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Editorial on the Research Topic 


The role of iron in cancer progression


Iron is an essential nutrient in all mammals, involved in key biological processes, including oxygen transport, mitochondrial respiration, metabolism, detoxification, and immune defense. The ability of iron to alternate between the oxidized form and the reduced form contributes to the formation of free radicals, with an excess leading to lipid peroxidation, increased production of reactive oxygen species (ROS), oxidative stress, and DNA damage. The accumulation of iron and ROS are linked to various pathologies, including iron overload diseases and cancer. Indeed, cancer cells exhibit an increased iron demand compared to non-cancer cells. Furthermore, pathways of iron uptake, storage, mobilization, trafficking, and regulation are all perturbed in cancer, suggesting that the reprogramming of iron metabolism is a central aspect of tumor cell survival (1). Anemia is frequently observed in many patients with cancer, and iron dyshomeostasis is implicated in numerous types of cancer (2). Recent studies have shed light on the role of iron metabolism in cancer stem cells (CSC) and suggest that specific targeting of iron metabolism in CSCs may improve the efficacy of cancer therapy (3–6). This iron dependency can make CSC and non-CSC cells more vulnerable to a non-apoptotic form of regulated cell death, referred to as ferroptosis. This cell death process characterized by the iron-dependent accumulation of lipid peroxides is morphologically, biochemically, and genetically different from other well-known modalities of regulated cell death, including apoptosis, necroptosis, various forms of necrosis, and autophagy. In distinct cancer types, metabolic reprogramming has been linked to an acquired sensitivity to ferroptosis, thus opening new opportunities to treat tumors unresponsive to other therapies. The activation of ferritinophagy, a specific form of macroautophagy required for the degradation of ferritin, the main cellular iron-storage protein, seems to occur during the early initiation stage of ferroptosis (7). Recent discoveries have highlighted the importance of transferrin trafficking and ferritinophagy, as critical determinants of ferroptosis sensitivity via an increase in the so-called labile iron pool. Guo et al., bring us a review of the latest research about iron metabolism disorders in various types of tumors, the functions and properties of iron in ferroptosis and ferritinophagy, and new opportunities for iron-based on treatment methods for tumors, providing more information regarding the prevention and treatment of tumors. In their review, Chen et al. focus on the regulatory roles of the human six-transmembrane epithelial antigen of the prostate (STEAP) metaloxidoreductase proteins in the occurrence and development of malignant tumors. In addition, Zhang et al. summarize for us the recent findings on the role of Nuclear Factor (erythroid-derived 2)-like 2 (NRF2) as a potential modulator for orchestrating iron homeostasis and redox balance in cancer cells. Accordingly, Bajbouj et al. identified how vitamin D alters the redox balance in breast cancer cells by disrupting the cellular iron metabolism to induce oxidative stress and cell death. Zhang et al. performed us a bibliometric and knowledge-map analysis to evaluate the knowledge base, find the hotspot trends, and detect the emerging topics regarding ferroptosis research. From the FerrDb website database (the first database of ferroptosis genes and ferroptosis-diseases associations) or MSigDB and public databases, several studies presented here systematically investigated the correlation between ferroptosis-related genes and tumor patient prognosis and establish/validate a novel prognostic model of tumor patient based on ferroptosis-related gene (FRG) signature in order to develop individualized treatments and to improve their overall survival. Tian et al. validated their 7-FRG prognostic signature (including ALOX12B, ALOX15, GPX2, DDIT4, GDF15, SLC2A1, RRM2) in lung adenocarcinoma. For overall survival prediction in patients with breast cancer, Zhu et al. and Li et al., developed and validated a novel robust FRG panel, consisting with the 11-gene core (CISD1, TP63, BRD4, PROM2, EMC2, G6PD, PI3KCA, FLT3, IFNG, ANO6, SLC1A4) and the 9-gene core (ALDH3A2, SIAH2, G6PD, SLC1A4, FLT3, SQLE, EGLN2, SFXN5, CHAC1), respectively. In addition, He et al., identified and validated the prognostic value of a 10 FRG core signature (including MAP1LC3A, SLC7A5, OTUB1, PRDX6, MAP3K5, SOCS1, ATG5, DDIT4, ACSL3, PRKAA2) in patients with head and neck squamous cell carcinoma. Lv et al. identified 17 FRG associated with long-term of prostate cancer and finally constructed a signature based on nine FRGs (AIFM2, AKR1C1, AKR1C, CBS, FANCD2, FTH1, G6PD, NFS1, SLC1A5), with a prognostic value in patients with prostate cancer. If iron metabolism plays a crucial role in the occurrence and development of colon adenocarcinoma, Yuan et al., revealed the prognostic value of iron metabolism-related genes SLC48A1 and SLC39A8 in colon cancer. These findings provide evidence on the key role of ferroptosis in cancer development. Interestingly, most of these studies found a strong correlation between ferroptosis and immune status and immune checkpoint genes. Indeed, iron metabolism, inflammation, and immunity are tightly interlinked (8). Recent data demonstrate that immune checkpoint inhibition stimulates interferon-γ production by CD8+ T cells to kill cancer cells through the induction of ferroptosis cell death (9). In contrast, a newly developed hypothesis suggests that a ferroptosis-sensitive state may allow cancer cells to generate lipid-derived mediators modulating intra- and intercellular signaling pathways that would lead to the growth of the tumor (8). This theory suggests an inverse correlation between cellular peroxide tone and immune evasion. Thus, it is essential to explore the molecular mechanism of ferroptosis that inhibits tumor growth as well as the consequence of cancer cell death by ferroptosis, which potentially dampens antitumor immunity and promotes tumor growth. Yu et al. bring us a prognostic model in pancreatic cancer based on 6-FRGs (CD44, MT1G, PTGS2, SAT1, TFRC, STEAP3) to determine its immune landscape and underlying mechanisms. In line with this, Liu et al. also identified a prognostic signature associated with tumor immune microenvironment based on 6-FRGs (HMOX1, KEAP1, HSBP1, SAT1, CISD1, GPX4) in uterine corpus endometrial carcinoma. If long non-coding RNAs (lncRNAs) have been reported to be involved in tumorigenesis in several cancers, He et al. identified a ferroptosis-related lncRNA signature that could effectively stratify the prognosis of glioma patients with adequate predictive performance to all clinical index. Interestingly, the authors indicated that there was increased immune infiltration in the high-risk group defined by the ferroptosis-related lncRNA signature. Accordingly, Duan et al., explored the prognostic value of a novel comprehensive biomarker, the iron-monocyte-to-lymphocyte ratio or IronMLR score, in patients with early-stage triple-negative breast cancer, illustrating that the iron-inflammation axis might be a potential prognostic biomarker of survival outcomes. Hua et al. and Duan et al. also explored a novel prognostic model based on the serum metal levels, iron and copper, respectively, for patients with early-stage triple-negative breast cancer as a practical tool for individualized survival predictions and treatment guidance.

Overall, we believe that this Research Topic opens up new and exciting fields of investigation into iron metabolism in cancer progression and in cancer treatments, and hope readers will enjoy it.
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Objectives

To identify the cooperation and impact of authors, countries, institutions, and journals, evaluate the knowledge base, find the hotspot trends, and detect the emerging topics regarding ferroptosis research.



Methods

The articles and reviews related to ferroptosis were obtained from the Web of Science Core Collection on November 1, 2020. Two scientometric software (CiteSpace 5.7 and VOSviewer 1.6.15) were used to perform bibliometric and knowledge-map analysis.



Results

A total of 1,267 papers were included, in 466 academic journals by 6,867 authors in 438 institutions from 61 countries/regions. The ferroptosis-related publications were increasing rapidly. Cell Death & Disease published the most papers on ferroptosis, while Cell was the top co-cited journal, publication journals and co-cited journals were major in the molecular and biology fields. The United States and China were the most productive countries; meanwhile, the University of Pittsburgh, Columbia University and Guangzhou Medical University were the most active institutions. Brent R Stockwell published the most papers, while Scott J Dixon had the most co-citations; simultaneously, active cooperation existed in ferroptosis researchers. Ten references on reviews, mechanisms, and diseases were regarded as the knowledge base. Five main aspects of ferroptosis research included regulation mechanisms, nervous system injury, cancer, relationships with other types of cell death, and lipid peroxidation. The latest hotspots were nanoparticle, cancer therapy, iron metabolism, and in-depth mechanism. Notably Nrf2 might have turning significance. The emerging topics on ferroptosis research were the further molecular mechanism of ferroptosis and the wider application of ferroptosis-related disease with advanced technology.



Conclusion

This study performed a full overview of the ferroptosis research using bibliometric and visual methods. The information would provide helpful references for scholars focusing on ferroptosis.





Keywords: ferroptosis, bibliometric, knowledge-map, CiteSpace, VOSviewer



Introduction

Ferroptosis is an iron-dependent regulated necrosis caused by unrestricted lipid peroxidation and subsequent membrane damage (1). Scott J Dixon (2) proposed the term ferroptosis in 2012 to describe a type of cell death induced by the small molecule erastin, which could lead to glutathione (GSH) depletion and glutathione peroxidase 4 (GPX4) inactivation (1, 3). In addition to the necrotic morphological changes, ferroptotic cell death usually shows mitochondrial abnormalities, such as increased membrane density, reduced or absent crista, condensation or swelling, and rupture of the outer membrane (2, 4–7). Existing evidence proves that ferroptosis plays an important role in the development of many diseases (7, 8), such as cancer, neurodegenerative diseases, ischemia/reperfusion injury, acute kidney injury, atherosclerosis, chronic obstructive pulmonary disease, and immune system diseases. Therefore, as an evolutionary program offers various druggable nodes, ferroptosis is supposed to be an emerging way to cure many kinds of diseases (9–14). Especially as a therapeutic model in cancer treatment and prevention of ischemic organ damage, ferroptosis has been convincingly established (15).

According to its great potential, ferroptosis has gained scholars’ keen interest in better understanding the process of ferroptosis with a rapidly increasing number of publications (16). Many scholars have reviewed ferroptosis research from various aspects. For instance, Daolin Tang etc. (7) summarized the progress of ferroptosis research mainly from molecular mechanisms, including hallmarks, regulation, oxidant system, antioxidant system, membrane repair, degradation systems, transcription factors and cofactors, epigenetic regulation, assays, and the implications in disease. Xuejun Jiang etc. (17) overviewed ferroptosis from the mechanisms, pathways, biological functions in tumor suppression and immune surveillance, and the implications in cancer and ischemic damage. Marcus Conrad etc. (12) outlined ferroptosis mainly from its effects on as-yet- incurable disease, including ischemia-reperfusion injury, organ failure, neurodegenerative disease and therapy-resistant cancer. However, there is no comprehensive and objective report on the publication trends, influential authors or institutions and their cooperation, knowledge base, hotspots evolution, or the emerging topics in ferroptosis research to our knowledge.

Nowadays, there are kinds of approaches to systemically review a research field, of which bibliometrics is one of the most popular methods (18). Bibliometrics can not only qualitatively and quantitatively analyze the contribution and cooperation of authors, institutions, countries, and journals, but also evaluate the development and emerging trends in scientific research (18–23). That which other methods, such as traditional review, meta-analysis, or experiment research, cannot perform. According to the strengths, it is becoming increasingly important in evaluating research trends and formulating guidelines (24). Therefore, bibliometrics is suitable for evaluating and overviewing ferroptosis research.

This study aimed to use two commonly used bibliometric tools, CiteSpace and VOSviewer, to objectively describe the knowledge domain and emerging trends of ferroptosis research from three aspects as follows. (1) We designed to quantify and identify the general information in ferroptosis research, such as the individual impact and the cooperation information, by analyzing annual publications, journals, co-cited journals, countries/regions, institutions, authors and co-cited authors. (2) We planned to find and analyze the most co-cited papers by co-cited reference analysis to evaluate the knowledge base of ferroptosis. (3) Most importantly, finding the knowledge structure and hotspots evolution, and detecting the emerging topics of ferroptosis by keywords analysis and co-cited reference burst analysis. Overall, these three aspects cover the status quo and trends of ferroptosis research.



Materials and Methods


Data Collection

The Web of Science Core Collection (WoSCC) database is commonly used in bibliometric analysis (19, 22, 25–27). We also chose it because it can provide comprehensive information bibliometric software needs and is regarded as the most influential database (28).

Data were retrieved from the WoSCC database on November 1, 2020. We searched “ferroptosis” and “ferroptotic” as the term and set the timespan from the inception of Web of Science (WoS) to November 1, 2020. The language was restricted to English, and the article type was limited to Article or Review. Search results were downloaded with the record content of “Full Record and Cited References” and the file format of “Plain Text”. Then, we renamed the files for further analysis because CiteSpace can only recognize files named “download *.txt”.



Data Analysis and Visualization

At present, the commonly used bibliometric software includes VOSViewer, CiteSpace, SCI2, NetDraw, and HistCite (29). There is no consensus on which bibliographic method is the best (30). Considering their characteristics and advantages, this research used both VOSviewer and CiteSpace (22, 25, 29, 31).

