.

ANumber: adopting Fisher’s exact test.
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Variables

Age

20-29

30-39

40-49

Gender

Female

Male

Race

White

Black

Other

Unknown
Marriage

Single

Married

Unknown

Tumor location
Left colon

Right colon
Rectum

Unknown

Tumor size

0-10 mm

11-20 mm

21-30 mm

31-40 mm

41-50 mm

50+ mm

Unknown
Histology
Adenocarcinoma
Mucinous carcinoma
Unknown/other
Degree of differentiation
Well differentiated
Moderately differentiated
Poorly differentiated
Undifferentiated
Unknown
T stage

Tx/Unknown

N stage

NO

N1

N2

Nx

Radiation performed
No

Yes

Chemotherapy performed
No

Yes
CEA pretreatment
CEA negative/normal
CEA positive/elevated
Borderline

Unknown

Distant metastasis
No

Yes

Follow-up time

ANlumber: adopting Fisher's exact test.

Training Set (N = 3,015)

135 (4.5)
637 (21.1)
2,43 (74.4)

1,360 (45.1)
1,656 (54.9)

2,143 (71.1)
435 (14.4)
419 (13.9)

18(0.6)

1,152 (38.2)
1,736 (57.6)
127 (4.2)

1,337 (44.3)
855 (28.4)
772 (25.6)

51(1.7)

46 (1.5)
115 (3.8)
324 (10.7)
496 (16.5)
577 (19.1)
1,284 (42.6)
173 (5.7)

2,660 (88.2)
248 (8.2)
107 (3.5)

146 (4.8)
2,104 (69.8)
481 (16.0)
113 (3.7)
171 (5.7)

65(22)
126 (4.2)
2,068 (68.6)
729 (24.2)
27 (0.9)

907 (30.1)
1,229 (40.8)
872 (28.9)
702

2,142 (71.0)
873 (29.0)

605 (20.1)
2,410 (79.9)

1,150 (38.1)
913 (30.9)
6(0.2)
946 (31.4)

2,342 (77.7)
673 (22.3)
53 (37-79)

Testing Set (N = 1,292)

64 (5.0)
265 (20.5)
963 (74.5)

608 (47.1)
684 (52.9)

931 (72.1)

182 (14.1)

171 (18.2)
8(0.6)

508 (39.3)
730 (56.5)
54 (4.2)

574 (44.4)

350 (27.1)

350 (27.1)
18 (1.4)

17 (1.3)
65 (5.0)
127 9.8)

235 (18.2)

267 (20.7)

495 (38.3)
86 (6.7)

1,154 (89.9)
96 (7.4)
4233

N
@

374 (28.9)

562 (43.5)

354 (27.4)
202

920 (71.2)
372 (28.8)

257 (19.9)
1,035 (80.1)

482 (37.3)
396 (30.7)
3(0.2)
411(31.8)

994 (76.9)
208 (23.1)
54 (37-79)

0.737

0.239

0.921

0.789

0617

0.059

0.586

0.282

0.077

0.405°

0914

0.896

0.934°

0.593

0.900
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Variables

Age

20-29

30-39

40-49

Gender

Female

Male

Race

White

Black

Other

Unknown

Marriage

Single

Married

Unknown

Tumor location

Left colon

Right colon

Rectum

Unknown

Tumor size

0-10 mm

11-20 mm

21-30 mm

31-40 mm

41-50 mm

50+ mm

Unknown

Histology
Adenocarcinoma
Mucinous carcinoma
Unknown/other
Degree of differentiation
Well differentiated
Moderately differentiated
Poorly differentiated
Undifferentiated
Unknown
T stage

™

T2
CEA pretreatment
CEA negative/normal
CEA positive/elevated
Borderline

Unknown

MO, distant metastasis; M1, no distant metastasis.
ANumber: adopting Fisher’s exact test.

M1 (N = 25)

0(0.0)
8(32.0)
17 (68.0)

9(36.0)
16 (64.0)

15 (60.0)
7(28.0)
3(12.0)
0(0.0)

11 (44.0)
13 (52.0)
14.0)

10 (40.0)
7(28.0)
8(32.0)
0(0.0)

2(80)
4(16.0)
4(16.0)
6(24.0)

14.0)
2(8.0)
6(24.0)

22 (88.0)

3(12.0)
12 (48.0)
0(0.0)
10 (40.0)

Early Stage

MO (N = 1,252)

62(5.0)
252 (20.1)
938 (74.9)

624 (49.8)
628 (50.2)

859 (68.6)
196 (16.7)
171 (18.7)

26(2.1)

442 (35.3)
694 (55.4)
116 (9.3)

425 (33.9)
158 (12.6)
145 (11.6)
112(8.9)
83(6.6)
72(65.8)
257 (20.5)

928 (74.1)
26(2.1)
298 (23.8)

256 (20.4)
709 (56.6)
67 (5.4)
8(06)
212 (16.9)

871 (69.6)
381 (30.4)

377 (30.1)
49 (3.9)
1(0.1)

825 (65.9)

0.251%

0171

0.4172

0.558%

0.291%

0.022%

0.334%

0.400%

0.304

<0.001°
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Variables

Age

20-29

30-39

40-49
Gender

Female

Male

Race

White

Black

Other

Unknown
Marriage

Single

Married

Unknown
Tumor location
Left colon

Right colon
Rectum

Unknown
Tumor size

0-10 mm

11-20 mm

21-30 mm

31-40 mm

41-50 mm

50+ mm

Unknown
Histology
Adenocarcinoma
Mucinous carcinoma
Unknown/other
Degree of differentiation
Well differentiated
Moderately differentiated
Poorly differentiated
Undifferentiated
Unknown
T stage

Tx/Unknown

N stage

NO

N1

N2

Nx

Radiation performed
No

Yes

Chemotherapy performed
No

Yes

CEA pretreatment
CEA negative/normal
CEA positive/elevated
Borderline

Unknown

MO, distant metastasis; M1, no distant metastasis.

ANlumber: adopting Fisher’s exact test.

M1 (N = 673)

29 (4.3
140 (20.8)
504 (74.9)

305 (45.3)
368 (54.7)

473 (703)

114 (169)

84 (12.5)
2(0.3)

269 (40.0)
375 (85.7)
29 (4.3)

347 (51.6)

191 (28.4)

113 (16.8)
22(33)

4(06)
16 (2.4)
62(92)

103 (15.3)

147 (21.8)

294 (43.7)
47 (7.0)

581 (86.3)
54 (8.0)
38(5.6)

1928
422 (62.7)
147 (21.8)

40 (5.9)

45 (6.7)

7(1.0)
1(1.6)

343 (51.0)

295 (43.8)
17 (2.5)

80 (11.9)
268 (39.8)
318 (47.3)

7(10)

557 (82.8)
116 (17.2)

63 (9.4)
610 (90.6)

138 (20.5)
342 (50.8)
1(0.1)
192 (285)

Advanced Stage

MO (N = 2,342)

106 (4.5)
497 (21.2)
1,739 (74.3)

1,085 (45.0)
1,287 (65.0)

1,670 (71.3)
321 (13.7)
335 (14.3)

16 (0.7)

883 (37.7)
1,361 (68.1)
98 (4.2)

990 (42.3)

664 (28.4)

659 (28.1)
29 (1.2)

42(18)
99 (4.2)
262 (11.2)
393 (16.8)
430 (18.4)
990 (42.3)
126 (5.4)

2,079 (88.8)
194 (8.3)
69 (2.9)

127 (5.4)
1,682 (71.8)
334 (14.3)
73 (3.1)
126 (5.4)

58 (2.5)
115 (4.9)
1,725 (73.7)
434 (18.5)
10 (0.4)

827 (35.3)

961 (41.0)

554 (23.7)
0(0.0)

1,585 (67.7)
757 (32.3)

542 (23.1)
1,800 (76.9)

1,012 (43.2)
571 (24.4)
5(0.2)
754 (32.2)

0.939

0.900

0.106"

0.537

<0.001

0.006

0.004

<0.001

<0.001

<0.001°

<0.001

<0.001

<0.0012
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Variables

Age

20-29

30-39

40-49

Gender

Female

Male

Race

White

Black

Other

Unknown
Marriage

Single

Married

Unknown

Tumor location
Left colon

Right colon
Rectum

Unknown
Tumor size

0-10 mm

1120 mm

21-30 mm

31-40 mm

41-50 mm

50+ mm

Unknown
Histology
Adenocarcinoma
Mucinous carcinoma
Unknown/other
Degree of differentiation
Well differentiated
Moderately differentiated
Poorly differentiated
Undifferentiated
Unknown
T stage

Tx/unknown

N stage

NO

N1

N2

Nx

Radiation performed
No

Yes

Chemotherapy performed
No

Yes

CEA pretreatment
CEA negative/normal
CEA positive/elevated
Borderline

Unknown

ALL
M1 (N = 996) MO (N = 4,588)
41(4.1) 220 (4.8)
204 (20.5) 958 (20.9)
751 (75.4) 3,410 (74.3)
466 (46.8) 2,135 (46.5)
530 (53.2) 2,453 (53.5)
715(71.8) 3,233 (70.5)
160 (16.1) 660 (14.4)
116 (11.6) 648 (14.1)
5(0.5) 47 (1.0)
398 (40.0) 1,715 (37.4)
554 (55.6) 2,619 (57.1)
44 (4.9) 254 (5.5)
507 (50.9) 1,885 (41.1)
285 (28.6) 1,122 (24.5)
173(17.4) 1,533 (33.4)
313.1) 48(1.0)
70.7) 483 (10.5)
34(3.4) 308 (6.7)
95 (9.5) 505 (11.0)
164 (16.5) 685 (14.9)
206 (20.7) 722 (15.7)
412 (41.4) 1,441 (31.4)
78(7.8) 444.9.7)
862 (86.5) 3,902 (85.0)
76 (7.6) 294 (6.4)
58 (5.8) 392 (8.5)
36 (3.6) 444.9.7)
600 (60.2) 3,097 (67.5)
229 (23.0) 551 (12.0)
57 (5.7) 107 (2.3)
74 (7.4) 389 (8.5)
313.1) 963 (21.0)
27 2.7) 550 (12.0)
479 (48.1) 2,437 (53.1)
429 (43.1) 624 (13.6)
30(3.0) 14(0.3)
143 (14.4) 2,415 (52.6)
402 (40.4) 1,389 (30.3)
442 (44.4) 784 (17.1)
9(0.9) 0(0.0)
826 (82.9) 3,422 (74.6)
170 (17.1) 1,166 (25.4)
88 (8.8) 1,934 (42.2)
908 (91.2) 2,654 (57.8)
198 (19.9) 1,814 (39.5)
513 (51.5) 857 (18.7)
4(0.4) 6(0.1)
281(28.2) 1,911 (41.7)

0.608

0.885

0.049

0.160

<0.001

<0.001

0.008

<0.001

<0.001

<0.001*

<0.001

<0.001

<0.001*

Distant metastatic site

Liver (N = 677)

25(3.7)
127 (18.8)
525 (77.5)

309 (45.6)
368 (54.4)

479 (70.8)
120 (17.7)
76 (11.2)
2(03)

254 (37.5)
394 (68.2)
29 (4.3)

356 (52.6)

188 (27.8)

114 (16.8)
19(2.8)

6(0.9
25 (3.7)
65 (9.6)

116 (17.1)

149 (22.0)

271 (40.0)
45 (6.6)

617 (91.1)
31 (4.6)
29 (4.3)

253.7)
440 (65.0)
136 (20.1)

33 (4.9

43 (6.4)

24 (3.5)
25 (3.7)
360 (53.2)
245 (36.2)
23 (3.4)

97 (14.3)

277 (40.9)

297 (43.7)
6(0.9)

572 (84.5)
105 (15.5)

61(9.0)
616 (91.0)

113 (16.7)
381 (66.3)
1(0.1)
182 (26.9)

SEER, Surveillance, Epidemiology, and End Results database; MO, distant metastasis; M1, no distant metastasis.
ANlumber: adopting Fisher’s exact test.