VOSviewer, developed by Leiden University, is a software that does well in creating, visualizing, and exploring maps based on network data (32, 33). We used VOSviewer 1.6.15 to identify productive journals, co-cited journals, authors, co-cited authors, as well as the related knowledge-maps based on bibliographic data. In addition, we created the keywords co-occurrence and cluster map based on text data. Terms were obtained from titles and abstracts fields using natural language processing algorithms and complemented with a VOSviewer corpus file (33). Firstly, we cleaned the data, such as merged “van raan, a” and “vanraan, a” in author analysis, unified “glutathione” and “gsh” as “gsh,” and deleted meaningless terms such as “focus” and “year” in term analysis (34). Secondly, we used fractional counting as the counting method and set the maximum number of authors per document as 25 (35). The difference between full counting and fractional counting is the strength of the links (33). The fractional counting method calculated the link strength by splitting papers according to the weight (18, 30, 33). For example, if three authors co-author a paper, each of their link strength will be counted as 1/3 in fractional counting, while it will be counted as one in full counting. It can be identified that fractional counting performs more reasonable in author analysis (36), and after comparing two methods in other sections, the data in our study showed more reasonably and clearly by the fractional counting method. Besides, in term analysis, each term was calculated a relevance score, which represented that terms with a high relevance score tend to represent specific topics, while terms with a low relevance score tend not to be representative of any specific topic (33). Therefore, we selected the terms that not only appeared more than ten times but also at the top 60% relevance score to analyze. Other thresholds (T) of items were set based on different situations (19), which were marked in corresponding tables and figures.

CiteSpace, developed by Prof. Chaomei Chen, is a bibliometric and visual analysis tool good at exploring cooperation, key points, internal structure, potential trends and dynamics in a certain field (37). Therefore, we used CiteSpace 5.7 to analyze and visualize the co-occurrence of countries/regions and institutions, dual-map of journals, trends of high-frequency keywords, co-cited references, and citation bursts for references. We cleaned the data before analyzing; for instance, in countries/regions analysis, publications from Taiwan were reclassified to China (35), and those from England, Scotland, Northern Ireland, and Wales were assigned to the United Kingdom (36). Similarly, we merged the synonyms such as “GPX4” and “glutathione peroxidase 4” in keyword evolution analysis. The CiteSpace settings were as follows: time span (2012–2020), years per slice (1), pruning (Minimum Spanning Tree and Pruning Sliced Networks), selection criteria (Top N=50), and others followed the default.

We used Microsoft Office Excel 2019 to manage the database and analyze the annual publications.

Besides, we obtained the 2019 impact factor (IF) and JCR division of journals from the Web of Science InCites Journal Citation Reports on November 15, 2020.




Results


Annual Growth Trend

According to the data collection strategy, we collected 1,268 papers but these contained one duplicate. Finally, a total of 1,267 eligible papers were included (Annexes 1), published between 2012 and 2020. As we can see from Figure 1, ferroptosis-related references showed an annual upward tendency. Significantly, the yearly output is almost twice as much as the previous year in the last three years (2018 to present).




Figure 1 | Annual output of ferroptosis research.





Journals and Co-Cited Journals

We used VOSviewer to conduct co-citation and co-cited journal analysis, finding the most active and most influential journals in the ferroptosis field. The results showed that the 1,267 references were published in 466 academic journals. Cell Death & Disease published the most papers (41, 3.21%), followed by Biochemical and Biophysical Research Communications, Free Radical Biology and Medicine, Redox Biology, and Cell Death and Differentiation (Table 1). Among the top10 journals, seven were at the Q1 JCR division, and six had an Impact Factor (IF) of more than five (Table 1).


Table 1 | The top 10 journals of ferroptosis research.



Among 4,781 co-cited journals, eleven journals had citations over 1,000. As we can see from Table 2, Cell had the most co-citations (3,926, 4.21%), followed by Nature, Journal of Biological Chemistry, and Proceedings of the National Academy of Sciences of the United States of America (PNAS). Among the top 10 co-cited journals, eight were at the Q1 JCR division with an Impact Factor (IF) of more than six, seven were from the United States.


Table 2 | The top 10 co-cited journals of ferroptosis research.



The dual-map overlay of journals stands for the topic distribution of academic journals (38) (Figure 2). The citing journals were located on the left while the cited journals were on the right, and the colored paths indicated the citation relationships. Only one primary citation path colored orange was identified, which means the studies published in Molecular/Biology/Genetics journals were mainly cited by the studies published in Molecular/Biology/Immunology journals.




Figure 2 | The dual-map overlay of journals related to ferroptosis research. Notes: The citing journals were at left, the cited journals were on the right, and the colored path represents citation relationship.





Countries/Regions and Institutions

A total of 1,267 publications were co-authored by 438 institutions from 61 countries/regions. The largest number of publications were originated from China (562, 31.03%), followed by the United States (410, 22.64%), Germany (157, 8.67%), and Japan (103, 5.69%) (Table 3). Some nodes, such as the United States, France, Germany, Australia, the United Kingdom and Canada, were colored purple round in Figure 3A in terms of their high betweenness centrality (≥0.10), which is usually regarded as the important turning points that may lead to transformative discoveries and acts as a bridge (37, 39–41). Furthermore, according to the color of links, the USA (2012), Germany (2013), France (2013), and Russia (2013) were the earliest countries to take up the ferroptosis research. We used minimum spanning tree pruning to make the network clear (Figure 3A). Actually, no-pruning countries/regions co-occurrence map contained 61 nodes and 302 links with a density equal to 0.165, indicating active collaborations among different countries/regions. For instance, the USA had cooperation with 34 countries/regions, followed by Germany (n = 30), China (n = 26), France (n = 24), and UK (n = 24).


Table 3 | The top 10 countries/regions and institutions involved in ferroptosis research.






Figure 3 | The co-occurrence map of (A) countries/regions and (B) institutions in ferroptosis research (T≥20). Notes: The size of node reflects the co-occurrence frequencies, and the links indicate the co-occurrence relationships. The color of node and line represents different years, colors vary from purple to red as time goes from 2012 to 2020; and node with purple round means high betweenness centrality (>0.1).



The top 12 institutions were from China (6/12), USA (4/12), Germany (1/12) and Australia (1/12) (Table 3). University of Pittsburgh (59, 3.34%) published the most papers, followed by Columbia University (57, 3.23%), Guangzhou Medical University (41, 2.32%), Chinese Academy of Sciences (33, 1.87%), and Zhejiang University (32, 1.81%) (Table 3).



Authors and Co-Cited Authors

A total of 6,867 authors were involved in ferroptosis research. Eighteen authors published more than ten articles. Brent R Stockwell published the most papers (n = 39), followed by Daolin Tang (n = 36), Rui Kang (n = 35), Marcus Conrad (n = 31) and Andreas Linkermann (n = 26) (Table 4). The authors (n = 135) who published at least five papers (T≥5) were included to build the network map of authors (Figure 4). The same color represented the same cluster. There were active collaborations in ferroptosis research, especially among authors in the same cluster, such as Brent R Stockwell and Scott J Dixon, Daolin Tang and Rui Kang, etc. Close cooperation was also observed among clusters, such as Brent R Stockwell and Andreas Linkermann, Brent R Stockwell and Marcus Conrad, Brent R Stockwell, and Xuejun Jiang, etc.


Table 4 | The top 10 authors and co-cited authors of ferroptosis research.






Figure 4 | The co-occurrence map of authors in ferroptosis research (T≥5). Notes: The size of node reflects the author’s co-occurrence frequencies, the link indicate the co-occurrence relationship between authors, and the same color of node represent the same cluster.



Co-cited authors are authors who have been co-cited together in a range of publications (42). Among 36,666 co-cited authors, 16 were co-cited over 200. Scott J Dixon (n = 1566) ranked first, followed by Wan Seok Yang (n = 1304), Jose Pedro Friedmann Angeli (n = 557), Minghui Gao (n = 519), Andreas Linkermann (n = 462), and Brent R Stockwell (n = 462). The remaining four top authors were co-cited from 327 to 413 (Table 4). The authors (n = 43) with co-citations of at least 100 (T ≥ 100) were used to make the density map (Figure 5); this type of knowledge-map could present the high-frequency co-cited authors clearly. According to Figure 5, Scott J Dixon and Wan Seok Yang had the hottest color for the most co-cited.




Figure 5 | The density map of co-cited authors in ferroptosis research (≥100). Notes: The size of word, the size of round, and the opacity of yellow is positively related to the co-cited frequency.





Keyword Co-Occurrence, Clusters, and Evolution

VOSviewer was used to present the term co-occurrence (Table 5, Figure 6, 7) and cluster analysis (Figure 7). A total of 25,413 terms were extracted, of which 595 appeared more than ten times and 51 appeared more than 100 times. The density map (Figure 6) of terms can find the high-frequency co-occurrence terms, which reveal the hotspots in a specific research field. As we can see from Figure 6 and Table 5, peroxidation was the most important term with 350 (2.97%) co-occurrences, followed by disease, tumor cell, tumor, review and necroptosis.


Table 5 | The top 20 terms of ferroptosis research (relevance score>0.081).






Figure 6 | The density map of terms in ferroptosis research (T≥10, relevance score ≥0.081) Notes: The size of word, the size of round, and the opacity of yellow is positively related to the co-occurrence frequency.






Figure 7 | Terms co-occurrence network and clusters in ferroptosis research (T≥10, relevance score ≥0.081, contains 357 items, 5 clusters and 25,151links; max lines = 200.). Notes: The size of node and word reflects the co-occurrence frequencies, the link indicate the co-occurrence relationship, and the same color of node represent the same cluster.



Cluster analysis can show the knowledge structure of the research field (29). According to the link strength of term co-occurrence, the network was divided into five clusters (Figure 7). It is highly homogeneous between the terms in one cluster. Cluster 1 (red) is the largest cluster with 110 co-occurrence terms: erastin, cell line, ferrostatin-1, cell viability, knockdown, cytotoxicity, cell viability, SLC7A11, malonaldehyde (MDA), sorafenib, caspase, ferrous iron, system xc-, RSL3, miRNA, siRNA, etc. The topic of Cluster1 is the mechanism of ferroptosis. Cluster 2 (green) is mainly related to nervous system injury, which includes 73 terms: disease, neurodegeneration, dysfunction, pathogenesis, neuron, iron homeostasis, Parkinson’s disease, Alzheimer, stroke, neuronal death, etc. Cluster 3 (blue) focuses on cancer, which contains 69 terms: tumor cell, tumor, anti-cancer therapy, peroxide, potential, application, chemotherapy, nanomaterial, new strategy, tumor microenvironment, photothermal therapy, photodynamic therapy, etc. Cluster 4 (yellow) is mainly related to cell death with 63 terms: review, necroptosis, necrosis, injury, inflammation, cell death pathway, pyroptosis, regulated necrosis, cell death mechanism, ischemia-reperfusion, acute kidney injury (AKI), etc. Cluster 5 (purple) is related to lipid peroxidation, which includes 42 terms: peroxidation, oxidation, lipid, antioxidant, phospholipid, lipoxygenase, lipid hydroperoxide, acyl-CoA synthetase long chain family member 4 (ACSL4), polyunsaturated fatty acid (PUFAs), etc.

Keywords time zone view was designed by CiteSpace, which could show the evolution of high-frequency keywords clearly. Keywords were located in the year they first co-occurred, and the color of links represents the first year two keywords appear simultaneously. High-frequency keywords (T≥50) were shown in Figure 8, while the threshold was a cumulative figure, leading some latest keywords had not accumulated 50 enough. Consequently, we added the annual top three high-frequency keywords from 2016 to 2019 to supplement the timezone map (Figure 8). Among them, nuclear factor erythroid-2 related factor 2 (Nrf2) may have turning point significance with a high centrality (0.12) more than 0.10 (41).




Figure 8 | Keywords timezone view of ferroptosis research. Notes: In 2012-2015, keywords with co-occurrence ≥50 were showed; In 2016-2019, the annual top3 keywords were showed with its co-occurrence frequency. The size of cross and word reflects the co-occurrence frequencies, the link indicate the co-occurrence relationship. The color of node and line represents different years, colors vary from purple to red as time goes from 2012 to 2020.





Co-Cited Reference and Reference Burst

We used CiteSpace to detect the co-cited references. Table 6 showed that the top 10 co-cited references were co-cited at least 196 times, especially three of them were co-cited over 300 times. The most co-cited reference was a review published in Cell by Brent R Stockwell, etc. in 2017 (1), entitled “Ferroptosis: A Regulated Cell Death Nexus Linking Metabolism, Redox Biology, and Disease”, followed by an article entitled “Regulation of ferroptotic cancer cell death by GPX4” (3).


Table 6 | Top 10 co-cited references for ferroptosis research.



References with citation bursts are defined as those that are cited frequently over a while (41). In CiteSpace, we set the burst duration to at least two years, from which we detected 55 references with the strongest citation bursts (Figure 9). Figure 9 showed that 34.55% (19/55) of the references appeared citation burstness in 2014, followed by 2016 (15/55,27.27%) and 2015 (7/55,12.73%). Notably, nine references (16.36%) were in burstness until 2020. The paper with the strongest burstness (strength=79.99) was entitled “Ferroptosis: an iron-dependent form of non-apoptotic cell death” (2), published in Cell by Scott J Dixon, etc. in 2012, with citation burstness from 2013 to 2017.




Figure 9 | Top 55 references with the strongest citation bursts (sorted by the beginning year of burst). Notes: The Blue bars mean the reference had been published; the red bars mean citation burstness.






Discussion


General Information

Based on the data from WoSCC database up to November 1, 2020, a total of 1,267 ferroptosis researches were published in 466 academic journals by 6,867 authors in 438 institutions from 61 countries/regions.

Change of the annual output is an essential indicator for the development trend in the field (29, 35). The ferroptosis research officially started in 2012, the year Scott J Dixon presented “ferroptosis” (2), and showed an upward tendency overall (Figure 1). It could be divided into three stages, namely, “Germination,” “Stable growth,” and “Rapid development.” “Germination”(2012–2013): The concept of ferroptosis was officially proposed (2), and there were four articles in these 2 years. “Stable growth” (2014–2017): In this stage, ferroptosis gained more scientists’ interest and the annual output grew steadily. “Rapid development” (2018 to present): During this period, the number of annual publications was approximately twice that of the previous year, indicating that ferroptosis research has attracted mounting researchers’ attention and developed rapidly. Furthermore, the increasing trend looks promising.

Journals and co-cited journals analysis (Table 1) showed that Cell Death & Disease published the most ferroptosis research, while Cell received the largest number of co-cited references. Both of these are journals on cell biology, which is consistent with the dual-map analysis (Figure 2). The dual-map overlay of journals stands for the topic distribution of academic journals (38); Figure 2 showed only one main citation path from Molecular/Biology/Genetics co-cited journals to Molecular/Biology/Immunology journals, implying that ferroptosis-related studies are focused on basic research nowadays, while researches on translational medicine is still limited (7). Meanwhile, journals at the Q1 JCR division with high IF accounted for the majority of top 10 journals (70%) and co-cited journals (80%), suggesting that these journals have interests and play essential roles in ferroptosis-related researches.

Are there differences among countries/institutions in ferroptosis studies? Table 3 and Figure 3 showed that China, the USA, and Germany were the top 3 productive countries. However, the USA, France, Germany, Australia, the United Kingdom, and Canada were regarded as important turning points that may lead to transformative discoveries (37, 39–41). Furthermore, the United States was the earliest country to take up the ferroptosis study, followed by Germany, France, and Russia; these four countries were also the top 10 productive countries. Indicating that the United States is always a productive and influential country in ferroptosis research; noticeably, China started later but has emerged as one of the most productive contributors in recent years. That is consistent with the finding in neuroscience research, and may be related to the economic development and financial input into academic research of these countries (50). Besides, there were active collaborations among different countries/regions, especially the United States, indicating ferroptosis-related research had gained interest worldwide, and the United States was the main collaborating center. The top 12 institutions were from four countries; three-fifths were from China, while the top 2 were from the USA. The University of Pittsburgh, Columbia University, and Guangzhou Medical University published the most. Moreover, we found active cooperation among the University of Pittsburgh, Columbia University, Harvard University, and other institutions, implying their notable contributions to the ferroptosis field.

Highlighting the contributions of influential researchers, such as the authors with many co-occurrences or co-cited papers in a specific field, can help scholars move along the road and provide further directions and guidelines (51). In our analysis (Table 4, Figures 4 and 5), Brent R Stockwell published the most papers, while Scott J Dixon had the most co-citations. Meanwhile, we found four scholars who were not only the top 10 productive authors but also the top 10 co-cited authors, namely Brent R Stockwell, Andreas Linkermann, Scott J Dixon, and Jose Pedro Friedmann Angeli. Implying that these four authors had an outstanding contribution to ferroptosis field. Furthermore, the map of authors and co-cited authors provides information about potential collaborators and influential research groups (52). In the ferroptosis field, researchers have active cooperation within and between institutions, especially among the influential authors. For example, 27 researchers from 24 institutions presented the most co-cited review entitled “Ferroptosis: A Regulated Cell Death Nexus Linking Metabolism, Redox Biology, and Disease” (1). It is suggesting that these influential teams could be potential collaborators for researchers.



Knowledge Base

Co-cited references are references that have been cited together by other publications. However, the knowledge base is the collection of co-cited references cited by the corresponding research community (41, 53–55), which is not entirely equivalent to highly cited references. In this bibliometric analysis, the top 10 references co-cited by the included ferroptosis literature (Table 6) were as follows.

In 2017, Cell published the most co-cited study (n=430) co-authored by Brent R Stockwell and 26 other scholars (1) outstanding in ferroptosis research. This review summarized the mechanisms of ferroptosis, highlighted connections with other biological and medical areas, and recommended guidelines for studying ferroptosis. Wan Seok Yang et al. (3) published the second co-cited study in Cell in 2014. This study found GPX4 is an essential regulator of ferroptotic cancer cell death; before that, GPX4 had been proved to protect against lipid peroxidation (56) and oxidative stress damage (57). The third co-cited publication was published in 2016 by Y Xie et al. (43) This review summarized the mechanisms, signaling pathways, and measuring methods of ferroptosis and discussed the role of ferroptosis in disease. The fourth co-cited paper was published by Le Jiang et al. (44) in Nature in 2015. This study showed that p53 inhibits cystine uptake and sensitizes cells to ferroptosis by repressing the expression of SLC7A11, a vital component of the cystine/glutamate antiporter. In 2017, Sebastian Doll et al. (45) established the essential role of ACSL4 in ferroptosis and published the fifth co-cited study. They used two approaches, genome-wide CRISPR-based genetic screen and microarray analysis of ferroptosis-resistant cell lines, to reveal that ACSL4 dictates ferroptosis sensitivity by shaping cellular lipid composition. The sixth co-cited paper was published by Wan Seok Yang et al. (46) in 2016. This review summarized the discovery of ferroptosis, the molecular mechanisms controlling ferroptosis, and its increasingly appreciated relevance to health and disease. Nature Cell Biology published the seventh co-cited experiment research by Jose Pedro Friedmann Angeli et al. in 2014 (4). This study used inducible Gpx4(−/−) mice to elucidate an essential role for the GSH/Gpx4 axis in preventing lipid-oxidation-induced acute renal failure. Furthermore, they found Liproxstatin-1, a spiroquinoxalinamine derivative, is a potent ferroptosis inhibitor in cells, Gpx4(−/−) mice, and a pre-clinical model of ischemia/reperfusion-induced hepatic damage. The eighth co-cited paper was published by Minghui Gao et al. (47) in Molecular Cell in 2015. This study detected that the iron-carrier protein transferrin and amino acid glutamine are the inducers of ferroptosis; and glutaminolysis, the cell surface transferrin receptor and the glutamine-fueled intracellular metabolic pathway, plays crucial roles in the ferroptosis process. Furthermore, this study proved that inhibiting glutaminolysis can reduce ischemia/reperfusion-induced heart damage. In 2017, Nature Chemical Biology published the ninth co-cited study authored by Valerian E Kagan et al. (48). This study used quantitative redox lipidomics, reverse genetics, bioinformatics, and systems biology to detect the peroxidation mechanism of ferroptosis, and discovered that oxidized arachidonic and adrenic PEs navigate cells to ferroptosis, which may be useful to anti-cancer therapy. In 2016, the tenth co-cited paper was published by Wan Seok Yang et al. (49) in PNAS. They demonstrated that PUFAs are susceptible to lipid peroxidation by lipoxygenases and hence execute ferroptosis.

Generally, the top 10 co-cited references focused on reviews (three reviews were published in 2017 and 2016), mechanisms (include targets and genes, such as GPX4, glutamine, GSH, iron-carrier protein transferrin, p53, SLC7A11, ACSL4, system xc−, PUFAs, lipoxygenase, etc.), and related diseases of ferroptosis (such as cancers, acute renal failure, ischemia/reperfusion-induced hepatic and heart damage etc.), all these were the foundations of ferroptosis research.



Hotspot Evolution, Knowledge Structure, and Emerging Topics

In bibliometrics, keywords/terms co-occurrence (Table 5 and Figure 6) can reflect the hotspots of an academic field (58), and the timezone view (Figure 8) can show the evolution of new hotspots (59). The high-frequency terms of ferroptosis (Table 5 and Figure 6) included peroxidation, inflammation, disease, tumor, cancer therapy, neurodegeneration, review, necroptosis, pyroptosis, etc., which were regarded as the hotspots in ferroptosis research. As time goes on, emerging topics occurred continuously (Figure 8). In the germination stage (2012–2013), rising terms included cancer cell, oxidative, mechanism, mitochondria, etc. While in the stable-growth stage (2014–2017), new terms contained more mechanism detection and pay more attention to different diseases, including lipid peroxidation, GPX4, glutathione, pathway, inflammation, resistance, molecule mechanism, Nrf2, disease, Parkinson’s disease, DNA damage, nuclear factor kappa-B (NF-κb), peroxidation, induction, etc. Notably, Nrf2 may have turning significance with a high centrality (41, 60). In the rapid development stage (2018-now), emerging topics, such as breast cancer, iron metabolism, degradation, nanoparticle, biology, did not only continue the characteristics of the stable-growth stage but also used more technology, such as the emerging application of nanoparticles in cancer treatment (61–67). Unfortunately, although many essential regulatory molecules were demonstrated and transferrin receptor 1 protein (TfR1) was considered as a specific marker of ferroptosis by some scholars (68), there are still no acknowledged specific biomarkers of ferroptosis, such as caspase activation for apoptosis or autophagy lysosome formation for autophagy (9, 69).

Moreover, the cluster of keywords/terms could describe the internal knowledge structure and reveal the research frontier of the discipline (29). Cluster analysis showed five main clusters in the ferroptosis field (Figure 7), including regulation mechanisms, nervous system injury (including neurodegenerative disease), cancer, the relationship with other types of cell death, and lipid peroxidation, representing five main aspects of ferroptosis research to some extent. As we know, there is cross-talk between ferroptosis and other types of cell death in some similar signals and molecular regulators [e.g., apoptosis (70) and autophagy (71)], while the mechanisms that direct cells to choose among different cell death ways are still an enigma (7). Besides, lipid peroxidation is proved to be a vital mechanism in ferroptosis, but it is still unknown why and how lipid peroxidation leads to the death of cells in ferroptosis, and this is regarded as one of three key areas of future ferroptosis research (72). As for disease, ferroptosis in cancers has been a hotspot from initial stage to now, and there is also a large amount of research on nervous system injury.

References with strong citation bursts (Figure 9) could also characterize the emerging topics of a field (35, 41, 73). The strongest citation burstness came from a landmark study published by Dixon SJ et al. (2) in 2012 (79.30, 2013–2017), which coined the term ferroptosis. Early research only recognized that cysteine is necessary to maintain the biosynthesis of glutathione and inhibit a type of cell death in mammalian cells (74, 75) that is also preventable by iron chelators or lipophilic antioxidants (76). While in this study, Dixon SJ’s team found that erastin could trigger a unique iron-dependent form of non-apoptotic cell death and named it ferroptosis. Since then, additional compounds and regulatory mechanisms have been identified, and ferroptosis becomes an emerging focus of regulated cell death. More importantly, among the top 55 references with the strongest citation burst (Figure 9), nine references are still in burstness. These nine references represent the latest emerging topics of ferroptosis hence they deserve further discussion (19, 35). Ranking by burstness strength, the first paper (strength=27.78) was published by Wan Seok Yang et al. (3) in Cell in 2014, with the citation burstness lasted for five years (2016–2020), proving that GPX4 is an essential regulator of ferroptotic cancer cell death. Jose Pedro Friedmann Angeli et al. (4) detected that inactivation of Gpx4 triggers acute renal failure in mice. The study was published in Nature Cell Biology in 2014 with the second strongest citation burstness (strength=23.89) lasting for five years (2016–2020). Scott J Dixon et al. (77) published the third reference in 2014 (13.69, 2016–2020). They found that erastin is a potent inhibitor of system xc− function, which is much more potent than sulfasalazine, the known best inhibitor of system xc−. They also discovered that the anti-cancer drug sorafenib inhibits system xc− function and could trigger endoplasmic reticulum stress and ferroptosis. The reference with the fourth-strongest citation burstness was published in Trends in Pharmacological Science by Jose Pedro Friedmann Angeli et al. (78) in 2017 (12.98, 2018–2020). This review mainly summarized the fundamental aspects of lipid peroxidation in ferroptosis and their potential contribution to disease; furthermore, they discussed the potential pharmacological approaches aiming to subvert lipid peroxidation and suppress ferroptosis. The fifth paper is a review authored by Haitao Yu et al. (79) in 2017 (11.03, 2018–2020), focusing on the relationship between ferroptosis and human tumorous diseases. Min-Young Kwon et al. (80) published the sixth study in 2015 (8.55, 2017–2020). They elucidated that heme oxygenase-1 (HO-1) accelerates erastin-induced lipid peroxidation and ferroptosis. The seventh reference (81) was published in Nature in 2014 (8.2, 2018–2020). This work identified nuclear receptor coactivator 4 (NCOA4) as a selective cargo receptor for autophagic turnover of ferritin. In previous studies, genetic overexpression or knockdown of NCOA4 has been shown to trigger or prevent erastin-induced ferroptosis in several (82). Indeed, ferroptosis has been suggested as a type of autophagy-dependent cell death (71). The eighth study (83) (7.82, 2017–2020) detected that functional lysosomes play an essential role in functional lysosomes in the ferroptosis of cancer cells. Moreover, the ninth study (84) (7.45, 2017-2020) demonstrated the vital role of p53 acetylation in ferroptosis and its remaining tumor suppression activity. The citation burstness analysis showed that exploring the mechanism of ferroptosis (such as GPX4, lipid peroxidation, HO-1, NCOA4, functional lysosomes, p53 acetylation, etc.) and applying to related disease (such as tumor, acute renal failure, etc.) were the recent major topics in the field of ferroptosis research.