Lung (N = 146)

3(2.1)
28(19.2)
115 (78.8)

73 (50.0)
73 (50.0)

98 (67.1)

27 (18.5)

20 (18.7)
10.7)

57 (39.0)
83 (56.8)
6 (4.1)

68 (46.6)

32 (21.9)

40 (27.4)
6 (4.1)

0(0.0)
2(1.4)
19 (13.0)
21 (14.4)
30 (20.5)
60 (41.1)
14 (9.6)

140 (95.9)
47
2(1.4)

5(3.4)

94 (64.4)
24 (16.4)
12 (8.2)
11(7.5)

1(07)
3(2.1)
76 (52.1)
59 (40.4)
7(4.8)

28 (19.2)

63 (43.2)

53 (36.3)
2(1.4)

110 (75.3)
36 (24.7)

17 (11.6)
129 (88.4)

23 (15.8)
82 (56.2)
0(0.0)
41 (28.1)

Bone (N = 23)

9(39.1)
14 (60.9)

16 (69.6)
14.3

6(26.1)
0(0.0)

9(31.9
13 (66.5)
14.3

1(47.8)
287)
8(34.8)
2(87)

14.3
14.3
2(87)
287

4(17.7)

7(30.4)

6(26.1)

20 (87.0)
14.3
2(87)

4(17.4)
147.8)
0(0.0)

8(34.8)

Brain (N = 6)

0(0.0)
1(16.7)
5(83.3)
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Sex

Male

Female

MMR phenotype®
dMMR

pPMMR

PD-L1”

Negative (<1%)
Positive 1-49%
Positive >50%

Intraepithelial CD3/CD8
T-cell density score®

0 (no positive cells)
1 (low)

2 (high)

3 (very high)

Stromal CD3/CD8 T-cell density score (mean/
SD)

Tumor grade?
Low tumor grade
High tumor grade
Stage

UJCC stage I
UJCC stage IIT
Chemotherapy®
Adjuvant chemo.
No chemotherapy

Mean age (range)

Number of patients
(%)

274 (50.4%)
270 (49.6%)

105 (19.3%)
377 (69.3%)

361 (66.4%)
68 (12.5%)
6 (1.1%)

78 (14.3%)/116 (21.3%)
138 (25.4%)/112 (20.6%)
129 (23.7%)/117 (21.5%)
125 (23.0%)/107 (19.7%)
24.5 (16.4)/7.3 (8.0)

430 (79.0%)
107 (19.7%)

338 (62.1%)
206 (37.9%)

189 (34.7%)
354 (65.1%)
67.5 (28.0-93.0)

a: Mismatch repair (MMR): Data missing from 62 patients (11.4%). b: Programmed cell
death ligand-1 (PD-L1): Results missing from 109 patients (20.0%). c: Tumor-infiltrating
lymphocytes (TILs): Results missing from 74 (14%)/92 (17%) patients. d: Grade: Data
missing from 7 patients (1.3%). e: Chemotherapy: Data missing from 1 patient.
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Variable

Gender

Age median =54

ECOG PS

Tumor location
Histological differentiation
Kras status

Number of metastatic organs
Liver metastasis

Lung metastasis

Prior surgery

Prior Bevacizumab

Male vs Female
<54 vs >=54
0-1vs >=2
Left vs Right
Poorly vs Moderately vs Well
Wild vs Mutant
<=2 Vs >2

Yes vs No

Yes vs No

Yes vs No

Yes vs No

Univariate analysis

HR

0561 (0.253 - 1.244)
1.086 (0.521 - 2.267)
0643 (0271 - 1.527)
0.955 (0432 - 2.112)
0.891 (0279 - 2.845)
0.815(0.351 - 1.893)
0.710(0.329 - 1.533)
0.633 (0.240 - 1.671)
1.297 (0.602 - 2.795)
2.030 (0.862 - 4.777)
0.770(0.178 - 3.323)

0.155
0.825
0.317
0.910
0.846
0.635
0.384
0.356
0.507
0.105
0.726

Multivariate analysis
HR

0525 (0.137 - 2.017
1.045 (0.419 - 2.606)
0.271(0.090 - 0.811
2.123(0.688 - 6.549
0.330 (0.075 - 1.452
1.934 (0.546 - 6.844)
0.384 (0.129 - 1.140)
0.445 (0118 - 1.673)
1.435 (0.468 - 4.404)
3.699 (1.021 - 13.401)
0.983(0.169 - 5.737)

0.348
0.924
0.020
0.190
0.143
0.307
0.085
0.231
0.528
0.046
0.985
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Variable

Gender

Age median =54

ECOG PS

Tumor location
Histological differentiation
Kras status

Number of metastatic organs
Liver metastasis

Lung metastasis

Prior surgery

Prior Bevacizumab

Male vs Female
<54 vs >=54
0-1vs >=2
Left vs Right
Poorly vs Moderately vs Well
Wild vs Mutant
<=2 vs >2

Yes vs No

Yes vs No

Yes vs No

Yes vs No

Univariate analysis

HR

0.794 (0.415 - 1.519)
0.846 (0.456 - 1.570)
1.214 (0.605 - 2.437)
1.024 (0.517 - 2.027)
1.938 (0.455 - 8.260)
1.390 (0.746 - 2.589)
0.891 (0.479 - 1.656)
0.546 (0.250 - 1.191)
0.936 (0.505 - 1.737)
1.324 (0.660 - 2.656)
0.827 (0.321 - 2.129)

0.486
0.596
0.586
0.946
0.371
0.300
0.715
0.128
0.835
0.429
0.694

Multivariate analysis
HR

0.837 (0.304 - 2.309)
0.772 (0.322 - 1.850)
1.023 (0.413 - 2.535)
1.448 (0.607 - 3.454)
1.370 (0.348 - 5.391)
2,524 (0.918 - 6.942)
0.835 (0.383 - 1.819)
0.494 (0.194 - 1.255)
1.427 (0.571 - 3.568)
1.866 (0.691 - 5.044)
1.851 (0.538 - 6.366)

0.731
0.562
0.960
0.404
0.653
0.073
0.649
0.138
0.446
0.219
0.329
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Outcome N =45
ORR (CR+PR),% 11.1%
DCR (CR+PR+SD), % 62.2%
DOR, median 3.4m
PFS, median (95% Cl) 3.8m (2.8 -4.8)
OS, median (95% Cl) 14.9m(7.6 - 21.7)
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n ADC (10°mm?/s) D (10°mm?/s) D* (10°mm?/s) (%)

positive 39 0.91(0.15) 0.67 (0.35) 135 (27.62) 36.86 + 16.01
negative 57 0.78(0.27) 053 (0.23) 5.33 (4.43) 37.34 £ 16.07
@) -2.436 -2.163 -3.831 -0.141
P 0015 0.031 0 0612

The f values of two groups were normal distribution and analyzed by independent sample t test, P < 0.05 was statistically significant, and t was the non-parametric rank sum-test. The ADC,
D and D* values of the two groups diid not conform to normal distribution and were analyzed by non-parametric test (Mann-Whitney U rank-sum test). P < 0.05 was statistically significant,
and Z was the statistic obtained by non-parametric rank-sum test.

ADC, apparent diffusion coefficient: D, pure diffusion coefficient; D*, pseudodiffusion coefficient; f, perfusion fraction.
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n

Histogram Energy

Mean Deviation

uniformity Correlation_AllDirection_offset4 SD GLCMEntropy AllDirection_offset4 SD GLCMEntropy_ AllDirection_offset7_SD

positve 39
negative 57

Z
P

0.0114193(0.00283)

00105037
(0.00221722)
2719
0007

-0.00000000163
(0.000000369)
0.000000094(0.0000004)

-2.081
0.037

0.838177(0.0444) 0.0000000136(0.000000022)
0819747 0.00000001(0)
(0.0365765)
2533 2779
0.011 0.005

0.0066762(0.01291) 0.030205(0.06736)
0.00427244(0.0072046) 0.0175849(0.0281982)
2719 -3.174
0.007 0.002

Alltexture parameters in the two groups did not conform to normal distribution, and non-parametric test (Mann-Whitney U rank-sum test) was used for analysis. Median(quartie) was expressed, P <0.05 was statistically significant, and Z was
the statistic obtained by non-parametric rank-sum test.
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parameters AUC(95% ci) Sensitivity(%) Specificity(%) Yoden index
ADC(10°mm?/s) 0.649(0.545~0.743) 70.18 66.67 0.3684
D(10mm?/s) 0.634(0.529~0.730) 73.68 58.97 0.3266
D*(10°mm?s) 0.731(0.631~0.816) 87.72 56.41 0.4413
histogramEnergy 0.664(0.560~0.757) 66.67 66.67 0.3333
MeanDeviation 0.626(0.521~0.722) 40.35 87.18 0.2753
Uniformity 0.653(0.549~0.747) 63.16 64.10 0.2726
Correlation_AllDirection_offset4_SD 0.674(0.571~0.766) 52.63 79.49 0.3212
GLCMEntropy_AlDirection_offset4_SD 0.664(0.560~0.757) 52.63 79.36 0.2699
GLCMEntropy_AlDirection_offset7_SD 0.691(0.589~0.782) 96.49 35.90 0.3239
0.821(0.730~0.892) 92.98 61.54 0.5452

D* combined with TA
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Patients confirmed as colorectal cancer between 2010 to 2015 (N=72019)

Patients without 7th AJCC stage or diagnosed

as Tis stace (N=641)

Confirmed as “autopsy only” or “death

certificate only” (N=4) Patients aged 20-49 years old were selected
=8360
Exclude (N )

Patients with 2 or more primary tumors
(N=575)

Patients with appendiceal tumors or

gastrointestinal stromal tumors (N=598)

Patients with incomplete distant metastasis
information (N=102)
Patients without surgery performed (N=856)
Colorectal cancer adults<<50 years old diagnosed in 2010-2015 (N=5584)

L1saaAmun) ueynag jo jeyidsoy ueusuoyz

Early stage (N=1277) Advanced stage (N=4307)