From the above analysis, we can see that ferroptosis research initially focused on experimental research and cancer. Afterward, in-depth experimental research detected more star mechanisms (such as GPX4, Nrf2, GSH, p53, SLC7A11, ACSL4, system xc−, phospholipids, NAD(P)H, CoQ10, lipid peroxidation, etc.), used new technologies, and related ferroptosis to more diseases (such as kinds of cancer, Alzheimer, Parkinson’s disease, stroke, ischemia-reperfusion damage, kidney disease, liver disease, atherosclerosis, drug resistance, etc.). Furthermore, ferroptosis research began to do clinical trials (85), while there are still no human intervention trials, indicating that the clinical translational application of ferroptosis theories is still ongoing (12). The reason might be that the ferroptosis inhibitors such as ferrostatin-1 and liproxstatin-1 may inhibit other ROS-dependent forms of cell death, although they are safe in pre-clinical animal studies (7). In the latest traditional review, Daolin Tang (7) pointed out that we are at the dawn of ferroptosis research; challenges require more specific drugs, sophisticated pre-clinical models, and innovative technology. That is consistent with our bibliometric detecting.



Limitations

This study also comes with certain limitations inherent in bibliometrics. Firstly, data were retrieved only from the WoSCC database, while a few studies not included in WoSCC were missed. However, WoSCC is the most commonly applied database for scientometric analysis (19, 28); data from WoSCC could represent most information in a degree. Secondly, all information was extracted by bibliometric tools basing on machine learning and natural language processing, which may lead to bias as reported in other bibliometric studies (86). Nevertheless, compared to the latest traditional reviews (7, 9, 72, 87, 88), our results are basically consistent with them while providing researchers with richer objective information, knowledge and insight.




Conclusion

In conclusion, ferroptosis research is in a rapid development stage with active cooperation worldwide, of which the United States is the main collaborating center. Current publications are mainly in the molecular and biology field. Five main aspects of ferroptosis research included regulation mechanisms, nervous system injury, cancer, relationships with other types of cell death, and lipid peroxidation. The latest hotspots are nanoparticle, cancer therapy, iron metabolism, and in-depth mechanism. Notably, Nrf2 may have turning significance. Based on the results, the emerging topics would be the further regulatory mechanism of ferroptosis and the broader application of ferroptosis-related disease with advanced technology.

Overall, this is the first study to systematically analyze the ferroptosis-related publications by bibliometric and knowledge-map. Moreover, we analyzed data by both CiteSpace and VosViewer, which could obtain richer results from different perspectives. Compared to traditional reviews, this study provides an original and objective insight into ferroptosis research. We believe the results of this study would provide helpful references for further research.
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Introduction: Breast cancer is the most common malignant tumor in women worldwide. However, advanced multidisciplinary therapy cannot rescue the mortality of high-risk breast cancer metastasis. Ferroptosis is a newly discovered form of regulating cell death that related to cancer treatment, especially in eradicating aggressive malignancies that are resistant to traditional therapies. However, the prognostic value of ferroptosis-related gene in breast cancer remains unknown.

Materials and Methods: In this study, a total of 1,057 breast cancer RNA expression data with clinical and follow-up information were downloaded from the TCGA cohort, multivariate Cox regression was used to construct the 11-gene prognostic ferroptosis-related gene signature. The breast cancer patients from the GEO cohort were used for validation. The expression levels of core prognostic genes were also verified in erastin-treated breast cancer cell lines by real-time polymerase chain action (PCR).

Results and Discussion: Our results showed that 78% ferroptosis-related genes were differentially expressed between breast cancer tumor tissue and adjacent non-tumorous tissues, including 29 of them which were significantly correlated with OS in the univariate Cox regression analysis. Patients were divided into high-risk group and low-risk group by the 11-gene signature. Patients with high-risk scores had a higher probability of death earlier than the low-risk group both in the TCGA construction cohort and in the GEO validation cohort (all P < 0.001). Meanwhile, the risk score was proved to be an independent predictor for OS in both univariate and multivariate Cox regression analyses (HR > 1, P < 0.01). The predictive efficacy of the prognostic signature for OS was further verified by the time-dependent ROC curves. Moreover, we also enriched many immune-related biological processes in later functional analysis; the immune status showed a statistical difference between the two risk groups. In addition, the differences in expression levels of 11 core prognostic genes were examined in ferroptosis inducer-treated breast cancer cell lines.

Conclusion: In conclusion, a novel ferroptosis-related gene model can be used for prognostic prediction in breast cancer. New ferroptosis-related genes may be used for breast cancer targeting therapy in the future.

Keywords: breast cancer, ferroptosis, gene signature, overall survival, immune status


INTRODUCTION

Breast cancer is the most common malignant tumor in women worldwide; among 70–80% patients with early, non-metastatic disease can be cured. However, advanced breast cancer with distant organ metastasis is considered to be incurable by the currently available treatment methods (Harbeck et al., 2019). Meanwhile, the chemotherapy or endocrine therapy resistance of breast cancer patients also brings certain challenges to their treatment. In addition, the global incidence of breast cancer is increasing at a rate of 3.1% per year, from 641,000 cases in 1980 to 1.6 million cases in 2010 (Bray et al., 2015). Under the joint multidisciplinary diagnosis and treatment model of surgery, radiotherapy, chemotherapy, endocrinology, and targeted precision therapy, the mortality of advanced breast cancer or high-risk breast cancer with metastasis has not been significantly improved (Emens, 2018). All these data highlight the additional need for innovative methods to identify patients with high-risk disease.

Ferroptosis is a newly discovered form of regulating cell death, which is related to metabolism, redox biology, and human health. Emerging evidence suggests that it may trigger ferroptosis for cancer treatment, especially in eradicating aggressive malignancies that are resistant to traditional therapies (Liang et al., 2019). Previous studies have shown that ferroptotic cell death is a type of cell death that is different from apoptosis, various forms of necrosis, and autophagy. It is different in morphology, biochemistry, and genetics. Different from other forms of apoptosis and non-apoptotic death, the feature of this process is the iron-dependent accumulation of reactive oxygen species (ROS) (Yagoda et al., 2007; Christofferson and Yuan, 2010; Dixon et al., 2012). There have been some studies related to breast cancer and ferroptosis. Ma et al. discovered that ferroptosis was induced following siramesine and lapatinib treatment of breast cancer cells (Ma et al., 2016). Yu et al. found that target exosome-encapsulated erastin induced ferroptosis in triple-negative breast cancer cells (Yu et al., 2019b). There was also a study that explored that sulfasalazine-induced ferroptosis in breast cancer cells was reduced by the inhibitory effect of the estrogen receptor on the transferrin receptor (Yu et al., 2019a). In addition, Qiao et al. discovered that NR5A2 synergized with NCOA3 could induce breast cancer resistance to the BET inhibitor by regulating NRF2 to attenuate ferroptosis (Qiao et al., 2020). However, studies on the ferroptosis-related genes in the prognosis of breast cancer remain largely unknown.

In this study, we downloaded the mRNA expression data and corresponding clinical data of breast cancer patients from the TCGA database. Then, we constructed a prognostic ferroptosis-related gene signature based on the TCGA cohort and validated this model in the GEO cohort. We further did the functional enrichment analysis to identify the potential mechanisms.



MATERIALS AND METHODS


Data Collection and Ferroptosis-Related Gene Definition

A total of 1057 breast cancer RNA expression data with clinical and follow-up information were downloaded from the TCGA cohort1. In addition, the breast cancer RNA expression data with clinical and follow-up information of three external validation cohorts were downloaded from the Gene Expression Omnibus (GEO) database2, including 327 samples of GSE20685, 88 samples of GSE20711, and 104 samples of GSE42568. The baseline clinical characteristics of the breast cancer patients in this study are shown in Table 1. All the data from TCGA and GEO were public. This study was exempted from the approval of the local ethics committees. The present study followed the TCGA and GEO data access policies and publication guidelines.


TABLE 1. The baseline clinical characteristics of the breast cancer patients in this study.

[image: Table 1]Later, 259 ferroptosis-related genes were obtained from the FerrDb website3, which was the first database of ferroptosis regulators and markers and ferroptosis–disease associations. It classified ferroptosis-related genes into three subgroups, including drivers which were genes that promote ferroptosis, suppressors which were genes that prevent ferroptosis, and markers which were genes that indicated the occurrence of ferroptosis (Zhou and Bao, 2020). We further removed the duplicate genes of the three subgroups of ferroptosis gene sets and obtained a total of 259 genes for subsequent analysis. The detailed information and classification of ferroptosis-related genes are found in Supplementary Table 1.



Construction and Validation of a Prognostic Ferroptosis-Related Gene Signature

The “limma” R package was used to identify the differentially expressed genes (DEGs) between breast cancer tissues and adjacent normal breast tissues; it was filtered by the cutoff values of false discovery rate (FDR) < 0.05 and log2| fold change| > 1 in the TCGA cohort. Later, we used univariate Cox analysis of overall survival (OS) to select the potential ferroptosis-related prognostic genes by R “survival” filtered by p < 0.05. In addition, the R “venn” package was used to get the intersect genes between ferroptosis-related DEGs and prognostic genes. We further used the intersect candidate genes for the construction of the prognostic signature. A ferroptosis-related prognostic signature-based prediction model was constructed by using coefficients (β) calculated from multivariate Cox regression as the weights. The risk score for each patient in the TCGA cohort was calculated based on the risk formula: risk score = expression of gene1 × β1 + expression of gene2 × β2 + … expression of genen × βn. The breast cancer samples were then divided into high-risk group and low-risk group according to the median value of risk scores. For the survival analysis, the optimal cutoff expression value was determined by the “survminer” R packages. We also used the “survivalROC” R package to conduct the time-dependent ROC curve analyses for evaluating the predictive power of our 11-gene signature prediction model. Besides, univariate and multivariate Cox regression analyses were used to explore whether the risk score calculated from our model could play as an independent prognostic factor for breast cancer patients after considering other clinical factors, including age, stage, T stage, N stage, and M stage.



Functional Enrichment Analysis

The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) were analyzed by the “clusterProfiler” R package through identifying the DEGs (| log2FC| ≥ 1, FDR < 0.05) between the high-risk and low-risk groups. Later, the ssGSEA algorithm was used to calculate the enrichment degree of 29 immune-related gene sets, including immune cell types, functions, or pathways. The annotated gene sets are concluded in Supplementary Table 2.



Cell Culture

Human breast cancer cells MDA-MB-231 and MCF-7 were maintained in L15 and DMEM High Glucose (Gibco; Thermo Fisher Scientific, Inc., Waltham, MA, United States), respectively, and were supplied with 10% fetal bovine serum (FBS; Gibco; Thermo Fisher Scientific, Inc.) at 37°C with 5% CO2. The MCF-10A cells were cultured in DMEM/F12 (1:1) (Gibco; Thermo Fisher Scientific, Inc., Waltham, MA, United States) that was supplemented with 100 ng/ml cholera toxin (Sigma, St. Louis, MO, United States), 20 ng/ml epidermal growth factor (EGF) (Thermo Fisher Scientific, Inc., Waltham, MA, United States), 10 μg/ml insulin, 500 ng/ml hydrocortisone, and 5% heat-inactivated horse serum (all from Sigma) at 37°C with 5% CO2. BT-549 cells were cultured in 1640 medium (Gibco; Thermo Fisher Scientific, Inc., Waltham, MA, United States) with 10% FBS, 1μg/ml insulin (Sigma) at 37°C with 5% CO2. SUM-159 cells were maintained in DMEM/F12 with 10% FBS at 37°C with 5% CO2. The old cell culture medium was replaced with fresh medium every other day.



Cell Viability Assay

MDA-MB-231 and MCF-7 cells were seeded in 96-well plates at a density of 3,000 cells per well and incubated in a humidified cell incubator at 37°C, 5% CO2 for 24 h. The cells were then treated with erastin (T-1765, TargetMol, Boston, MA, United States) of 0, 10, 20, and 40 μM for 24, 48, and 72 h. MCF-10A, BT-549, and SUM-159 cells were seeded in 96-well plates at a density of 3,000, 4,000, and 2,500 cells per well, respectively, and then incubated in a humidified cell incubator at 37°C, 5% CO2, for 24 h. The cells were then treated with erastin (T-1765, TargetMol) of 0, 10, 20, and 40 μM for 24 and 48 h. The Cell Counting Kit-8 (CCK-8) (TargetMol) reagent was then added, and the 96-well plate was continued to incubate for another 2 h. The OD (optical density) values were measured at 450 nm with a microplate reader. The experiments in all groups were performed in triplicates and repeated for three times.



Detection of ROS

MDA-MB-231 and MCF-7 cells were incubated in a 60-mm dish for 24 h, then different treatment groups were treated with DMSO, a ferroptosis activator (erastin, 10, 20, 40 μM), for another 48 h. Later, cells were incubated in a 60-mm dish containing 5 μM BODIPY 581/591 C11 dye (D3861, Invitrogen, Carlsbad, CA, United States) for 30 min at 37°C; cells were washed with PBS and trypsinized, then stained with PI (propidium iodide) in PBS for 5 min. Cells were then subjected to flow cytometry analysis using flow cytometry. The FL1 channel signal in live cells was plotted as shown in the figures.



RNA Isolation and Real-Time PCR

Total RNA from MDA-MB-231, MCF-7, MCF-10A, BT-549, and SUM-159 cells treated with erastin was extracted with the RNeasy Mini Kit (Qiagen, Valencia, CA, United States) according to the manufacturer’s protocol. The concentration and purity of all RNA samples were determined at an absorbance ratio of 260/280 nm. A total of 1 μg RNA was reverse-transcribed using iScript cDNA Synthesis kit from Bio-RadTM (Hercules, CA, United States). Real-time PCR analysis was set up with the SYBR Green qPCR Supermix kit (Invitrogen, Carlsbad, CA, United States) and carried out in the iCycler thermal cycler. It was used to detect the mRNA expression levels of core prognostic genes. The relative level of mRNA expression of a gene was determined by normalizing with GAPDH. The primers used for real-time PCR are listed in Supplementary Table 3 and were purchased from Sangon Biotech (Shanghai, China).



Western Blot

The proteins from MDA-MB-231, MCF-7, MCF-10A, BT-549, and SUM-159 cells treated with erastin were lysed in RIPA buffer, containing the phosphatase and protease inhibitor, by using an ultrasonic crusher (Sonics & Materials, Inc., Newtown, CT, United States). Later, the cell mixture was kept on ice for 30 min and transferred to a centrifuge tube for centrifugation at 4°C, 12,000 rpm, for 20 min. The breast cancer proteins from the upper part of the supernatant were collected and detected by BCA Protein Assay Kit (Pierce; Thermo Fisher Scientific, Inc.). Thirty-five micrograms of protein was separated on 10% SDS-PAGE gels and transferred to polyvinylidene fluoride (PVDF) membranes. Then, the PVDF membranes were blocked with 5% non-fat milk in TBST to prevent non-specific binding and subsequently incubated with a primary antibody (G6PD: cat no. sc-373886; Santa Cruz Biotechnology, Inc., Dallas, TX, United States; dilution, 1:500; BRD4: cat no. sc-518021; Santa Cruz Biotechnology, Inc.; dilution, 1:500; PI 3-kinase p110: cat no. sc-8010; Santa Cruz Biotechnology, Inc.; dilution, 1:500; GAPDH: cat no. 5174; Cell Signaling Technology, Inc., Danvers, MA, United States; dilution, 1:1,000) overnight at 4°C. All samples were incubated with anti-horseradish peroxidase-linked IgG secondary antibody (cat no. 7074; Cell Signaling Technology, Inc.; dilution, 1:2,000) at room temperature for 2 h and detected via chemiluminescence detection system (version 3.0; Bio-Rad Laboratories, Inc., Hercules, CA, United States).



Plasmids and Cell Transfection

pcDNA3.1 G6PD plasmid was kindly provided by Professor Ke Wang (XJTU). To overexpress G6PD, MDA-MB-231 cells were transfected with the empty vector pcDNA3.1 and pcDNA3.1 encoding G6PD, and cells were yielded to Western blot for transfect efficiency verification and then subjected to the following experiment. Transfections were performed using Lipofectamine 3000 (Invitrogen) according to the manufacturer’s instructions.



Statistical Analysis

All data were analyzed using R version 4.0.2 or GraphPad Prism 8, and all experiments were repeated at least three times. These results were presented as mean ± standard deviation (SD). We used Student’s t-test to compare the gene expression between tumor tissues and adjacent normal tissues. The Mann–Whitney test with P-values was used to compare the ssGSEA scores of immune cells and pathways between the high-risk and low-risk groups. Kaplan–Meier analysis with the log-rank test was used to compare the OS between the high-risk and low-risk groups. Besides, univariate and multivariate Cox regression analyses were used to identify the independent predictors of OS. The comparison of patients’ clinicopathological parameters between the TCGA cohort and GSE20685 was analyzed by the χ2-test. All statistical analyses were performed with R software (Version 4.0.2). All P < 0.05 was considered statistically significant.



RESULTS

Figure 1 shows the flowchart of construction and validation of data collection and analysis. We totally enrolled 1,057 breast cancer patients from the TCGA as the derivation cohort and 519 breast cancer patients from GEO as the validation cohort. The baseline clinical characteristics of the breast cancer patients in this study are summarized in Table 1.
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FIGURE 1. The flowchart of construction and validation of data collection and analysis.



Identification of Prognostic Ferroptosis-Related DEGs in the TCGA Cohort

We totally included 259 well-defined ferroptosis-related genes in this study, including 108 drivers that promote ferroptosis, 69 suppressors that prevent ferroptosis, and 111 markers that indicate the occurrence of ferroptosis. Supplementary Table 1 shows the detailed information of ferroptosis-related gene sets that were used in our analyses. After the identification of prognostic ferroptosis-related DEGs in the TCGA cohort, results showed that most of the ferroptosis-related genes (202/259, 78%) were differentially expressed between breast cancer tumor tissues and adjacent non-tumorous tissues, including 29 of them which were significantly correlated with OS in the univariate Cox regression analysis (Figure 2A). A total of 29 prognostic ferroptosis-related DEGs were identified by the criteria of FDR < 0.05 (Figures 2B,C). The heatmap in Figure 2B depicts the expression level and distribution of those 29 prognostic ferroptosis-related DEGs. The forest plot of Figure 2C shows the results of univariate Cox regression analysis of these 29 genes. The results demonstrated that 13 of these genes played protective roles in breast cancer patients with HR less than 1 (GPX4, TP63, BRD4, JUN, CHMP6, ACSF2, FLT3, SOCS1, BAP1, IFNG, EGLN2, SLC1A4, IL33), while the other 16 genes (GCLC, CISD1, PROM2, CS, EMC2, G6PD, PIK3CA, SLC38A1, ALOX15, ANO6, MTDH, PANX1, TXNRD1, BNIP3, SLC7A5, NGB) were risk factors with HR more than 1. We further used the STRING database to detect the protein–protein interaction network among those 29 genes (Figure 2D). The interaction network indicated that JUN, FLT3, PIK3CA, G6PD, and GPX4 were the hub genes. The correlation network of the selected candidate genes is shown in Figure 2E, among which different colors represented different degrees of the correlation coefficient.
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FIGURE 2. The identification of the candidate ferroptosis-related genes in the TCGA cohort. (A) Differentially expressed genes between breast cancer and adjacent normal breast tissue that were correlated with OS are shown by a Venn diagram. (B) The heatmap of the 29 overlapping genes’ expression in breast cancer tissues. (C) The univariate Cox regression analysis between gene expression and OS are shown by the forest plots. (D) The interactions among candidate genes are shown by the PPI network through the STRING database. (E) The correlation network of selected candidate genes (different colors represented different degrees of correlation coefficient).




Construction of the Ferroptosis-Related Prognostic Signature in TCGA Cohort

Multi-Cox regression analysis was applied to construct an 11-gene prognostic model using the expression of 29 genes mentioned above. The risk score could be calculated by the following formula: risk score = 0.366 ∗ expression level of CISD1 + (–0.272) ∗ expression level of TP63 + (–0.499) ∗ expression level of BRD4 + 0.290 ∗ expression level of PROM2 + 0.277 ∗ expression level of EMC2 + 0.217 ∗ expression level of G6PD + 0.294 ∗ expression level of PIK3CA + (–0.179) ∗ expression level of FLT3 + (–0.666) ∗ expression level of IFNG + 0.500 ∗ expression level of ANO6 + (–0.275) ∗ expression level of SLC1A4. We stratified all breast cancer patients in the TCGA cohort into the high-risk group (n = 528) and low-risk (n = 529) group according to the median value of risk scores (Figure 3A). In addition, Figure 3B reflects that patients with high-risk scores were more likely to die earlier than those with-low risk scores. Consistently, the Kaplan–Meier survival curve in Figure 3C shows that OS of breast cancer patients in the high-risk group was significantly worse than those in the low-risk group (p = 4.919e–10). We further evaluated the predictive efficacy of the prognostic signature for OS in breast cancer patients by the time-dependent ROC curves, and the area under the curve (AUC) reached 0.700 at 1 year, 0.749 at 2 years and 0.720 at 3 years (Figure 3D).
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FIGURE 3. The prognostic analysis of the 11-gene signature model in the TCGA cohort. (A) The distribution and median value of the risk scores in the TCGA cohort. (B) The distribution of OS, OS status, and risk score in the TCGA cohort. (C) The Kaplan–Meier curves for the OS of patients in the TCGA cohort which was divided into high-risk group and low-risk group. (D) The AUC of time-dependent ROC curves was used to verify the prognostic performance of the risk score in the TCGA cohort.




Validation of the Ferroptosis-Related Prognostic Signature in GEO Cohort

In order to test the robustness of the 11-gene model constructed from the TCGA cohort, GEO cohorts (GSE20685, GSE20711, and GSE42568) from the GEO database were used for external validation. The patients from the GEO cohort were divided into the high-risk group and low-risk group by the median value of risk scores calculated with the same formula from the TCGA cohort (Figure 4A). Similar to the results that were obtained from the TCGA cohort, in the GEO validation cohort, patients with high-risk scores had a higher probability of death earlier than the low-risk group (Figure 4B). Likewise, the Kaplan–Meier survival curve showed that OS of breast cancer patients in the high-risk group was worse than that in the low-risk group with statistical significance (p = 5.431e-04). In addition, the AUC of the 11-gene signature was 0.709 at 1 year, 0.671 at 2 years, and 0.661 at 3 years (Figures 4C,D).
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FIGURE 4. The validation of the 11-gene signature model in the GEO cohort. (A) The distribution and median value of the risk scores in the GEO cohort. (B) The distribution of OS, OS status, and risk score in the GEO cohort. (C) The Kaplan–Meier curves for the OS of patients in the GEO cohort which was divided into high-risk group and low-risk group. (D) The AUC of time-dependent ROC curves in the GEO cohort.




Independent Prognostic Value of the 11-Gene Ferroptosis-Related Prognostic Signature

Subsequently, we extracted the available clinical variables in the TCGA database and GEO database. Univariate and multivariate Cox regression analyses were used to detect whether the risk score could play an independent prognostic role in predicting OS of breast cancer. Figures 5A,C show that the risk score was an independent prognostic predictor for OS in both TCGA cohort (HR = 1.403, 95% CI = 1.261–1.560, P < 0.001) and GEO cohort (GSE20685: HR = 1.061, 95% CI = 1.027–1.097, P < 0.001). Multivariate Cox regression further proved that our risk score could work as an independent predictor for OS in both cohorts (TCGA: HR = 1.412, 95% CI = 1.267–1.574, P < 0.001; GEO: HR = 1.055, 95% CI = 1.021–1.091, P = 0.002) (Figures 5B,D).
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FIGURE 5. Results of the Cox regression analyses regarding OS in the TCGA derivation cohort and GEO validation cohort. (A) The univariate Cox regression analyses regarding OS in the TCGA derivation cohort. (B) The multivariate Cox analyses regarding OS in the TCGA derivation cohort. (C) The univariate Cox regression analyses regarding OS in the GEO validation cohort. (D) The multivariate Cox analyses regarding OS in the GEO validation cohort.




Functional Analyses of the Prognostic Signature-Related Biological Pathways

In order to elucidate the underlying biological functions and pathways that were correlated with our 11-gene prognostic signature-related model, we performed GO enrichment and KEGG pathway analyses by analyzing the DEGs between the high-risk and low-risk groups. Interestingly, results showed that the DEGs from the TCGA cohort were obviously enriched in many immune-related biological processes in GO enrichment (Figures 6A,B). The representing immune-related biological processes and molecular functions include immunoglobulin-mediated immune response, lymphocyte-mediated immunity, humoral immune response, adaptive immune response, immune response-activating cell surface receptor signaling pathway, and immune response-activating signal transduction. Similarly, the KEGG pathway analyses also indicated immune-related pathways such as primary immunodeficiency, T cell receptor signaling pathway, PD-L1 expression and PD-1 checkpoint pathway in cancer, Th1 and Th2 cell differentiation, and Th17 cell differentiation (Figures 6C,D).
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FIGURE 6. Results of GO and KEGG analyses in the TCGA cohort. (A,B) The significant GO enrichment in the TCGA cohort. (C,D) The significant KEGG pathways in the TCGA cohort.


In order to further explore the correlation between the 11-gene signature risk score and immune status, we used ssGSEA to quantify the enrichment scores of different immune cell subgroups, related functions, or pathways. As we expected, the contents of the antigen presentation process showed statistical difference between the high-risk group and low-risk group in the TCGA cohort, including aDCs, B cells, CD8 + T cells, DCs, iDCs, macrophages, mast cells, NK cells, pDCs, T helper cells, Tfh, Th1 cells, Th2 cells, TIL, APC co-inhibition, cytokine–cytokine receptor (CCR), checkpoint, cytolytic activity, HLA, T cell co-inhibition, and T cell co-stimulation (Figure 7). In particular, the scores of Th1 cells, Th2 cells, and T cell co-inhibition and co-stimulation were reflected significantly different between the high-risk group and low-risk group; this finding could correspond with the above enrichment in KEGG analysis.
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FIGURE 7. The ssGSEA scores between different risk groups in the TCGA cohort. (A) The scores of 16 immune cells in the boxplot. (B) The 13 immune-related functions in boxplots. The adjusted P-values are shown in the analyses. ns, not significant; **P < 0.01; ***P < 0.001.