Training set (N=3015) Testing set (N=1292) Validation set (N=145)
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Base mean log2FoldC hange IfcSE stat pvalue padj Threshold (right vs. left)
CA9 1883.0967 0.87991 0.197256 4.46076 8.17E-06 0.000211 up
IFNG 12.450558 0.784518 0.176403 4.447315 8.70E-06 0.000222 up
NOS2 2272.772 0.928535 0.167954 55628518 3.23E-08 2.20E-06 up
MUC1 6059.4166 0.660524 0.13606 4.854639 1.21E-06 4.34E-05 up
MIOX 14.783479 1.346227 0.193265 6.965715 3.27E-12 8.67E-10 up
ALOXE3 11.431155 0.898554 0.178943 5.021467 5.13E-07 2.17E-05 up
DPP4 1430.9574 0.657883 0.137316 4.791011 1.66E-06 5.62E-05 up
OC185-TXND 3.106773 0.530071 0.162195 3.268106 0.001083 0.009689 up
DRD5 10.093523 1.900199 0.335701 5.660392 1.51E-08 1.20E-06 up
ALB 19.744024 -1.22273 0.33147 -3.6888 0.000225 0.002889 down
PLIN4 169.04116 -0.56343 0.205693 -2.73915 0.00616 0.035176 down
PRKAA2 69.944021 -1.11148 0.208614 -5.32794 9.93E-08 5.55E-06 down
BNIP3 520.14065 -0.52306 0.135256 -3.86719 0.00011 0.00165 down
MT3 53.456813 -1.27938 0.213792 -5.98422 2.17E-09 2.30E-07 down
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Item Aloxe3 Nos2

n  High expression(%) Low expression(%)  x? P High expression(%) Low expression(%) ¥ P
Age (years) 0.067 0.796 1.151  0.283
>60 97 71(73.2) 26 (26.8) 63 (64.9) 34 (35.1)
<60 45 32 (71.1) 13 (28.9) 25 (55.6) 20 (44.4)
Gender 0.082 0.775 0.054 0.816
Male 81 58 (71.6) 23 (28.4) 52 (64.2) 29 (35.8)
Female 61 45 (73.8) 16 (26.2) 38 (62.3) 23 (37.7)
Tumor location 9.484 0.002 0.365 0.546
Right 73 57 (78.1) 16 (21.9) 48 (65.8) 25 (34.2)
Left 69 37 (53.6) 32 (46.4) 42 (80.9) 27 (39.1)
Differentiation status 0.332 0.564 0.067 0.795
Low differentiation 49 20 (80.0) 12 (24.5) 30 (61.2) 19 (38.8)
Moderate and high diferentiation 93 83 (71.0) 27 (29.0) 59 (63.4) 34 (36.6)
Depth of invasion 0.849 0.357 0.063 0.802
T1/T2 25 20 (80.0) 5 (20.0) 10 (40.0) 15 (60.0)
T3/T4 17 83 (71.0) 34 (29.0) 50 (42.7) 67 (57.3)
Lymph node metastasis 5367 0.021 0.002 0.966
NO 73 44 (60.3) 29 (39.7) 32 (43.8) 41 (56.2)
N+ 69 54 (78.3) 156 (21.7) 30 (43.5) 39 (56.5)
Distant metastasis 0425 0514 3.611 0.057
MO 17 87 (74.4) 30 (25.6) 70 (59.8) 47 (40.2)

M1 25 17 (68.0) 8(32.0) 20 (80.0) 5 (20.0)
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Tumor-infiltrating lymphocyte density score (increasing)
PD-L1 (<1% vs. >1%)

TNM stage (1T vs. II)

CDX2 expression (low vs. high)

Cohort (HDS vs. NGICG)

Treatment (surgery only vs. adjuvant chemotherapy)
Interaction MMR phenotype by stage

dMMR vs. pMMR

In stage II colon cancer

In stage III colon cancer

Disease-Free Survival (DFS)

Hazard ratio (95% CI)

091 (0.85 - 0.97)
075 (0.31 - 1.79)
3.16 (1.8 - 5.30)
263 (1.20 - 5.75)
056 (0.34 - 0.90)
1.53 (0.95 - 2.47)

0.24 (0.06 - 1.04)
4.17 (2.02 - 8.61)

p-value

0.008
0.509
<0.001
0.015
0.017
0.083
<0.001

0.057
<0.001

Opverall Survival (OS)

Hazard ratio (95% CI)

0.96 (0.90 - 1.03)
138 (0.70 - 2.71)
2.53 (1.56 - 4.10)
150 (0.70 - 3.17)
0.91 (0.60 - 1.39)
227 (1.39 - 3.70)

0.80 (0.37 - 1.73)
294 (1.41 - 6.13)

p-value

0.230
0.355
<0.001
0.295
0.659
0.001
0.010

0.571
0.004
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VARIABLE PD-L1 expression™ (n = 435) MMR phenotype (n = 482)

Positive, n (%) Negative, n (%) p-valueb dMMR n (%) PMMR n (%) p~valueb
Sex
Female 33 (16.0%) 173 (84.0%) 0.612 58 (24.9%) 175 (75.1%) 0.123
Male 41 (17.9%) 188 (82.1%) 47 (18.9%) 202 (81.1%)
Stage
Stage IT 51 (18.7%) 222 (81.3%) 0.239 83 (27.7%) 217 (72.3%) <0.001
Stage IIT 23 (14.2%) 139 (85.8%) 22 (12.1%) 160 (87.9%)
CDX2°
Positive 40 (11.6%) 305 (88.4%) <0.001 66 (17.1%) 321 (82.9%) <0.001
Negative 21 (61.8%) 13 (38.2%) 27 (69.2%) 12 (30.8%)
Location’
Right side 58 (22.7%) 198 (77.3%) <0.001 96 (33.9%) 187 (66.1%) <0.001
Left side 16 (8.9%) 163 (91.1%) 9 (4.5%) 190 (95.5%)
Histology
Adenoc. NOS 67 (17.0%) 326 (83.0%) 1.000 82 (19.2%) 345 (80.8%) <0.001
Other® 7 (16.7%) 35 (83.3%) 23 (41.8%) 32 (58.2%)
Age in years
Mean (SD) 68.3 (12.6) 66.8 (12.3) 0.365 68.5 (13.5) 67.3 (12.0) 0414
MMR
dMMR 40 (45.5%) 48 (54.5%) <0.001 - = -
pMMR 32 (9.7%) 299 (90.3%) - -
PD-L1
Neg (<1%) - - - 48 (13.8%) 299 (86.2%) <0.001
Pos (=21%) - - 40 (55.6%) 32 (44.4%)
CD3+ TILs (intraep.)
Low (0 or 1) 10 (5.1%) 185 (94.9%) <0.001 23 (11.0%) 187 (89.0%) <0.001
High (2 or 3) 61 (27.6%) 160 (72.4%) 75 (30.9%) 168 (69.1%)
CD8+ TILs (intraep.)
Low (0 or 1) 11 (5.4%) 192 (94.6%) <0.001 23 (10.4%) 199 (89.6%) <0.001
High (2 or 3) 59 (30.9%) 132 (69.1%) 70 (32.7%) 144 (67.3%)
CD3+ TILs (stroma)
Median score 20.0 (10.0/30.0) 40.0 (26.3/50.0) <0.001 32.5 (15.0/45.0) 20.0 (10.0/30.0) <0.001
(25/75 percentiles)
CD8+ TILs (stroma)
Median score 3.0 10.0 (5.0/24.0) <0.001 10.0 (3.0/20.0) 50 <0.001
(25/75 percentiles) (1.0/8.0) (1.0/10.0)

A: PD-L1 expression dichotomized into negative or positive (expression in <1% versus >1% of tumor cells) B: For categorical variables: Fisher’s exact test (two sided), for continuous
variables: T-test (age), Mann-Whitney U (stromal TILs). C: Positive if CDX2 is expressed in 250% of tumor cells. D: Right: Ascending and transverse colon. Left: Descending and sigmoid
colon. E: Signet ring cell carcinoma and mucinous adenocarcinoma.
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Clinicopathological characteristic

Total number
Gender
Male
Female
Age (years)
<65
265
Cell differentiation
Well
Moderate
Poor
Primary tumor size
T1-2
T3-4
Lymph node metastasis
NO
N1
N2
TNM
m
v

83

49
34

38
45

21
36
26

48
35

51
19
13

51
32

GFPT2 expression

Low expression

42

23 (46.94)
19 (55.88)

21 (55.26)
21 (46.67)

9 (42.86)
19 (52.78)
9(34.62)

30 (62.50)
12 (34.29)

32 (62.75)
8 (42.11)
2(15.38)

32 (62.75)
0(31.25)

High expression

4

26 (53.06)
15 (44.12)

7 (44.74)
24 (53.33)

12 (57.14)
17 (47.22)
17 (65.38)

18 (37.50)
23 (65.71)

19 (37.25)
11 (57.89)
11 (84.62)

19 (37.25)
22 (68.75)

0.003

0.071

2.049

5.896

10.008

7.803

P value

0.958

0.790

0.359

0.015*

0.007**

0.005"

D - 0.01.
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Univariate Multivariate

HR 95%Cl p value HR 95%Cl p value
Age (>median vs <median) 1.51 0.88 t0 2.59 0.1038
Sex (male vs female) 0.92 0.52 to 1.63 0.7724
T stage (T3/T4 vs T1/T2) 3.01 1.76 10 5.16 0.0002 0.99 0.49 to 2.00 0.9690
N Stage (N1/N2 vs NO) 4.45 2.56107.73 <0.0001 327 1.65 to 6.49 0.0010
M Stage (M1 vs MO) 11.24 3.87 t0 32.63 <0.0001 21.76 9.34 t0 50.71 <0.0010
CEA (>5 vs<5) 228 1.32 10 3.95 0.0022 1.82 1.01t0 3.28 0.0480
ALBI grade (2 vs 1) 1.40 0.81t02.41 0.2146
MC1(<0.364 vs >0.364) 5.30 2.831t09.95 0.0010 3.38 1.02 to 11.22 0.0460

ALBI grade, albumin-bilirubin grade.
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Sex
Male
Female
Age(years)
<Median (63)
>Median (63)
T Stage
T1/T12
T3/T4
N Stage
NO
N1/N2
M Stage
MO
M1
TNM Stage
7
I\
CEA (ng/mL)
<5
>5
ALBI grade
1
2

ALBI grade, albumin-bilirubin grade.