Effects of Erastin on the Expression Levels of 11 Core Prognostic Genes in Breast Cancer Cell Lines in vitro

Breast cancer cell lines MDA-MB-231 and MCF-7 were then treated with ferroptosis inducer erastin in order to explore the role of the 11-core prognostic genes. In Figure 8A,B, the cell viability assay showed that the ferroptosis inducer erastin could inhibit the proliferation of MDA-MB-231 and MCF-7 in a dose-dependent manner. The experiment results showed that the growth inhibitory effects of erastin in both breast cancer cell lines were statistically significant when the concentration was over 20 μM. The growth of MDA-MB-231 and MCF-7 was almost completely inhibited when the erastin treatment concentration reached 40 μM. The correspondence images of MCF-7’s cell viability and MDA-MB-231 treated by erastin are found in Supplementary Figure 1. In addition, more cell lines such as MCF-10A, BT-549, and SUM-159 were used to test erastin’s inhibition on cell viability. Similar results are found in Supplementary Figure 2. Later, we detected that erastin treatment at 10, 20, and 40 μM could significantly increase ROS accumulation by FACS (Figures 8C,D). Finally, RT-PCR was used to investigate the expression of 11-core prognostic genes in MDA-MB-231 and MCF-7 after being treated with erastin of 20 μM for 48 h. Results showed that mRNA expression levels of six genes (EMC2, G6PD, FLT3, IFNG, ANO6, and SLC1A4) were increased and three genes (CISD1, TP63, and BRD4) were decreased after erastin treatment. However, the increase of PIK3CA was not statistically significant in MCF-7-erastin cells and PROM2 was barely decreased in MDA-MB-231 cells (Figures 8E,F). The results indicated that EMC2, G6PD, FLT3, IFNG, ANO6, and SLC1A4 were positively correlated with ferroptosis while CISD1, TP63, and BRD4 were negatively correlated with ferroptosis in breast cancer. Western blotting of G6PD, PIK3CA, and BRD4 was performed to test future PCR results (Figure 8G). Our results showed that the protein alteration was consistent with the PCR result except G6PD in MCF-7, which indicated that our 11-gene model could be verified by cell line experiment. Since G6PD produces NADPH which is a scavenger of ROS, we also overexpressed G6PD in MDA-MB-231 to detect erastin sensitivity. The results suggested that overexpression of G6PD would result in decrease in the sensitivity of cells to erastin (Supplementary Figure 3). In addition, more cell lines such as MCF10A, BT549, and SUM159 were used to detect our 11-gene alteration after adding erastin; similar results are found in Supplementary Figure 4. This result indicated the different stages of breast cancer cell lines with ferroptotic inducers had the same trend.
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FIGURE 8. Effects of ferroptosis inducer on expression levels of 11-core prognostic genes in breast cancer cell lines in vitro. (A,B) The cell viability of MCF-7 (A) and MDA-MB-231 (B) treated by erastin was tested by CCK8 assay. (C,D) Lipid peroxidation of MCF-7 (C) and MDA-MB-231 (D) treated by erastin was assessed by flow cytometry after C11-BODIPY staining. (E,F) The expression changes of 11-core prognostic genes in MCF-7 (E) and MDA-MB-231 (F) after being treated with 20 μM erastin were detected by real time-PCR. (G) The expression changes of G6PD, PIK3CA, and BRD4 genes in MDA-MB-231 and MCF-7 after being treated with erastin for 48 h were detected by western blot (G6PD-H means high exposure, G6PD-L means short exposure). * P < 0.05; **P < 0.01; ***P < 0.001.




DISCUSSION

In our study, we explored a total of 259 well-defined ferroptosis-related genes in breast cancer tissues and their correlations with OS. A novel 11-gene ferroptosis-related prognostic model was constructed and validated by the external cohort. We further did functional analyses and surprisingly found some immune-related biological processes.

A few studies have discovered that certain drugs might cause ferroptosis in breast cancer (Ma et al., 2016; Yu et al., 2019a, b); however, there are still few studies on whether there exist specific ferroptosis-related genes in regulating the progression of breast cancer. The relationship between ferroptosis and the prognosis of breast cancer remains to be clarified. Interestingly, 78% ferroptosis-related genes were differentially expressed between breast cancer tumor tissue and adjacent non-tumorous tissues, including 29 of them which were significantly correlated with OS in the univariate Cox regression analysis. These results fully demonstrated that ferroptosis might play an important role in breast cancer and the possibility of using these ferroptosis-related genes to establish a prognostic model.

Our 11-gene prognostic signature-related model includes CISD1, TP63, BRD4, PROM2, EMC2, G6PD, PIK3CA, FLT3, IFNG, ANO6, and SLC1A4. These genes could be classified into three subgroups, including drivers (EMC2, G6PD, PIK3CA, FLT3, IFNG, ANO6) which were genes that promote ferroptosis, suppressors (CISD1, TP63, BRD4, PROM2) which were genes that prevent ferroptosis, and markers (SLC1A4) which were genes that indicated the occurrence of ferroptosis. By using an shRNA library that targets plenty of genes which encode mitochondrial proteins, EMC2 (ER membrane protein complex subunit 2, also referred as TTC35) has been identified to play an important role in erastin-induced ferroptosis in HT-1080 fibrosarcoma cells (Dixon et al., 2012). G6PD (glucose-6-phosphate dehydrogenase) is involved in the pentose phosphate pathway of energy metabolism and has been verified to prevent erastin-induced ferroptosis in human lung adenocarcinoma cells while it was knocked down by the corresponding shRNA (Dixon et al., 2012). Our result also showed that overexpression of G6PD can reduce sensitivity to erastin in MDA-MB-231. We considered the increase in G6PD as a compensatory adjustment to erastin-induced ferroptosis which is consistent with their study. Kang et al. demonstrated that both FLT3 and PIK3CA inhibitors play protective roles against glutamate-induced oxidative stress and prove the involvement of lipid peroxidation-mediated ferroptosis (Kang et al., 2014). In addition, IFNG releases from CD8 + T cells could downregulate two subunits of glutamate-cystine antiporter system xc-, restrain tumor cell cystine uptake, and finally promote tumor cell lipid peroxidation and ferroptosis (Wang et al., 2019). German scientists discovered that ANO6 is activated during erastin and RSL3-induced ferroptosis; however, inhibition of ANO6 could also lead to cell death. They concluded that the activation of ANO6 might be an important component during ferroptosis cell death and induce cell death in cancer cells (Ousingsawat et al., 2019). In contrast, CISD1, TP63, BRD4, and PROM2 were all genes that prevent ferroptosis. It has been explored that genetic inhibition of CISD1 (CDGSH iron sulfur domain 1, also termed mitoNEET) could increase iron-mediated intramitochondrial lipid peroxidation, resulting in erastin-induced ferroptosis. On the contrary, pioglitazone stabilizes the iron sulfur cluster of CISD1 and inhibits the mitochondrial iron uptake as well as lipid peroxidation which finally leads to ferroptosis (Yuan et al., 2016). TP63 has been validated to inhibit oxidative stress-induced cell death ferroptosis through cooperating with the BCL-2 family to promote clonogenic survival (Wang et al., 2017). In addition, after knockdown of BRD4 or under (+)-JQ1 (an inhibitor of the tumor-driver bromodomain protein BRD4), the expressions of ferroptosis-associated genes GPX4, SLC7A11, and SLC3A2 are downregulated. It indicated that knockdown or inhibition of BRD4 would induce ferroptosis via ferritinophagy or regulating ferroptosis-associated genes through epigenetic repression of BRD4 (Sui et al., 2019). Furthermore, Brown explored that PROM2 could facilitate ferroptosis resistance in mammary epithelial and breast cancer cell lines; in detail, PROM2 promotes the formation of ferritin-containing multivesicular bodies and exosomes which transport iron out of the cell, therefore, inhibiting ferroptosis (Brown et al., 2019). Besides, SLC1A4 was also indicated to correlate with the occurrence of ferroptosis (Dixon et al., 2014). These genes are all associated with the promotion or prevention of ferroptosis in different cancers through multiple mechanisms; however, whether these genes play a vital role in the prognosis of breast cancer patients through influencing ferroptosis remains unclear.

There are already some researches surrounding the ferroptosis and cancer progression mechanisms in the recent years; however, the potential relationship between ferroptosis and cancer immunity remains to be elucidated. In our study, we performed GO enrichment and KEGG pathway analyses by analyzing the DEGs between the high-risk and low-risk groups based on our 11-gene model. Interestingly, we discovered some immune-related biological processes in GO enrichment. These gene enrichment analyses suggested that our ferroptosis might be closely related to the immune response of breast cancer. Besides, our results also revealed that breast cancer patients in the high-risk group had decreased infiltration degrees of B cells, CD8+ T cells, dendritic cells, T helper cells, Tfh cells, Th1 cells, Th2 cells, and TIL. The risk score formed by our 11-gene signature is negatively correlated with immune cell infiltration, suggesting that this model might be a predictor of local immune response in the tumor bed. At present, studies have shown that tumor-infiltrating B cells express and secrete antibodies which could promote tumor cell lysis and apoptosis (Ruffell et al., 2012). The direct and indirect cytotoxic effects of CD8+ T cells support the findings that CD8 + T cell infiltration is associated with good survival outcomes (Mahmoud et al., 2011; Matsumoto et al., 2016). There has been a discovery that neutrophil infiltration is also an independent prognostic factor which correlated with better overall survival in breast cancer (Zeindler et al., 2019). However, the infiltration level of neutrophil in the low-risk group and high-risk group of our model states no statistical significance. It is well known that dendritic cell-mediated T cell activation is a key step in antitumor immunity. Studies have found that the functional defects of dendritic cells in patients with early breast cancer might be an important factor in tumor progression (Satthaporn et al., 2004). Consistent with our research, in the ferroptosis-related model we constructed, the proportion of dendritic cells in breast cancer patients in the high-risk group was significantly reduced in the low-risk group. In summary, the imbalance of immune infiltration and immune response dysfunction in the surrounding environment of the tumor may be at least partially attributed to the high-risk score.

Besides, there also exist some limitations in our study. Firstly, our ferroptosis-related prognostic model was constructed and validated in public databases with retrospective data. We will further use our prospective multicenter clinical data for further verification in the future. Secondly, we only used ferroptosis-related genes to construct this prognostic model; therefore, many other hot biomarkers might be excluded. Also, the correlation between our model and immune-related pathways needed further experimental validation.



CONCLUSION

In conclusion, a novel ferroptosis-related gene model can be used for prognostic prediction in breast cancer. New ferroptosis-related genes might be used for breast cancer targeting therapy in the future.
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Supplementary Figure 1 | The images about MCF7 cell viability and MDA-MB-231 treated by erastin.

Supplementary Figure 2 | The cell viability of MCF-10A (A), BT-549 (B), and SUM-159 (C) treated by erastin was tested by CCK8 assay.

Supplementary Figure 3 | The transfection of overexpression plasmid G6PD in MDA-MB-231 and the cell viability test. (A) The transfection efficiency was tested by western blot. (B) The viability of MDA-MB-231 con and MDA-MB-231 overexpression G6PD were tested by CCK8 assay.

Supplementary Figure 4 | Effects of ferroptosis inducer on expression levels of 11 core prognostic genes in breast cancer cell lines in vitro. (A–C) The expression changes of 11 core prognostic genes in MCF-10A (A), BT-549 (B), and SUM-159 (C) after treated with 20μM erastin were detected by real time-PCR. (D) The expression changes of G6PD, PIK3CA, and BRD4 genes in MCF-10A, BT-549, and SUM-159 after treated with erastin for 48 h was detected by western blot.


FOOTNOTES

1
https://portal.gdc.cancer.gov

2
http://www.ncbi.nlm.nih.gov/geo

3
http://www.zhounan.org/ferrdb
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Background: Ferroptosis is an iron-dependent programmed cell death process. Recent studies have found that ferroptosis inducers hold promising potential in the treatment of lung adenocarcinoma (LUAD). However, the comprehensive analysis about the prognostic value of ferroptosis-related genes in LUAD remains to be elucidated.


Methods: The RNA sequencing data and corresponding clinical information were obtained from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. A total of 259 ferroptosis-related genes were extracted from FerrDb website. The ferroptosis-related prognostic signature was developed by least absolute shrinkage and selection operator (LASSO) Cox regression analysis in TCGA LUAD cohort, and then validated by 5 independent GEO cohorts. Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and gene set enrichment analysis (GSEA) were performed to identify the difference in biological processes and functions between different risk groups. The expression levels of core prognostic genes were then verified in LUAD samples by immunohistochemistry (IHC) and erastin-treated LUAD cell lines by real-time polymerase chain reaction (PCR). The potential roles of GPX2 and DDIT4 as ferroptosis drivers in LUAD cell line were further confirmed by in vitro experiments.

Results: A total of 20 intersecting genes between 70 ferroptosis-related DEGs and 45 potential prognostic genes were obtained for LASSO Cox regression analysis. The ferroptosis-related prognostic signature was developed by 7 core prognostic DEGs, and stratified LUAD patients into two risk groups. Kaplan-Meier analysis showed that the overall survival (OS) of LUAD patients in the high-risk group was significantly worse than that of the low-risk group. External validation of 5 independent GEO cohorts further confirmed that the ferroptosis-related prognostic signature was an ideal biomarker for predicting the survival of LUAD patients. Significant enrichment of fatty acid metabolism and cell cycle-related pathways were found in different risk groups. The expression patterns of 7 core prognostic genes in LUAD and adjacent normal lung tissues were validated by IHC, which was almost consistent with the results from public database. Furthermore, the changes related to cell cycle and ferroptosis after erastin treatment were also validated in LUAD cell lines. In addition, silencing GPX2 or DDIT4 could partially reverse the erastin-induced ferroptosis.

Conclusion: In summary, the ferroptosis-related prognostic signature based on 7 core prognostic DEGs indicated superior predictive performance of LUAD patients. Targeting ferroptosis holds potential to be a therapeutic alternative for LUAD.

Keywords: lung adenocarcinoma, ferroptosis, prognostic signature, overall survival, cell cycle


INTRODUCTION

Lung cancer remains the most prevalent cancer and the leading cause of cancer death worldwide (Siegel et al., 2020). Non-small cell lung cancer (NSCLC) accounts for almost 80% of lung cancer, and lung adenocarcinoma (LUAD) is the predominant histological subtype of NSCLC (Shukla et al., 2017). Despite the clinical application of epithelial growth factor receptor (EGFR)-targeted tyrosine kinase inhibitors (TKIs) and immunotherapy targeting PD-1 or PD-L1 in recent years, the 5-year overall survival (OS) rate for LUAD patients still remains 16% (Miller et al., 2016). Therefore, it is urgent to further discover specific prognostic prediction methods for LUAD patients in order to find new therapeutic targets and improve patients’ survival.

Ferroptosis is an iron-dependent programmed cell death process, which is different from other forms of cell death, such as apoptosis, necrosis and autophagy. The main characteristic of ferroptosis is that it is induced by the imbalance of cellular redox homeostasis, leading to excessive lipid peroxidation and finally resulting in cell death. The ferroptosis-related diseases mainly include neurodegenerative diseases (Ren et al., 2020), organ injury induced by ischemia (Friedmann Angeli et al., 2014), and several types of cancers (Jiang et al., 2020). The rapid growth of studies on the role of ferroptosis in cancer has boosted a perspective for its application in cancer treatment. Recently, Alvarez et al. (2017) reported that inhibition of iron-sulfur cluster biosynthetic enzyme NFS1 in LUAD cooperated with suppression of cysteine transport to trigger ferroptosis in vitro and slow tumor growth. Besides, Liu et al. (2020) found that the transcription factor nuclear factor-erythroid 2-like 2 (NRF2) inhibitor (Brusatol) could enhance the sensitivity of NSCLC cells to cystine deprivation-induced ferroptosis by FOCAD-FAK signaling, and the combination use of Brusatol and erastin showed better therapeutic action against NSCLC. Other novel compounds, such as erianin, could exert anti-tumor effects in lung cancer by inducing Ca2+/CaM-dependent ferroptosis and inhibiting cell migration (Chen P. et al., 2020). In summary, ferroptosis inducers hold promising potential in the treatment of patients with NSCLC, especially for tumors resistant to traditional treatment. Recent studies have suggested that ferroptosis may play a role in tumor suppression by inducing cell cycle arrest and metabolic regulation imbalance (Li et al., 2020). In addition, almost all of the well-recognized ferroptosis regulators are main components modulating cellular redox (Bersuker et al., 2019; Doll et al., 2019) and cell cycle (Jiang et al., 2015; Ou et al., 2016). However, there is still a lack of comprehensive understanding of ferroptosis-related genes in the prognosis of LUAD, and the function of ferroptosis in LUAD remains largely unknown.

In the present study, we developed a 7-gene ferroptosis-related prognostic signature by analyzing the RNA-seq data and corresponding clinical information of LUAD patients from TCGA database. We further validated our 7-gene model in 5 independent GEO cohorts. Moreover, we detected the expression profiles of core genes in clinical tissue samples. The possible role and functions of core genes in regulating ferroptosis in LUAD cell lines were also explored.



MATERIALS AND METHODS


Patients and Datasets

All public datasets included in this study meet the following inclusion criteria: (1) More than 50 patients were included in each cohort; (2) Included patients had been pathologically confirmed with LUAD; (3) The clinical characteristics of included patients were relatively complete; (4) Included patients had follow-up information of OS. A total of 1163 LUAD samples from six public datasets were included in our study. RNA-Seq expression profile of 594 samples (including 535 LUAD samples and 59 normal lung samples), and the corresponding clinical information of 522 samples were downloaded from the Cancer Genome Atlas (TCGA) database. In addition, the transcriptome and clinical information of 5 external validation cohorts were downloaded from Gene Expression Omnibus (GEO) database, including 90 samples of GSE11969 (Takeuchi et al., 2006), 117 samples of GSE13213 (Tomida et al., 2009), 83 samples of GSE30219 (Rousseaux et al., 2013), 158 samples of GSE31210 (Okayama et al., 2012), and 180 samples of GSE41271 (Sato et al., 2013). The main demographic and clinical characteristics of LUAD samples in the datasets mentioned above were summarized in Table 1. Patients with survival time less than 90 days were excluded for Cox and Kaplan-Meier analysis.


TABLE 1. Main demographic and clinical characteristics of LUAD patients in different datasets.
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Ferroptosis-Related Genes Definition

259 ferroptosis-related genes were obtained from the FerrDb website1, the first database of ferroptosis regulators and markers and ferroptosis-disease associations, which classified ferroptosis-related genes into 3 subgroups, including drivers, suppressors and markers (Zhou and Bao, 2020). After removing the duplicated genes of the above three subgroups of ferroptosis gene sets, we obtained a total of 259 genes for the subsequent analysis. The detailed information and classification of ferroptosis-related genes were attached in Supplementary Table 1.



Identification of Intersecting Genes to Build the Prognostic Signature

Ferroptosis-related differentially expressed genes (DEGs) between LUAD and adjacent normal lung samples were obtained by R “limma” package, filtered by the cutoff values of false discovery rate (FDR) < 0.05 and log2| fold change (FC)| > 1. The potential ferroptosis-related prognostic genes were selected by univariate Cox analysis by R “survival” filtered by p < 0.05. The intersect genes between ferroptosis-related DEGs and prognostic genes were obtained and showed via R “venn” package.



Development of the Prognostic Signature of Ferroptosis-Related Genes

The intersecting genes between ferroptosis-related DEGs and potential prognostic genes were used as candidates for the construction of the prognostic signature. LASSO (least absolute shrinkage and selection operator)-Cox regression analysis was applied to identify the core prognostic DEGs by the R “glmnet” package, and the value of the penalty parameter (λ) was determined according to the lowest partial likelihood deviance by 10-fold cross-validation. The ferroptosis-related risk scores for each patient was calculated by the following formula:

Risk score = β1∗expG1 + β2∗expG2 + … +βn∗expGn,

Where β is the regression coefficient obtained through LASSO-Cox regression, and expG is the expression level of core prognostic genes. The LUAD samples were divided into low-risk and high-risk groups according to the median value of risk scores. Subsequently, principal component analysis (PCA) by “prcomp” function and t-distributed stochastic neighbor embedding (t-SNE) algorithm by “Rtsne” package were applied to dimensionality reduction analysis between the two risk groups.



Prognostic Meta-Analysis

To evaluate the efficacy of the prognostic signature based on ferroptosis-related genes in predicting survival of LUAD patients in different public cohorts, a meta-analysis of HR values was performed by random-effects model by STATA 15.0 software.



Functional Enrichment Analysis

DEGs between high-risk and low-risk groups were identified by the cutoff value of log2| FC| > 1 and FDR < 0.05, and then the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses based on DEGs were conducted by “clusterProfiler” R package. Gene set enrichment analysis (GSEA) was performed using GSEA4.1.0 software2. The c2.cp.kegg.v7.0.symbols.gmt in MSigDB was used as the reference gene sets in GSEA.



Cell Culture

A549 and H1299 cells were obtained from Beijing union medical college hospital cell resource sharing platform. A549 and H1299 cells were cultured in RPMI 1640 medium with 10% fetal bovine serum (FBS) and 1% Penicillin-Streptomycin, and maintained in a humidified incubator at 37°C, 5% CO2. Medium, FBS and Penicillin-Streptomycin were purchased from Corning.



Cell Viability Assay

Cell Counting Kit-8 (CCK-8) (TargetMol) assay was performed to measure cell viability according to the manufacturer’s instructions. Erastin (T-1765) was purchased from TargetMol. A549 and H1299 cells were seeded in 96-well plates at a density of 3,000 cells per well and incubated in a humidified cell incubator at 37°C, 5% CO2 for 24 h. The cells were then treated with erastin of 0, 10, and 20 for 24, 48, and 72 h. The WST-8 reagent was then added and the 96-well plate was continued to incubate for another 2 h. The OD (optical density) values were measured at 450 nm with a microplate reader. The experiments in all groups were performed in triplicates and repeated 3 times.



Detection of Lipid Peroxidation

A549 and H1299 cells were seeded in a 6-well plate at a density of 1 × 106 cells per well and incubated for 24 h, and then treated with erastin (0, 10, and 20 μM) for another 48 h. Then the cells were harvested by trypsinization and resuspended in 500 μL of PBS containing the BODIPY 581/591 C11 dye (Invitrogen, D3861). Cells were then incubated for 30 min at 37°C and analyzed using a flow cytometer.



Determination of Iron Concentration

A549 and H1299 cells were seeded in a 6-well plate at a density of 1 × 106 cells per well and treated with erastin (0, 10, and 20μM) for 48 h. Cells were then washed and lysed. The iron concentration was determined with an iron assay kit (Abcam, ab83366) according to the manufacturer’s instructions.



RNA Isolation and Real-Time PCR

Total RNA from A549 and H1299 cells treated with erastin was extracted using TRIzol reagent (Invitrogen), and then converted to cDNA using the PrimeScriptTM RT Master Mix (Takara) in accordance with the manufacturer’s instructions. Real-time PCR was conducted with the SYBR-Green kit (Takara) to detect the mRNA expression levels of core prognostic genes. The primers used for real-time PCR were listed in Supplementary Table 2 and purchased from Sangon Biotech.



IHC

The samples used for IHC staining had to meet the following inclusion criteria: (1) Age > 18; (2) All included patients had been pathologically confirmed with LUAD; (3) The patients included had no other serious systemic comorbidities; (4) No other primary tumors were found in patients; (5) Good patients’ compliance to continue follow-up. A total of 30 cases of LUAD and 12 cases of adjacent non-cancerous lung tissues were obtained from the First Affiliated Hospital of Xi’an Jiaotong University. Our study was approved by the Ethics Committee on Human Research of the First Affiliated Hospital of Xi’an Jiaotong University. Primary antibodies used in IHC including ALOX12B (ab121785, 1:50 for IHC), ALOX15 (ab244205, 1:200 for IHC), GPX2 (ab140130, 1:200 for IHC), DDIT4 (ab191871, 1:200 for IHC), GDF15 (ab180929, 1:200 for IHC), SLC2A1 (ab115730, 1:500 for IHC), and RRM2 (ab172476, 1:100 for IHC) were purchased from Abcam. The paraffin-embedded tissue sections were roasted at 60°C for 6 h and deparaffinized in xylene and dehydrated in gradient concentration of ethanol. Antigen repair of tissue slides was subsequently performed in sodium citrate buffer (PH = 9.0) in a microwave oven. The endogenous peroxidase was then deactivated by 3% hydrogen peroxide for 15 min. Subsequently, 5% BSA (bovine serum albumin) was applied to block non-specific antigens at room temperature for 30 min and the incubation with primary antibodies in a certain concentration was performed overnight at 4°C. On the second day, the slides were incubated with the homologous secondary antibody at room temperature for 1 h. Then, DAB (diaminobenzidine) staining, hematoxylin staining, dehydration in gradient ethanol and transparency in xylene were followed to handle the slides. 10 random fields of each tissue section were selected for semi-quantitative scoring, and the scoring method was as follows: (1) Positive cell rate score—0 for < 10% positive cells, 1 for 10∼25% positive cells, 2 for 25∼50% positive cells, 3 for 50∼75% positive cells and 4 for > 75% positive cells; (2) Dyeing strength score—1 for light yellow, 2 for brown yellow and 3 for tan; (3) The total score was the product of the positive cell rate score and staining intensity score. The Ki67 and TNM stage information of all samples were obtained from the postoperative pathological reports of the Department of Pathology in our hospital. All LUAD samples were divided into Ki67-low and Ki67-high two groups according to the median value of Ki67 (35%, range from 5 to 60%).



Small Interfering RNA (siRNA) Transfection

The siRNAs targeting GPX2 and DDIT4 were synthesized from GenePharma and transfected with Lipofectamine 2000 reagent (Invitrogen) according to the manufacturer’s protocol. The knockdown efficiency was evaluated by Western blotting after 48h transfection. The sequences of siRNAs are the following: si-Ctrl: 5′-UUCUCCGAACGUGUCACGUTT-3′; si-GPX2-1: 5′-GCUAGAAGAGACC-AAUAAAGG-3′; si-GPX2-2: 5′-GGGAGAAGGUAGAUUUCAAUA-3′; si-DDIT4-1: 5′-GUACU-GUAGCAUGAAACAAAG-3′; and si-DDIT4-2: 5′-GAGGAGUGUUGAACUUCAACC-3′. The siRNA sequences used in cell viability assay and iron concentration detection were siGPX2#1 and siDDI4#1.



Western Blotting

Whole cell lysates were prepared by RIPA buffer, then proteins were separated with SDS/PAGE gel and transferred to PVDF membranes, which were incubated overnight with corresponding primary antibodies. Primary antibodies used in Western blotting included CDK4 (#12790 from CST, 1:1,000), CDK6 (#3136 from CST, 1:2,000), p21 (#2947 from CST, 1:1,000), p27 (#3686 from CST, 1:1,000), GPX2 (ab140130 from abcam, 1:5,000), DDIT4 (ab191871 from abcam, 1:1,000), and HRP-labeled GAPDH (HRP-60004 from proteintech, 1:15,000). Subsequently, HRP-conjugated secondary antibodies (Cell Signaling Technology) were incubated and chemiluminescent signals were detected by ECL (Millipore).