MC1

72
38

58
52

50
60

55
55

86
24

55
55

58
52

58
52

Meanz SD

420411
5.59 +3.97

4.48 + 415
4.90 + 4.06

2.89 + 3.54
6.17 +3.95

3.58 +3.87
5.78 + 4.06

3.81 +3.92
7.78 +3.13

3.46 + 3.85
5.99 + 3.98

425 +4.33
523 +3.73

429 +425
524 +£3.78

95%Cl

3.231t05.17
4.29 t0 6.90

3.39 to 5.57
3.77 10 6.03

1.88 to 3.89
5.15t07.19

2.54 0 4.63
4.68 to 6.88

2.97 to 4.66
6.46 10 9.10

2.44 t0 4.48
4.90t0 7.09

3.11 10 5.39
41910 6.27

3.17 t0 5.40
4.19 10 6.29

p Value

0.0903

0.5900

<0.0001

0.0044

<0.0001

0.0010

0.2084

0.2200
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Cohort Test

MC1 Retrospective CRC (+)
CRC ()

Prospective CRC (+)

CRC (-

MC2 Retrospective CRA (+)
CRA ()

Actual status

8 e
33 0
5 23
16 1
9 27
16 2
13 21

Se (%)

86.84

64.00

55.17

Sp (%)

100.00

96.43

91.30

PPV (%)

100.00

94.12

88.89

NPV (%) Accuracy (%)
82.14 91.80
75.00 81.13
61.76 71.15

MC1, diagnostic model for distinguishing CRC from healthy individuals; MC2, diagnostic model for distinguishing CRA from healthy individuals; CRC, colorectal cancer; CRA, colorectal

adenoma; Se, sensitivity; Sp, specificity; PPV, positive predictive values; NPV, negative predictive values.
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MC AUC Cut-off Se (%) Sp (%) PPV (%) NPV (%) Accuracy (%) p value

MC1 0.9408 0.364 83.64 98.36 97.87 86.95 91.34 <0.0001
MC2 0.8025 1.282 56.04 95.08 89.47 74.35 78.04 <0.0001

MC1, diagnostic model for distinguishing CRC from healthy individuals; MC2, diagnostic model for distinguishing CRA from healthy individuals; CRC, colorectal cancer; AUC, area under
the receiver operating characteristic curve; Se, sensit p, specificity: PPV, positive predictive values; NPV, negative predictive values.
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Characteristics

Mean = SD or (%)

Controls(n=122) CRA (n=92)  CRC (n=110)

Age, years 60.81 + 0.70 59.38 + 0.97 61.93 + 0.92
Male 78 (63.93%) 61 (66.30%) 72 (65.45%)
CEA, ng/ml 121+ 0.56 2.32 +1.43 33.39 + 13.93
CA199, ng/ml 9.32 + 2.61 10.78 £3.32  43.52 + 14.92
CRC location

Colon = = 51 (46.36%)

Rectum - - 59 (563.64%)
TNM stage

1] - - 56 (50.90%)

v = = 54 (49.10%)
CRA pathological type

Tubular 53 (57.61%)

Villous 12 (13.04%)

Tubulovillous 29 (31.52%)

CRC, colorectal cancer: CRA, colorectal adenoma.
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Retrospective cohort
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Signaling Pathway name

KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION
KEGG_CHEMOKINE_SIGNALING_PATHWAY
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KEGG_MAPK_SIGNALING_PATHWAY
KEGG_VEGF_SIGNALING_PATHWAY
KEGG_COLORECTAL_CANCER

NES

2.907
2.861
2.839
2819
2.691
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2.635
2631
2.308
1.952

NOM p-val
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0.004
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Variable Univariate analysis Multivariate analysis
HR Cl (95%) P HR ClI (95%) P

Gender (male/female) 1.166 0,679-2.001 0.576

Age (>60/<60) 1.319 0,746-2.330 0.339

Grade(well/moderate/poor) 1.066 0.560-2.028 0.844

Tumor recurrence (yes/no) 2.160 1.186-3.973 0.011 2.396 1.170-4.905 0.016
Tumor size (=6cm/6cm) 1.414 0.813-2.459 0.219

AJCC-stage (/I/1I1V) 12.074 6.348-22.961 0.000 3.432 1.151-10.228 0.026
T (T1/T2/T3/T4) 1.674 1.088-2.577 0.019 1.367 0.851-2.196 0.195
N (NO/N1/N2) 1.864 1.333-2.606 0.000 1.640 1.012-2.658 0.044
M (MO/M1) 60.491 19.159-190.988 0.000 12.822 1.772-92.738 0.011
CSF-1R (high/low) 2157 1.225-3.798 0.007 2.863 1.461-5.608 0.002
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CSF-1R expression
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1 (1.0%)
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17 (16.5%)
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36 (35.0%)
0(9.7%)
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29 (28.2%)
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Cohort 1 Cohort 2 Combined cohorts

Poor Good P Poor Good P Poor Good P
survival survival survival survival survival survival
(n=21) (n=26) (n=38) (n =40 (n=59) (n = 66)

Mean follow-up in months 166455 1123£361 <0001 17.0£67 1227+360 <0001 169463 1186361 <0.001

626 +10.9

62.4+88 71.0£87 64.6 £ 10.1 68.0£103 63.7+9.6

Male sex 13(61.9%)  10(385%) 0410  28(733%)  22(550%) 0086  41(695%)  32(485%  0.017
Maor liver surgery (= 3segments)  18(85.7%)  16(615%)  0.065  6(158%) 12(30%) 0137 24(407%)  28(424%) 0843
Size largest CRLM (in cm) 45(38-125) 42(30-52) 0134 39(25-48 B80(1.8-45 0072 40(6-55 B85(050 0050
Rectal primary tumour 9(42.9%) 6(28.1%) 0148  18(47.4%) 16(40%) 0512  27(458%)  22(333%)  0.155
Neoadjuvant chemotherapy 0 0 B 0 0 = 0 0 =
Adjuvant chemotherapy 0 0 - 0 0 - 0 0 -
(high score) 10(476%)  8(115%) 0006  5(13.2%) 5(125% 0931  15(254%)  8(12.1%) 0055
Interval CRLM < 12 months 10476% — 12(462%) 0920  17(44.7%) 16(40%) 0672  27(458%)  28(424%) 0707
CEA > 200 mg/ul 5(27.8%) 2(80%) 0083  1(26%) 125% 0971 6(10.7%) 3(46% 0202
More than 1 CRLM 7(33.3%) 5(192% 0270  15(395%)  9(225%) 0104  22(37.3%)  14(212% 0048
CRLM larger than 5cm 10(476%)  7(69% 0142 6(158%) 6(15%) 0923 16(27.4%)  13(29.7%) 0326
N* primary tumour 14(667%)  14(538%) 0378 19(50%) 17(425%) 0507  33(559%)  81(47.0%) 0317

Microsatelite instabilty (MSi-high) 2 (0.5%) 1(38%)  0.429 i - - B N =
KRAS mutation (codon 12and 13) 9 (42.9%) 9(346% 0563 - = . - - -

BRAF VBOOE mutation 0 0 - - - - - - -

100% desmoplastic 4(19.0%)  11(423%) 0089  2(53%) 11(275%) 0008  6(102%)  22(333%  0.002

High CD45 tumour stroma 3(14.3%) 5(19.2% 0654 5087(135%  9(225%) 0307  8/58(138%)  14(212% 0281
High GD4S invasive margin 9(429%  10(3885%) 0760  9(23.7%) 9(@25% 0901  18(305%)  19(288%) 0833
™

High CD4 tumour stroma 4(19.0%) 8(308%) 0360  3/36(8.3%) 6(15%) 0369 7/57(123%)  14(212%) 0189

High CD4 invasive margin 7(833%)  12(462%) 0873  4(10.5%) 8(20%) 0246 11(186%)  20(30.3%) 0432
High CD8 tumour stroma 12(57.1%) 13(50%)  0.626 17/37(459%)  20(50%) 0722  39/58(50%)  83(50%)  1.000
High CD8 invasive margin 14(667%)  20(76.9%) 0435  19(50%) 28(70%) 0071  33(559%)  48(727%)  0.050
High CD8 intratumoural 10(476%)  10(B85%) 0528  14(36:8%)  11(27.5%) 0377  24(407%)  21(318% 0303
High FOXPS tumour stroma 17(810%)  24(92.3%) 0246 18/36(36.1%) 25(62.5%) 0022 G0/57(526%) 49(742%) 0013
High FOXPS invasive margin 17(810%)  22(84.6%) 0740 24/37 (64.9%)  26(65%) 0990 41/58(70.7%) 48(727%) 0801

SELLS
High CD79A tumour stroma 9(429%)  18(69.2%) 0069 20/37(54.1%)  80(75%) 0054  20/58(50%)  48(72.7%)  0.009
High CD79A invasive margin 14(667%)  16(615%) 0716  23(605%)  83(825%) 0031  87(627%  49(742%  0.165
High K/ tumour stroma 6(286%)  14(538%) 0081 11/37(207%  20(50%) 0070  17(293%)  84(51.5%) 0012
High KL invasive margin 7(333%)  14(538%) 0160  16(41.0%) 18(45%) 0721  23(39.0%)  82(48.5%) 0285
High SLAMF? tumour stroma 7(33.3%) 9(34.6%) 0927 14/37(37.8%)  18(45%) 0524 21/58(36.2%) 27 (409%) 0592
High SLAMF? invasive margin 11(624%)  15(67.7%) 0716 17(447%)  19(@475%) 0807  28(47.5%)  34(515%) 0651

A high CD4 end CD45 infilration is defined as a grading of 3. In the other markers, a high infitration was defined es a grading of = 2. CRS = clinical risk score, CEA = carcinoembryonic
antigen, N+ = lymph node positive.
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Univariable Multivariable

Factor P OR (95% CI) P OR (95% Cl)
Cohort 1 0096 3.117 (0.817-11.885) 0.157 2.709 (0.682-10.768)
Cohort 2 0017 6.828 (1.401-33.281) 0.040 5.858 (1.083-31.69)
Combined cohorts 0.003 4.417 (1.646-11.854) 0.019 3681 (1.244-10.888)
0.086 2.917 (0.860-9.889) 0.110 2740 (0.795-9.443)
Cohort 2 0,057 2550 (0.972-6.690) 0,005 2.443 (0.856-6.978)
Combined cohorts 0010 2,667 (1.263-5.630) 0,036 2.428 (1.062-5.552)
Cohort 1 0,070 2.429 (0.930-6.341) 0.124 2.682 (0.762-15.248)
Cohort 2 0072 2364 (0.925-6.043) 0.067 2589 (0.934-7.171)
Combined cohorts 0013 2562 (1.218-5.389) 0.029 2500 (1.100-5.682)

Three biomarkers were analysed in multivariable analysis. Each biomarker is adjusted for the most significant prognostic ciinical factor(s) within the respective cohort according to the
“one variable per 10 events” rule (30). In cohort 1, the variables were corracted for ‘major liver surgery (= 3 segments)". In cohort 2, correction was performed using the variables: age,
sex and tumour size. In the combined cohort, correction was performed using the variables: age, sex, soltery tumour, tumour size, and cohort. An odds ratio >1 corresponds with good
survival. Cl, confidence interval: K/L, Kappa Lamda.





OPS/images/fonc-10-00832/crossmark.jpg
©

2

i

|





OPS/images/fonc-10-00832/fonc-10-00832-g001.gif
t AFP, Uimi Apo2. o1
Lo R 1001 E
o *%ﬁ W* yw*?%
v o
. - wtl
a3 wk Egﬁ oo 3
3 82, gl CA2S,Um L CAIS3, Ul
] 10 | w0ed i
T o e Ao
ey ptduls *a@f@ bl
o wE Wl A
T | [Erain]
w % -
2 ;
Sir ]| wber °§¢§‘
i o | [
] o= %‘@ %L ﬁ
Ly &) W we
H;is‘f' o ﬂ LIRS s
WP Ti2 T34 ° P Ti2 T34 WP Ti2 T34 N HP Ti2 Y)d
T [N e W e
by | oidpoggtl O gééb
10
g ‘,,ﬁ#ﬂh AR (S
-w% 3 % 10 L | o Lo et

MBS EREBE






OPS/images/fonc-10-00249/fonc-10-00249-g001.gif





OPS/images/fonc-10-00249/fonc-10-00249-g002.gif





OPS/images/fonc-10-00249/fonc-10-00249-t001.jpg
PATIENT CHARACTERISTICS
Mean age at time of iver surgery
Male sex

TUMOUR CHARACTERISTICS
Meaior liver surgery (= 3 segments)
Size largest CRLM (in cm)

Rectal primary tumour
Necadjuvant chermotherapy
Adjuvant chemotherapy
CLINICAL RISK SCORE

CRS = 3 (high score)

Interval CRLM < 12 months

CEA > 200 mg/ul

More than 1 CRLM

CRLM larger than 5cm

N* primary tumour

Cohort 1
(=47

625£97
23 (48.9%)

34 (72.3%)
42(8.0-7.5)
15 (31.9%)
0
0

13 (27.7%)
22 (46.8%)
7 (16.3%)
12 (25.5%)
17 (36.2%)
28 (59.6%)

Cohort 2
(=18

67.7£99
50 (64.1%)

18 (23.1%)
3.42.0-4.7)
34 (43.6%)
o
0

10 (12.8%)
33 (42.3%)
2(2.6%)
24(30.8%)
12 (15.4%)
36 (46.2%)

0.005
0.096

<0.001
0.001
0.195

0.038
0.623
0.006
0.531
0.008
0.146

CRS, clinical risk score; CEA, carcinoembryonic antigen; N*, lymph node positive.
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Characteristics Normal CRC AA CRC
Total (n) 53 138 88 218
Gender

Male 27 85 66 135

Female 26 53 24 83
Age (years) 55(25~68) 58(25~79) 56(32-80) 55(25-83)

>50 36 103 63 178

<50 17 35 25 40
Stage

| NA 27 NA 43

] NA 30 NA 56

1l NA 33 NA 50

IV(IV_M?) NA 35 (40™) NA 69
Tumor site

Right colon NA 95 43 171

Left colon NA 43 18 47

Whole colon NA NA 27 0
CEA quantification

CEA>5ng/ml NA NA 6 75

CEA<Gng/ml NA NA 82 143
CA199 quantification

CA199>37u/ml NA NA 2 48

CA199<37u/ml NA NA 86 170

*IV_M: Metastatic CRC tissue from stage IV CRC patients; NA, Not Available; *“including
27 paired IV stage tissues and its distant metastasis.
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Overall survival*

Progression-free survi

(n =357, e = 341) after first-line
chemotherapy
(n =245, ¢ = 235)
Variable HR 95% ClI p-value HR 95% Cl  p-value
Female 085 (068,103 0148 094 (072,1.28) 0655
AGE>T5years 1.04 (0.74,1.46) 0844 159  (1.02,2.46) 0.039
PSWHO > 1 1.78 (1.36,2.34) <0.001 202 (1.39,2.93) <0.001
Rightsided 106 (0.82,137) 0662 075 (056,1.04) 0.081
tumor
Tumorgrade 1.66 (1.22,225) 0001 155  (1.08,223) 0019
Primary tumor 114 (0.65,2.00) 0657  1.65  (092,2.97) 0,095
resected
Synchronous: 0.70 (0.55,0.88) 0.002 0.75 (0.56,1.01)  0.056
metastases
>1 organ 134 (1.02,1.76) 0038 147 (100,215 0049
metastases
Liver only 119 (087,162) 0271 140 (0.91,2.16) 0.125
Curative 032 (020,052 <0001 038  (0.24,062) <0.001
metastasis
surgery
ALP high 198 (1.55,254) <0001 155  (1.15,200) 0004
First-line 0.37 (0.25,0.53) <0.001 ni.
chemotherapy
MSI-H 138 (083,230) 0212 208  (1.06,4.08 0032
KRAS mutation 1.25 (0.97,1.62) 0088 1.62 (1.17,2.23) 0.003
BRAF mutation 1.62 (1.11,235) 0012  1.63  (1.04,256) 0,032
CDX2 loss 160 (105,215 0027 154  (1.00,2:35) 0.049

n, number of patients; e, number of events; HR, hazerd ratio; Cl, confidence interval;
p value, from likelihood ratio test; PS ECOG, performance status score developed
by Eastern Cooperative Oncology Group; Right-sided tumor, site of colon cancer in
ascending colon nd transversum; Synchronous metasteses, within 6 months after initil
dlagnose; ALP high, alkaline phosphatase > 105 U/L; MSI-H, microsatellte instable high;

n.i., not included.

“CEA > 4 and LDH high was also statistically significant when included in the muitiple
regression model but were excluded from the analysis due to many missing values.





OPS/images/fonc-10-00249/crossmark.jpg
©

2

i

|





OPS/images/fonc-10-00008/fonc-10-00008-g005.gif
¢

Progrossionfres survival

Cox2 loss only. e COX2 oxprossion only
] ol
s ol
Monoheragy =12 H
s .
T £
H B
el e et
.
I | oy
o7 s SS%H
ke i
089045, 1.78) o8| o

Time (monte)

[rrr—

e

Time (ronte)

mCR/PR SO mPD

Coxo- TN
oz TS





OPS/images/fonc-10-00008/fonc-10-00008-t001.jpg
Characteristics*

Patients  Missing CDX2-

CDX2+ CDX2-vs.

with CDX2 CDX2+
status p-value
Total number (%) 462 87(19) 365(81)
Age inyears, median 70 (680, 70(665, 70(67.8, 0957
(95% CI) 702) 715 703
Age > T5years,n (%) 165(34) 31(36) 124(34) 0802
Female, n (%) 229 (51) 50(58) 179(49)  0.189
PSWHO > 1,n (%) 152 (34) 3743 115082 0058
Right sided, n (%) 177 (40) 7 52(60) 125(35) <0001
Liver metastases, n (%) 287 (64) 49(56) 238(65)  0.137
Liver only, n (%) 118 (26) 14(16) 104(29) 0018
Lung metastases, n (%) 113 (25) 14(16) 99@7) 0038
Lymph node 131 (29) 37(43) 94(26) 0003
metastases, n (%)
Peritoneal metastases, 88 (20) 23(26) 65(18) 0072
n (%)
>1 metastatic site, n 262 (58) 55(63) 207(57) 0280
(%)
Synchronous 244 (54) 54(62) 190(52) 0095
metastases, n (%)
ALP high, n (%) 202(56) 55  43(60) 179(65) 0513
Primary tumor 414(92) 80(92) 881(92)  1.000
resected, n (%)
Tumor grade 1, n (%) 55(13) 15 7(8) 48(14) <0.001
2,n (%) 288 (66) 39 (47) 249(70)
3.n(%) 9422 37(4s)  57(16)
KRAS mutation, n (%) 179 (41) 15 16(19) 163(46) <0.001
BRAF mutation, n (%) 96 (21) 9 51(9) 45(12) <0001
Double wild type, n (%) 164 (38) 15 18(21) 146(41)  0.001
MSI-H, n (%) 35(8) 11 21@6) 14(4)  <0.001
BRAFmMUYMSI-H, n (%) 80(7) 16 18(23) 12(3) <0.001
BRAFmUYMSS, n (%) 66 (15) 33(42)  83(9)
BRAFW/MSI-H, n (%) 5(1) 3@ 2(1)
BRAFWUMSS, n (%) 336(77) 25(32) 811(87)
Curative metastasis 33(7) 1 1) 8219 0019
surgery, n (%)
First-line 281 (62) 46(53) 285(64) 0050
chemotherapy, n (%)
Combination, n (%) 217 (7) 34(74) 183(78) 0567
Monotherapy, n (%) 64 (23) 12(26) 52(22)
Second-line 162 (36) 1 20(28) 142(89)  0.008
chemotherapy, n (%)
Third-line 72 (16) 1 2@ 70(19) <0.001
chemotherapy, n (%)
BSC only,n (%) 170 (38) 4147) 120(85) 0049

CDX2-, CDX2 loss; CDX2+, CDX2 expression; MSI-H, microsatelite instable high;
MSS, microsateliite stable; PS ECOG, performance status score developed by Eastern
Cooperative Oncology Group; Right sided, site of colon cancer in ascending colon and
transversum; Left sided, site of colon cancer in descending colon, sigmoid, and rectum;
Metastases, at time of diagnosis of metastatic disease; Synchronous metastases, within
6 months after initial diagnose; ALP high, alkaline phosphatase >105 U/L; Double wild
type, both BRAF and KRAS wild type; BRAFmut, BRAF mutated; BRAFwt, BRAF wild
type; BSC, best supportive care; p-value, chi-square test except for age (t-test).

*Percentage is calculated without missing values. Owing to rounding, not all percentages

are 100 in total.
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Metrics Model 1 (combining radiomics and clinical data) Model 2 (radiomics only) Model 3 (clinical data only)

Training Validation Training Validation Training Validation
AUC 0.926 0.872 0.849 0.834 0.825 0.788
Accuracy 0.868 0.862 0.768 0.769 0.828 0.600
Sensitivity 0.821 0.750 0.786 0.812 0.679 1
Specificity 0.886 0918 0.772 0.776 0.870 0.490
PPV 0.605 0.706 0.431 0.520 0.528 0.381
NPV 0.956 0917 0.940 0.925 0.922 1

AUC, area under the receiver operating characteristic curve; PPV, positive predictive value; NPV, negative predictive value.

The AUC cut-off was determined based on Youden index maximization criterion. Specifically, Youden index = true positive rate (sensitivity) - false positive rate (1-specificity). In the ROC
curve, a series of Youden indices was calculated, then the maximum Youden index of this series was picked out and the corresponding value of the test variable which matched this
maximum Youden index was the cut-off value.
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Factors Univariate analysis Multivariate analysis

OR 95% ClI p value OR 95% ClI p value
Gender 0.989 0.427-2.292 0.980
Age 0.980 0.560-1.717 0.945
Overall CT density value (HU) 1.259 0.867-1.826 0.226
Distance to anal verge 1.822 1.228-2.703 0.003 2.236 1.267-3.944 0.006
Pathological grade 3.027 0.656-13.961 0.156
Hemoglobin 1.190 0.727-1.948 0.489
Platelet counts 0.979 0.584-1.642 0.936
Neutrophil to lymphocyte ratio 1.265 0.896-1.691 0.461
Lymphocyte to monocyte ratio 2.895 1.733-4.834 <0.001 2.241 1.075-4.672 0.031
Platelet to lymphocyte ratio 0.967 0.591-1.581 0.894
Albumin 1115 0.647-1.921 0.696
Globin 0.706 0.399-1.248 0.231
Albumin/globin (A/G) 1.302 0.866-1.959 0.205
Cholesterol 1.242 0.702-2.196 0.456
High density lipoprotein 0.834 0.477-1.459 0.525
Low density lipoprotein 1.252 0.665-2.356 0.486
Occult blood 0.583 0.219-1.553 0.280
Carcinoembryonic antigen 0.221 0.084-0.582 0.002 0.169 0.042-0.683 0.013
Carbohydrate antigen 199 0.841 0.606-1.168 0.302
Carbohydrate antigen 125 0.873 0.624-1.221 0.427
Rad-score 10.580 3.815-31.302 <0.001 20.581 5.396-78.502 <0.001

Cl, confidence interval: CT, computed tomography; HU, Hounsfield Units; OR, odds ratio.
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Gender
Male
Female
Age (years)
Overall CT density value (HU)
Distance to anal verge (cm)
Pathological grade
Well/moderately differentiated
Poorly differentiated
Mucinous carcinoma
Hemoglobin (g/L)
Platelet counts (x10%/L)
Neutrophil to lymphocyte ratio
Lymphocyte to monocyte ratio
Platelet to lymphocyte ratio
Albumin (g/L)
Globin (g/L)
Albumin/globin (A/G)
Cholesterol (mmol/L)
High density lipoprotein (mmol/L)
Low density lipoprotein (mmol/L)
Occult blood
Positive
Negative
Carcinoembryonic antigen (ng/mL)
<5
25
Carbohydrate antigen 199 (kU/L)
Normal (< 35)
Abnormal (> 35)
Carbohydrate antigen 125 (kU/L)
Normal (< 35)
Abnormal (> 35)
Pathological complete response
Positive
Negative
T status after nCRT
TO
Non-TO
N status after nCRT
NO
Non-NO

Training cohort (n = 151)

o1
60
53 (46-60)
55.9 (50.4-62.0)
5.0 (4.0-6.0)

9
43
9
120-145)
192-297)
2.3(1.8-3.1)

3.4 (3.0-4.5)
151.2 (111.4-196.9)
432 (40.1-45.6)
27.8 (24.9-30.9)
1.6 (1.4-1.7)

4.8 (4.0-5.4)

1.2 (1.0-1.5)
2.9(2.3-34)

182
235

124
27

87
55

133
18

144

30

121

30
121

109
42

Validation cohort (n = 65)

40
25
54 (46-62)
57.1 (50.8-64.1)
5.0 (4.0-7.0)

42
21
2
135 (122-145)
240 (206-276)
22(1.82.9
43(32-53)
138.1 (110.0-182.5)
43.1 (39.7-45.7)
27.9 (24.1-29.8)
1.6 (1.4-1.8)
4.8 (4.3-5.6)
1.3 (1.1-1.4)
29(253.6)

55
10

44
30

58
7

61
4

14
51

17
48

50
15

p value

0.981

0.835
0.762
0.432
0.662

0.312
0.481
0.894
0.088
0.311
0.883
0.531
0.437
0.497
0.949
0.280
0.803

0.911

0.991

0.737

0.924

0.304

0.469

Data are either n or median (lower-upper quartile) unless otherwise indicated. Comparison between the two cohorts uses either two sample Student t-test/Mann-Whitney U test for
normally/non-normally distributed continuous variables and ¥2 test for categorical variables. CT, computed tomography. HU, Hounsfield units.
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r-CEA <5 (n = 389)

Recurrence site

Locoregional 49 (12.6)
Liver 126 (32.4)
Lung 119 (30.6)
Peritoneal seeding 19 (4.9
Distant lymph node 29 (7.5)
Other (ovary, brain, bone) 32 (8.2

r-CEA >5 (n = 389)

45 (11.6)
121 (31.1)
119 (30.6)
3487)
54 (13.9)
31(7.9

P

0.034
0.742
0.758
1.000
0.033
0.004
0.895

r-CEA, CEA level at the time of recurrence.
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Factors

Initial CEA (ng/L)
>5 versus <5
Gender
Female versus male
Tumor location
Rectum versus colon
Initial T stages
2 versus 1
3 versus 1
4 versus 1
Initial N stages
1 versus O
2 versus 0
Initial cell type
PD/MUC/SRC versus
WD/MD
Initial lymphatic invasion
Yes versus no
Initial venous invasion
Yes versus no
Initial perineural invasion
Yes versus no
Initial tumor budding
Yes versus no
Disease free interval
>12 versus <12 months

CEA at recurrence >5

Univariate

P

0.007
0.354
0.266
0.261.
0.246
0.087

0416
<0.001

0.757

0.745

0.132

0.904

0.772

0.059

Multivariate

HR (95% CI)

1.694 (1.279-2.244)

2.783 (1.989-3.894)
2551 (1.840-3.537)

0.773 (0.593-1.006)

<0.001

<0.001
<0.001

0.056

CEA, carcinoembryonic antigen; WD, well-differentiated; MD, moderately differentiated; PD,
poorly differentiated: MUC, mucinous adenocarcinoma; SRC, signet ring cell carcinoma.
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Factors Overall survival Cancer-specific survival

Univariate Multivariate Univariate Multivariate
P HR (95% Cl) P P HR (95% CI) P

Initial CEA (ng/L)

>5 versus <5 0.016 1.574 (1.221-2.029) <0.001 0.553
CEA at recurrence (ng/L)

>5 versus <5 0.024 1.395 (1.088-1.788) 0.009 0.019 1.322 (1.104-1.723) 0.039
Age (years)

>65 versus <65 <0.001 2.055 (1.604-2.633) <0.001 0.002 1.460 (1.114-1.913) 0.006
Gender

Female versus male 0.787 0.497
Tumor location

Rectum versus colon 0.772 0.378
Initial T stages

2 versus 1 0.498 1.789 (1.038-3.083) 0.036 0.076 0.992 (0.428-2.298) 0.985

3 versus 1 0.029 1.593 (1.018-2.494) 0.041 0.045 1.866 (0.987-3.530) 0.055

4 versus 1 0.015 2.006 (1.269-3.171) 0.003 0.007 2.526 (1.311-4.866) 0.006
Initial N stages

1 versus 0 0.036 1.044 (0.863-1.264) 0.657 0.040 1.080 (0.748-1.559) 0.680

2 versus 0 0.028 1.290 (1.070-1.556) 0.008 0.002 1.776 (1.266-2.493) 0.001
Initial cell type

PD/MUC/SRC versus 0.002 2.293 (1.712-3.071) <0.001 0.014 1.801 (1.286-2.522) 0.001

WD/MD
Initial lymphatic invasion

Yes versus no 0.036 1.735 (1.346-2.237) <0.001 0.092
Initial venous invasion

Yes versus no 0.529 0.756
Initial perineural invasion

Yes versus no 0.761 0.033 1.820 (1.388-2.385) <0.001
Initial tumor budding

Yes versus no 0.091 0.045 1.575 (1.199-2.069) 0.001
KRAS

Mutation versus wild 0.161 0.577
Disease-free interval

>12 versus <12 months <0.001 3.200 (2.494-4.106) <0.001 <0.001 2.242 (1.716-2.930) <0.001
Treatment after recurrence

Surgery versus conserve <0.001 0.235 (0.167-0.331) <0.001 <0.001 0.251 (0.176-0.358) <0.001

CTx or RTx versus conservative <0.001 0.220 (0.159-0.304) <0.001 <0.001 0.179 (0.125-0.255) <0.001

CEA, carcinoembryonic antigen; WD, well-differentiated; MD, moderately differentiated; PD, poorly differentiated; MUC, mucinous adenocarcinoma; SRC, signet ring cell carcinoma; CTXx,
chemotherapy; RTx, radiotherapy.
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Age, years, median (SD)
Sex, n (%)
Male
Female
Initial CEA (ng/mL)
Normal (<5)
High (>5)
Initial tumor location, n (%)
Colon
Rectum
Initial TNM stage, n (%)
|
I
n
Initial pathologic T stage, n (%)
T
T2
T3
T4
Initial pathologic N stage, n (%)
NO
N1
N2
Initial size of tumor (cm, SD)
Initial cell differentiation, n (%)
WD+MD
PD+MUC+SRC
Initial lymphatic invasion, n (%)
+)
Sl
Initial venous invasion, n (%)
+)
Sl
Initial perineural invasion, n (%)
+)
()
Initial tumor budding, n (%)
+)
O
MSI
MSS
MSI-H
MSI-L
KRAS
Wild type
Mutation type
Not identification

Median disease-free interval, months

Treatment after recurrence, n (%)
Salvage treatment
Surgery +/- CTx, RTx
CTx or RTx or CCRT only
Conservative treatment

Before propensity score matching

r-CEA <5 (n = 534)
60 + 13

323 (60.5)
211 (39.5)

406 (76.0)
128 (24.0)

326 (61.0)
208 (39.0)

68 (12.7)
144 (27.0)
322 (60.3)

(7.7)
6 (8.6)
303 (56.7)
44.(27.0)
212 (39.7)
147 (27.5)

175 (32.8)
47 +30

462 (86.5)
72 (13.9)

245 (45.9)
289 (54.1)

152 (28.5)
382 (71.5)

158 (29.6)
376 (70.4)

274 (51.3)
260 (48.7)

505 (94.6)
2139
8(15)

385 (72.1)
88 (16.5)

61 (11.4)

19.8 + 15.4

439 (82.2)
205 (38.4)
234 (43.8)
95 (17.8)

r-CEA >5 (n = 428)
61+13

250 (58.4)
178 (41.6)

279 (65.2)
149 (34.8)

283 (66.1)
145 (33.9)

14 3.3)
71 (16.6)
343 (80.1)

2(28)
7(4.0)
279 (65.2)
0 (28.0)
85 (19.9)
164 (38.3)

179 (41.8)
51£22

360 (84.1)
68 (15.9)

236 (55.1)
192 (44.9)

132 (30.8)
296 (69.2)

153 (35.7)
275 (64.3)

247 (57.7)
181 (42.9)

402 (93.9)
21 (4.9)
5(1.2)

311 (72.6)
79 (18.5)
3889

17.7 £ 14.4

358 (83.7)
177 (41.4)
181 (42.3)
70 (16.3)

P

0.680
0.514

<0.001

0.105

<0.001

<0.001

<0.001

0.076
0.293

0.004

0.422

0.042

0.048

0.698

0.360

0.027
0.625

After propensity score matching

r-CEA <5 (n = 389)
60+ 13

233 (59.9)
156 (40.1)

287 (73.8)
102 (26.2)

250 (64.3)
139 (35.7)

14 (3.6)
70 (18.0)
305 (78.4)

10 (2.6)
22(57)
239 (61.4)
118 (30.3)

84 (21.6)
138 (35.5)
167 (42.9)
5.0+3.1

327 (84.1)
62 (15.9)

213 (54.8)
176 (45.2)

125 (32.1)
264 (67.9)

135 (34.7)
254 (65.9)

222 (57.1)
167 (42.9)

372 (95.6)
13(33)
4(1.0)

276 (71.0)
74(19.0)
39 (10.0)

18.7 £ 14.0

329 (84.6)
141 (36.3)
188 (48.9)
60 (15.4)

r-CEA >5 (n = 389)
61+ 12

229 (58.9)
160 (41.1)

270 (69.4)
119 (30.6)

259 (66.6)
130 (33.4)

14 3.6)
70 (18.0)
305 (78.4)

10(2.6)
1589
252 (64.8)
112 (28.7)

84 (21.6)
149 (38.3)
156 (40.1)
51£22

328 (84.9)
61 (15.7)

205 (52.7)
184 (47.3)

114 (29.3)
275 (70.7)

130 (33.4)
259 (66.6)

219 (56.3)
170 (43.7)

365 (93.8)
19 (4.9)
5(1.3)

279 (71.7)
73 (18.8)
37 (95)

17.8+149

324 (83.9)
132 (33.9)
192 (49.4)
65 (16.7)

p

0.392
0.770

0.203

0.498

1.000

0.610

0.672

0.784
0.922

0.565

0.393

0.705

0.828

0.521

0.963

0.374
0.764

CEA, carcinoembryonic antigen; r-CEA, CEA level at the time of recurrence; WD, well-differentiated; MD, moderately differentiated; PD, poorly diflerentiated; MUC, mucinous adenocarcinoma;
SRC, signet ring cell carcinoma; MSS, microsatellite stable; MSI-L, microsatellite instability low; MSI-H, microsatellite instability high; CTx, chemotherapy; RTx, radiotherapy.
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Genome-wide DNA methylation profiling
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Characteristics Non-OM (N = 59) OM (N = 26)
Age, years (median)

>55 28 (47.5%) 13 (50.0%)
<55 31 (52.5%) 13 (50.0%)
Sex

Female 33 (55.9%) 9 (34.6%)
Male 26 (44.1%) 17 (65.4%)
Location

Left colon 24 (40.7%) 10 (38.5%)
Right colon 13 (22.0%) 10 (38.5%)
Rectum 22 (37.3%) 5 (19.2%)
Unknown 0 (0%) 1(3.8%)
Histological type

Adenocarcinoma 57 (96.6%) 20 (76.9%)
Mix 2 (3.4%) 4 (15.4%)
Signet-ring cell carcinoma 0 (0%) 2(7.7%)
Organ of metastasis

Liver 0 (0%) 20 (76.9%)
Peritoneum 0 (0%) 17 (65.4%)
Lung 0 (0%) 5(19.2%)
Others 0 (0%) 3 (11.5%)
Number of metastasis organ

0 59 (100%) 0

1 0 10 (38.5%)
2 0 13 (50.0%)
3 0 3(11.5%)
T

T1-T3 56 (94.9%) 13 (50%)
T4 3(5.1%) 12 (46.2%)
X 0 1(3.8%)
N

NO 26 (44.1%) 2 (7.7%)
N1-N2 33 (55.9%) 23 (88.5%)
NX 0 1(3.8%)
TMB

TMB-H 17 (28.8%) 5(19.2%)
TMB-L 42 (71.2%) 21 (80.8%)
Ms

MSI-H 6 (10.2%) 1(3.8%)
MSS 53 (89.8%) 25 (96.2%)
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Variable

Gender

(male vs. female)
Age (years)

(>70 vs. <70)
Tumor location
(right vs. left)
Histology
(mucinous vs. other)
Tumor differentiation
(G3 vs. G1/G2)
Lymphovascular invasion

Perineural invasion

Disease stage

(hvs. 1)

MMR

(lost vs. intact)
GALNT6 expression
(positive vs. negative)

Overall survival

Disease-free survival

Univariate*
HR (95% CI)

117
(0.89-1.55)
264
(1.99-3.60)
1.23
(0.93-1.63)
0.68
(0.38-1.13)
1.25
(0.71-2.08)
1.77
(1.18-2.57)
2.12
(1.17-3.55)
1.84
(1.36-2.50)
1.02
(0.73-1.40)
0.56
(0.36-0.92)

*HR, hazard ratio; Cl, confidence interval; two-tailed p-value.

p-value

0.2584

<0.0001

0.1394

0.1484

0.4188

0.0073

0.0153

<0.0001

0.9017

0.0242

Multivariate*

HR (95% CI)

2.61
(1.95-3.50)

1.77
(1.17-2.60)

1.67
(1.17-2.15)

0.60
(0.38-1.00)

p-value

<0.0001

0.0083

0.0028

0.0482

Univariate*
HR (95% CI)

1.30
(1.00-1.70)
223
(1.71-2.99)
1.12
(0.86-1.46)
073
(0.42-1.18)
1.12
(0.65-1.81)
2,01
(1.39-2.89)
2,04
(1.15-3.35)
1.88
(1.42-2.59)
0.92
(0.66-1.25)
066
(0.43-1.07)

p-value

0.0532

<0.0001

0.3969

0.2107

0.6601

0.0004

0.0164

<0.0001

0.5896

0.0867
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Total
Gender
Male
Female
Age (years)
<70
>70
Histology
Not mucinous
Mucinous
Tumor differentiation
G1/G2
G3
Location
Left
Right
Lymphovascular invasion
Absent
Present
Perineural invasion
Absent
Present
Disease stage
|
Il
n
\%
MMR status
Intact (MSS)
Lost (MS))

Early-stage CRC (n = 574)

Positive*
517 (90.1%)

271 (90.6%)
246 (89.5%)

301 (90.1%)
216 (90.0%)

478 (90.5%)
39 (84.8%)

486 (92.6%)
31 (63.3%)

259 (92.8%)
258 (87.5%)

456 (91.4%)
61 (81.3%)

493 (90.5%)
24 (82.8%)

194 (91.5%)
323 (89.2%)

419 (95.0%)
98 (73.7%)

Negative*
57 (9.9%)

28 (9.4%)
29 (10.5%)

33 (9.9%)
24 (10.0%)

50 (9.5%)
7 (15.2%)

39 (7.4%)
18 (36.7%)

20 (7.2%)
37 (12.5%)

43 (8.6%)
14 (18.7%)

52 (9.5%)
5(17.2%)

18 (8.5%)
39 (10.8%)

22 (5.0%)
35 (26.3%)

p-value (two-tailed)

0.6765

1.0000

0.2022

<0.0001

0.0361

0.0117

0.1944

0.4699

<0.0001

Late-stage CRC (n = 105)

Positive*
89 (84.8%)

41 (80.4%)
48 (88.9%)

84 (85.7%)
5 (71.4%)

80 (85.1%)
9 (81.8%)

82 (90.1%)
7 (50.0%)

61 (88.4%)
28 (77.8%)

28 (93.3%)
61 (81.3%)

58 (89.2%)
31 (77.5%)

60 (80.0%)
29 (96.7%)

82 (89.1%)
7 (53.8%)

Negative*
6 (15.2%)

10 (19.6%)
6(11.1%)

14 (14.3%)
2 (28.6%)

14 (14.9%)
2 (18.2%)

9(9.9%)
7 (50.0%)

8(11.6%)
8 (22.2%)

2(6.7%)
14 (18.7%)

7 (10.8%)
9 (22.5%)

5 (20.0%)
1(8.3%)

10 (10.9%)
6 (46.2%)

p-value (two-tailed)

0.2820

0.2888

0.6734

0.0009

0.1638

0.1454

0.1605

0.0359

0.0045

*Positive cut-off set at >10% positive cells.
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Characteristic Cohort | Cohort Il Cohort Ill
CRC (n=12) CRC (n = 48) CRC (n = 286) AA (n=81) NAA (n = 81)

Age, mean + SD 63.50 + 4.15 62.81+9.28 64.88 + 11.82 62.79 + 6.64 63.47 +6.70
Sex, n (%)

Male 7(58.33) 24 (50.00) 171 (69.79) 41 (50.62) 40 (49.38)

Female 5(41.67) 24 (50.00) 115 (40.21) 40 (49.38) 41 (50.62)
Location, n (%)

Colon 6 (50.00) 22 (45.83) 133 (46.50) 59 (72.84) 60 (74.07)

Rectum 6 (50.00) 26 (54.17) 163 (63.50) 22 (27.16) 21(25.93)
Stage, n (%)

| 3(25.00) 12 (25.00) 48 (16.78)

[ 3(25.00) 12 (25.00) 95 (33.22)

n 3 (25.00) 12 (25.00) 114 (39.86)

v 3(25.00) 12 (25.00) 29 (10.14)

AA, advanced adenoma;: CRC, colorectal cancer: NAA, nonadvanced adenoma: SD, standard deviation.
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CpG unit CRC/AA/NAA, n Methylation level P CRC vs. AA CRC vs. NAA AA vs. NAA
CRC AA NAA AB P® AB P® AB P®
Mean 283/76/74 0.45 0.44 0.35 <0.001 0.01 1.000 0.10 <0.001 0.09 0.004
CpG_1 270/69/70 0.32 032 0.33 0.951 -0.01 = -0.01 — 0.00 =
CpG_2.3 283/76/74 0.47 0.49 0.42 0.014 -0.02 0.854 0.05 0.045 0.07 0.016
CpG_4 283/76/74 0.46 045 0.35 <0.001 0.01 1.000 0.11 <0.001 0.10 0.002
CpG_5.6.7 283/75/73 0.43 0.41 0.31 <0.001 0.02 1.000 0.11 <0.001 0.09 0.013
CpG_11 283/76/74 0.49 0.45 0.36 <0.001 0.03 0.669 0.13 <0.001 0.09 0.015
CpG_12.13.14 283/75/74 0.45 0.43 0.33 <0.001 0.02 1.000 0.11 <0.001 0.09 0.010
CpG_15 283/76/74 0.49 0.46 0.35 <0.001 0.03 0.659 0.14 <0.001 0.10 0.003
CpG_17 283/76/74 0.52 0.50 0.37 <0.001 0.02 1.000 0.15 <0.001 0.13 0.001
CpG_18 283/76/74 0.46 047 0.35 <0.001 -0.01 1.000 0.11 <0.001 0.12 0.001
CpG_20 283/76/74 0.46 0.45 0.35 <0.001 0.01 1.000 0.11 <0.001 0.10 0.002
CpG_21 281/74/74 0.54 0.51 0.42 <0.001 0.03 0.557 0.12 <0.001 0.09 0.004
CpG_22 283/76/74 0.40 0.43 0.33 0.009 -0.03 0.904 0.07 0.028 0.10 0.012
CpG_23 283/76/74 0.34 0.31 0.24 0.001 0.04 0.593 0.10 0.001 0.07 0.152

Bold values: Statistically significant.
AA, advanced adenoma; CRC, colorectal cancer; NAA, nonadvanced adenoma.

“ANOVA.
bBonferroni t test.
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Survival probability

10
Univariable factor HR (95% CI) P-value
Mean methylation (high) 2.08 (1.13-3.82)  0.019
08
Multivariable factor HR (95% CI) P-value
0.6
Age 1.04 (1.01-1.06)  0.005
High
8ot Sex (female) 143 (0.82 - 2.49) 0206
04 Stage 3.03(2.12-432)  <0.001
0 250 500 750 1000 1250 1500 1750
Mean methylation (high)  2.52 (1.35 - 4.69) 0.004
Number at risk
High| 52 52 45 40 31 27 16 4 0
Low| 279 275 262 243 203 157 74 8
D
CpG units HR (95% CI) Povalue CpG units HR (95% CI) P-value
CpG_1 1,59 0.91-2.78) 0105 t+— CpG_1 162 (0.92-2.83) 0.092
CpG_23 2.10 (1.08-4.07) 0.029 f—— CpG_23 2.26 (1.16-4.40) 0.017
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Overall (N=168)

Age
Young
Oid

Gender
Female
Male

Stage
1]

\%

Grade
Low
High
Missing

Sidedness
Left
Right
Missing

T™B
Low
High

MSI
MSS
MSI-H
Missing

Family History
No
Yes
Missing

64 (38.1%)
104 (61.9%)

72 (42.9%)
96 (57.1%)

98 (58.3%)
70 (41.7%)

94 (56.0%)
37 (22.0%)
37 (22.0%)

115 (68.5%)
34 (20.2%)
19 (11.3%)

147 (87.5%)
21 (12.5%)

1565 (92.3%)
11 (6.5%)
2 (1.2%)

101 (60.1%)
47 (28.0%)
20 (11.9%)
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Characteristics No. patients %
Total 45

Gender

Male 30 66.7%
Female 15 33.3%
Age median =54

<54 21 46.7%
>=54 24 53.3%
ECOG Ps

0-1 33 73.3%
>=2 12 26.7%
Tumor location

left 31 68.9%
right 14 31.1%
Histological differentiation

Poorly 2 4.4%
Moderately 41 91.1%
Well 2 4.4%
Kras status

Wild 21 46.7%
Mutant 24 53.3%
Number of metastatic organs

<=2 25 55.6%
>2 20 44.4%
Liver metastasis

Yes 36 80.0%
No 9 20.0%
Lung metastasis

Yes 19 42.2%
No 26 57.8%
Prior surgery

Yes 33 73.3%
No 12 26.7%
Prior Bevacizumab

Yes 40 88.9%
No 5 11.1%
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Characteristic/
Biomarker

Age
Gender (F/M)
Stage

ApoAd
LRG 1
ApoA2

82M
CYFRA 21-1
Ddimer

HE 4
hsCRP

IR

CEA
SVCAM 1
ApoAt

PSA
CA19-9
CA125
Rantes

AFP

ApoB
CA15-3
VEGFR 1

Units

Years

mg/l
ng/mi
ol
ng/mi
ng/ml
ng/mi
M
mg/l
mg/dl
ng/mi
ng/mi
o
ng/mi
U/l
U/l
pg/ml
U/l
o
U/ml

pg/mi

Healthy subjects,
mean = SD (n = 203)

48 +6.33
104/99

69.22 + 16.88
58847.79 + 26516.45
03 +£0.04

1477.29 4+ 293.83
1.37 £057

119.76 £ 103.78
51.43 + 14.24

1.77 £351

2564 +4.88
1.86+1.22

668.37 + 131.52
16+0.24
1.13£097
6.6+5.73

10.69 = 6.03
57217.76 + 23360.49
2.84 £ 196
1.03+025

15,13+ 6.33

122.76 & 24.08

CRC patients, mean
+SD (n=102)

63124

56/46

TH(0=6): T2 (0 = 10);
T3 (63): T4 (28)
3968+ 148
121280 + 48054.08
023005
2056.66 + 675.6
404602

435,54 + 750.57
7675+ 34.23
11.27 £ 1695
19.25 654

47.39 + 806.02
848,68  293.71
144024
194161

18.77 +£87.04
16.95 £ 21.81
69108.26 + 28500.26
273213
1.06+024

15.27 £8.08
12642 % 43.4

p-value®

<0.001
0.63°

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
0.003
<0.001
0.001
0.003
1

1
1
1

AUROC

0.9
0.89
087
0.83
0.82

08
0.79
0.79
0.77
0.75
0.72
0.71
0.7
0.66
0.64
0.64
0.55
0.56
052
052

acalculated by Wilcoxon test with Bonferroni correction for multiple comparison; Pcalculated by two-proportions Z-test.

Specificity, %

74
82
%

79

8&&IR

86
67

86
58

49

76
87

Sensitivity, %

B8RRI EEIIBIIIRBSE

Accuracy, %

81

84
78
v
70
72
77
76
79
74
67
74
72
60

54
59
61
67
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RF
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SVM

NBC

MLR

AUROC

Full dataset

Specificity, % Sensitivity, %

98

99

98

96

Accuracy, %

1001

98

99

97

97

AUROC

099
(0.95-1)
099
0.97-1)
099
0.96-1)
098
(0.95-1)
098
(0.88-1)

Cross-validation (test dataset)

Specificity, %

(90% CI)

%
(89-100)
o7
(90-100)
o7
(90-100)
%
(85-100)
o7
(89-100)

Sensitivity, %
(90% CI)

9%
(88-100)
100
(92-100)
95
(89-100)
9%
(85-100)
9%
(82-100)

Accuracy, %
(90% CI)

%
(91-100)
o7
(92-100)
o7
(92-100)
9%
(€8-99)
9%
(88-100)
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Classification algorithm

SVM
LDA
LDA
SVM
LDA
SVM
LDA
SVM

Markers

CEA, hsCRP
CEA, ApoA2

CEA, B2M, ApoA2

hsCRP, CYFRA 21-1, ApoA2

GEA, B2M, Ddiimer, ApoA2

CA 125, hsCRR, CYFRA 21-1, ApoA2
GEA, CA 125, B2M, Delimer, ApoA2
CA 199, CA 125, B2M, ApoAt, ApoA2

AUROC

0.96
0.96
0.95
0.97
0.96
0.97
0.96
0.98

Specificity, %

88
9%
95
93
97
93
93
91

Sensitivity, %

20
81
82
89
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92
86
k<]

Accuracy, %

88
91
o1
a1

888
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Parameter

CRS
0-2
3-5

Number of metastases
Single
Multiple

Targeted drug
Non-NACT
Pure NACT
Bevacizumab + NACT
Cetuximab + NACT

Targeted drug
Non-NACT
Pure NACT
Bevacizumab + NACT
Cetuximab + NACT

Univariate Analysis

rHGP

31(42.5%)
21(29.2%)

27 (43.5%)
25 (30.1%)

14 (61.9%)
28 (38.4%)
7 (30.4%)
3(13.6%)

0.095

0.095

0.042

0.225
0.126
0.005

0.491
0.030

0.490

0.755

0.121

0.322
0.199
0.020

0.537
0.055

Multivariate Analysis

OR (95%Cl)

0.726

0.863

0.629

0.457
0173

0.727
0.267

0.293-1.801

0.341-2.181

Control

0.251-1.579]
0.138-1.510]
0.040-0.755]

Control
0.264-2.000]
0.074-1.028]
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Univariate Analysis

Parameter

Overall
Age
<60
>60
N stage
0
1
2
Radiology response
SD: PR
PD: PR
PR
SD
PD
RAS and BRAF status
Wild-type
Mutant
TRG
0-2
3
HGP
dHGP
Non-dHGP

1-year DFS
38.0%

35.5%
38.6%

51.2%
35.6%
18.3%

46.8%
30.2%
14.7%

38.5%
30.6%

40.2%
34.1%

46.3%
35.0%

0.158

0.051

0.001

0.089

0.085

0.014

Multivariate Analysis

0.024

0.015

0.002
0.007
<0.001

0.067

0.178

0.048

HR (95%Cl)

0.576

1.442

2.207
3.842

1.502

0.654

2130

0.357-0.930]

1.074-1.937]

1.236-3.942)
1.821-8.108]

0.972-2.321

0.352-1.214]

1.007-4.506]
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Parameter

No. of patients (n = 118)

Age
<60
>60
Gender
Male
Female
Number of metastases
Single
Multiple
Diameter of maximum metastasis
<5 cm
>5cm
Time of metastases
Synchronous
Metachronous
Serum CEA
<5 ng/ml
>5 ng/ml
T stage

NACT regimen
Oxaliplatin-based
Irinotecan-based
Multi-regimens

Targeted drug
Pure NACT
Bevacizumab + NACT
etuximab + NACT

CRS
0-2
3-5

Radiology response
PR
SD
PD

RAS and BRAF gene status
Wild-type
Mutant

TRG
0-2
3

HGPs
dHGP
Non-dHGP

79 (66.9%)
39 (33.1%)

79 (66.9%)
39 (33.1%)

43 (36.4%)
75 (63.6%)

89 (75.4%)
29 (24.6%)

92 (78.0%)
26 (22.0%)

32 (27.1%)
86 (72.9%)

15 (12.7%)
33 (28.0%)
70 (59.3%)

35 (29.7%)
51 (43.2%)
32 (27.1%)

82 (69.5%)
19 (16.1%)
17 (14.4%)

73 (61.9%)
23 (19.5%)
22 (18.6%)

55 (46.6%)
63 (53.4%)

41 (34.8%)
60 (50.8%)
17 (14.4%)

59 (50.0%)
59 (50.0%)

44 (28.8%)
84 (71.2%)

19 (16.1%)
99 (83.9%)

Diameter of maximum metastasis: On the first visit, the maximum liver metastasis diameter
in contrast-enhanced CT or MRI imaging. Serum CEA, CEA on the first visit; T stage, depth
of primary tumor invasion; N stage, lymph node status of primary tumor; Pure NACT,

NACT without targeted drugs; CRS, clinical risk score.
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Candidate
TAAbs

ALDH1B1

UQCRC1

CTAG1

CENPF

AUC value
(95% C1)

CRC AR
0.70 075
(0.63-076)  (0.67-0.82)
065 051
(058-072)  (0.42-0.59)
072 057
(066-079)  (0.48-0.64)
067 067
(060-074)  (059-0.75)

Adjusted AUC value

(95% CI)
CRC AR
070 074
(0.63-0.77)  (0.66-0.82)
063 065
(056-069)  (057-0.72)
072 062
(0.65-0.79)  (055-0.68)
067 0.70
(0.61-0.74)  (063-0.77)

SE (%)
CRC AR

62.31 7568
5770 86.49
6462 5946
6434 6267

SP (%)

CRC

73.87

70.27

70.27

67.27

AA

63.06

27.93

56.36

67.27

P-value
CRC AA
< 0.001 <0.001
< 0.001 0.850
<0.001 0.169
< 0.001 < 0.001

ELISA, enzyme-linked immunosorbent assay; AUC, area under the curve; SE, sensitivity; SP. specificity; Cl, 95% confidence interval: CRC, colorectal cancer; AA, advanced adenoma.
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Panel AUC value Adjusted AUC value SE (%) SP (%)

no. (95% CI) (95% CI)
CRC AA CRC AR CRC AR CRC AA

1 0.75 0.74 0.75 0.74 61.24 74.32 18.12 64.55
(0.69-081) (0.67-0.82) (0.68-0.81) (0.66-0.82)

2 0.72 075 072 076 55.04 75.68 8455 63.64
(0.66-0.79) (0.68-0.83) 0.63-0.79) (0.67-0.85)

3 074 063 074 067 65.89 79.73 72.73 50.00
(0.67-0.80) (0.55-0.71) (0.66-0.80) (0.57-0.77)

4 0.76 075 076 076 7752 75.68 69.09 64.55
0.70-0.82) (0.68-0.83) (0.68-083) (0.66-0.85)

5 0.78 075 079 079 75.19 75.68 70.00 63.64
(0.72-0.84) (0.68-0.83) 0.71-085) (0.69-0.87)

ELISA, enzyme-linked immunosorbent assay; AUC, area under the curve; SE, sensitivity; SP. specificity; Cl, 95% confidence interval; CRC, colorectal cancer; AA, advanced adenoma;
1, ALDH1B1+CTAG1; 2, ALDH1B1+CENPF: 3, CTAG1+CENPF: 4, ALDH1B1+CTAG1+CENPF: 5, ALDH181+CTAG14+CENPF+UQCRC.
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CEA  ALDH1B1 UQCRC1 CTAG1  CENPF
aAb aAb aAb aAb

CEA(+) TAAD (+) 37 (42.5%) 24 (64.9%) 23 (62.2%) 21 (56.8%) 24 (64.9%)

TAADb () 13 (35.1%) 14 (37.8%) 16 (43.2%) 13 (35.1%)
CEA(-) TAAb(+) 50(57.5%) 31 (62.0%) 30 (60.0%) 35 (70.0%) 25 (50.0%)
TAADb () 19 (38.0%) 20 (40.0%) 15 (30.0%) 25 (50%)

aAb, autoantibody; CEA, carcinoembryonic antigen.
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