Statistical Analysis

All data were analyzed using R version 3.5.2 or Graphpad Prism 8, and all experiments were repeated at least 3 times. These results were presented as mean ± standard deviation (SD). Student’s two-sided t-test was used to compare the differences between two groups. Differences in survival between different risk groups were compared by Kaplan-Meier curves followed by log-rank test. P < 0.05 was considered as statistically significant.



RESULTS

The overall design and flow chart of this study were shown in Figure 1. 522 LUAD patients in TCGA database and 628 LUAD patients in GEO database were included in this study. The main demographic and clinical characteristics of patients in different datasets were summarized in Table 1.


[image: image]

FIGURE 1. The overall study design and workflow.



The Prognostic Significance of Ferroptosis-Related Genes in LUAD

A total of 259 well-defined ferroptosis-related genes were included in this study, including 108 drivers that promote ferroptosis, 69 suppressors that prevent ferroptosis, and 111 markers that indicate the occurrence of ferroptosis. There is an overlap between these three gene sets. The detailed ferroptosis-related gene sets could be found in Supplementary Table 1. The univariate Cox proportional hazards regression analysis was applied to assess the relationship between the expression levels of ferroptosis-related genes and prognosis of LUAD patients of TCGA database. A total of 45 potential prognostic ferroptosis-related genes were identified (p-value < 0.05), and the prognostic information of these 45 genes was shown in Table 2. Among these 45 genes, 15 genes were identified as “protective” factors with hazard ratios (HRs) < 1, while the remaining 30 genes were considered as “risk” factors with HRs > 1.


TABLE 2. Univariate Cox analysis of ferroptosis-related genes in TCGA cohort.
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Identification of Prognostic Ferroptosis-Related DEGs in LUAD

A total of 70 ferroptosis-related DEGs between LUAD and adjacent non-tumorous samples of TCGA database were identified by the criteria of log2| FC| > 1, FDR < 0.05. The heatmap and volcano map in Supplementary Figure 1 depicted the expression level and distribution of these ferroptosis-related DEGs, including 47 DEGs up-regulated and 23 DEGs down-regulated in LUAD. Subsequently, 20 intersection genes of 70 ferroptosis-related DEGs and 45 potential prognostic genes were obtained as the potential prognostic ferroptosis-related DEGs, which was shown in the venn diagram of Figure 2A. The forest plot of Figure 2B showed the results of univariate COX regression analysis of these 20 genes, which demonstrated that 6 of these genes (DUOX1, ALOX15, DPP4, CDO1, GDF15, IL33) were “protective” factors for LUAD patients, while the other 14 genes were “risk” factors. The protein interaction network among these genes from the STRING database was shown in Figure 2C. The heatmap in Figure 2D showed the expression levels of these 20-potential prognostic ferroptosis-related DEGs in LUAD and normal lung tissues, from which we could found that only 4 genes (ALOX15, DUOX1, CDO1, and IL33) were highly expressed in normal tissues, while the remaining 16 genes were highly expressed in tumor tissues. The boxplot in Supplementary Figure 1C also detected the difference in expression levels of these 20 genes in tumor and normal tissues.


[image: image]

FIGURE 2. Identification of potential prognostic ferroptosis-related DEGs in LUAD. (A) Venn diagram to show the 20 intersection genes of 70 ferroptosis-related DEGs between LUAD and adjacent non-tumorous samples and 45 potential prognostic genes identified by univariate Cox analysis. (B) The forest plot showing the results of univariate Cox regression analysis of these 20 ferroptosis-related genes. (C) The protein interaction network among these 20 genes from the STRING database. (D) The heatmap showing the expression levels of these 20 genes in LUAD and normal lung tissues. DEGs, differentially expressed genes; LUAD, lung adenocarcinoma.




Development of the Ferroptosis-Related Prognostic Signature in TCGA Cohort

The expression levels of the above mentioned 20 potential prognostic ferroptosis-related DEGs and the OS data of LUAD patients with survival time greater than 90 days were then extracted from TCGA database for LASSO Cox regression analysis. The prognostic signature based on 7 core prognostic ferroptosis-related DEGs was then constructed by the optimal penalty parameter (λ) for the LASSO model was determined via 10-fold cross-validation. The risk scores for this model can be obtained by the following formula: Risk score = 0.139 ∗ expression level of ALOX12B + (−0.033)∗ expression level of ALOX15 + 0.029 ∗ expression level of GPX2 + 0.089 ∗ expression level of DDIT4 + (−0.021) ∗ expression level of GDF15 + 0.088 ∗ expression level of SLC2A1 + 0.150 ∗ expression level of RRM2. Subsequently, the LUAD patients were stratified into two different risk groups: high-risk (n = 236) and low-risk (n = 237) according to the median value of risk scores. Patients in the high-risk group had a higher death probability than those in the low-risk group (Figure 3A). Dimensionality reduction algorithms of PCA and t-SNE were then used to confirm the samples of the above two risk groups were separately distributed (Figures 3B,C). Kaplan-Meier survival curve in Figure 3D showed that OS of LUAD patients in the high-risk group was significantly worse than that of the low-risk group, with the HR value of 2.396 (95% confidence interval: 1.771–3.242, p < 0.001). The predictive efficacy of the prognostic signature for OS in LUAD patients was evaluated by the time-dependent ROC curves, and the area under the curve (AUC) reached 0.702 for 1-year, 0.700 for 2-year, and 0.705 for 3-year, respectively (Figure 3E).
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FIGURE 3. Construction of the ferroptosis-related prognostic signature in the TCGA cohort. (A) Distribution of risk scores and survival status in TCGA cohort. (B,C) Dimensionality reduction algorithms of PCA (B) and t-SNE (C) to show the samples of different ferroptosis-related risk groups were separately distributed. (D) Kaplan-Meier survival curve showing the OS of LUAD patients in the high-risk group was significantly worse than that of the low-risk group. (E) AUC of time-dependent ROC curves to evaluate the predictive efficacy of the prognostic signature for OS in LUAD patients. TCGA, the Cancer Genome Atlas; PCA, principal component analysis; t-SNE, t-distributed stochastic neighbor embedding algorithm; OS, overall survival; AUC, area under the curve; ROC, receiver operating characteristic curve.




Validation of the Ferroptosis-Related Prognostic Signature in Independent GEO Cohorts

In order to verify the stability and reproducibility of the ferroptosis-related prognostic signature of LUAD, 5 independent NSCLC cohorts from the GEO database were used for external validation. The expression levels of ferroptosis-related genes and prognostic information of LUAD patients were obtained from these 5 cohorts. The main demographic and clinical information were provided in Table 1. The formula obtained from the TCGA training cohort was then used to calculate the risk scores of LUAD patients in the GEO validation cohorts. K-M survival analysis showed that the OS of LUAD patients in the high-risk group was significantly worse than that of the low-risk group in 4 GEO validation cohorts, except for the no statistically significant difference found in GSE13213 (Figures 4A–E). Moreover, a meta-analysis was conducted to comprehensively evaluate the HR values obtained from TCGA and GEO cohorts, and the pooled analysis further confirmed that the high-risk group was a risk factor for LUAD patients with combined HR of 2.33 (95% CI: 1.84–2.83, p < 0.001) (Figure 4F).
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FIGURE 4. Validation of ferroptosis-related prognostic signature in LUAD from different GEO cohorts. (A–E) Kaplan-Meier survival curves of OS in 5 independent GEO cohorts, (A) GSE11969 (n = 90), (B) GSE13213 (n = 117), (C) GSE30219 (n = 85), (D) GSE31210 (n = 158), (E) GSE41271 (n = 184). (F) Meta-analysis was performed to combine HR values obtained from TCGA and 5 GEO cohorts. GEO, Gene Expression Omnibus; HR, hazard ratio.




Independent Prognostic Value of the Ferroptosis-Related Prognostic Signature

Subsequently, we extracted the main clinical characteristics of LUAD patients in TCGA database, including age, sex, smoking history, radiation history, pharmaceutical history, T, N, M, and stage. Both univariate and multivariate Cox analyses were carried out among these available variables in combination with risk scores obtained by the ferroptosis-related prognostic signature. The results of univariate Cox analysis confirmed that receiving radiation treatment, higher T/N/M and stage, as well as higher risk scores were risk factors for LUAD patients with HRs > 1, p < 0.05 (Figure 5). Multivariate Cox analysis further conducted by including radiation history, stage and risk scores, after other confounding factors were removed, and results showed that higher stage and higher risk scores proved to be independent prognostic factors for OS of LUAD patients (HR for stage = 1.485, 95% CI: 1.264–1.744, p < 0.001; HR for risk score = 3.210, 95% CI: 2.020–5.099, p < 0.001; Figure 5).
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FIGURE 5. Univariate and multivariate Cox regression analysis of the ferroptosis-related prognostic signature and other clinical characteristics in TCGA cohort.




Identification of the Prognostic Signature-Related Biological Pathways

To investigate the underlying difference in biological processes and functions between the different risk groups, DEGs between high-risk and low-risk groups were identified by the cutoff value of log2| FC| > 1 and FDR < 0.05, and enrichment analyses of GO and KEGG pathways of DEGs were then performed. Interestingly, DEGs up-regulated in high-risk group were obviously enriched in a variety of cell cycle-related pathways and functions. In Figure 6A, GO analysis showed that the DEGs were significantly enriched in biological process (BP) associated with cell division, including organelle fission, nuclear division, chromosome segregation and etc. For cellular component (CC) item, the up-regulated DEGs were also enriched in chromosome-associated structure (such as chromosomal region, spindle, centromeric region, and kinetochore). The bar plot of Figure 6B showed that the significantly enriched KEGG pathways, including cell cycle, complement and coagulation cascades, p53 signaling, cellular senescence and fatty acid metabolism. Multiple-GSEA analysis also confirmed the enrichment of cell cycle-associated pathways, p53 signaling and metabolic-related pathways (Figure 6C).
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FIGURE 6. Identification of biological pathways associated with the risk of ferroptosis. (A) GO analysis of DEGs between different risk groups into three functional groups, including BP, CC and MF. (B) KEGG analysis of DEGs between different risk groups. (C) Multiple-GSEA between the high-risk and low-risk groups of TCGA cohort. GO, Gene Ontology; BP, biological process; CC, cellular component; MF, molecular function; KEGG, Kyoto Encyclopedia of Genes and Genomes; GSEA, Gene set enrichment analysis.




Validation of the Expression Levels of 7 Core Prognostic Genes in LUAD and Paracancerous Normal Lung Tissues

To verify the reliability of the above results obtained from the public database, we collected 30 cases of LUAD samples and 12 cases of adjacent normal lung tissues to test the expression levels of the 7 ferroptosis-related genes consisting of our prognostic signature by IHC. As shown in Figure 7, the expression levels of ALOX12B, GPX2, DDIT4, GDF15, and RRM2 in tumor tissues were significantly higher than those in the normal lung tissues. Only ALOX15 showed high expression in normal lung samples. However, there was no significant difference in the expression level of SLC2A1 between LUAD and adjacent tissues. The above protein expression results of the prognostic genes in clinical tissue samples by IHC were almost consistent with the RNA sequencing data analyzed by the TCGA database. The above 7 prognostic biomarkers were mainly located in the cytoplasm and membrane of LUAD samples with moderate to strong positive staining. Furthermore, we analyzed the relationship between the expression profiles of the 7 core prognostic genes with Ki67 and TNM stage, and found only ALOX15 was significantly low expressed in Ki67-high samples, while GPX2, DDIT4, and SLC2A1 were high expressed in Ki67-high samples. There was no significant difference in the distribution of the other 3 genes in LUAD samples with different Ki67 levels and all 7 genes in samples with different TNM stage.
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FIGURE 7. Validation of the expression patterns of 7 core prognostic genes in LUAD tissue samples. The figures of IHC staining showed the representative images of the expression levels of ALOX12B (A), ALOX15 (B), GPX2 (C), DDIT4 (D), GDF15 (E), SLC2A1 (F), and RRM2 (G) in adjacent normal lung tissues and LUAD. The box plots showed the statistical results of the expression of the above 7 core prognostic genes in 30 LUAD and 12 adjacent normal lung tissues. The scatter plots showed the distribution of 7 core prognostic genes in LUAD samples with different Ki67 levels and TNM stage. ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001.




Effects of Ferroptosis Inducer Erastin on the Expression Levels of 7 Core Prognostic Genes in LUAD Cell Lines in vitro

LUAD cell lines A549 and H1299 were then treated with ferroptosis inducer erastin to investigate the role of ferroptosis-related prognostic genes. As shown in Figure 8A, CCK8 assay identified that erastin could inhibit the proliferation of A549 and H1299 in a dose-dependent manner. When the concentration was greater than 20 μM, the growth inhibitory effects of erastin on both A549 and H1299 were statistically significant. Subsequently, we confirmed that erastin treatment of 10 and 20 μM significantly increased the lipid ROS accumulation (Figure 8B) and iron concentration (Figure 8C). Furthermore, to validate the relevance of erastin-induced ferroptosis and cell cycle regulation, we explored the changes in several regulators involved in G1/S transition after erastin treatment of A549 and H1299 cells by Western blotting. As shown in Figure 8D, decreased expression levels of CDK4 and CDK6 were observed, whereas increased expression levels of p21 and p27 were found. Next, real time-PCR was applied to test the expression changes of 7 core prognostic genes in A549 and H1299 after treated with erastin of 20 μM for 48 h. We found that mRNA expression levels of 5 genes (ALOX12B, ALOX15, GPX2, DDIT4, and GDF15) were increased and the other 2 (SLC2A1 and RRM2) were decreased after erastin treatment, although the increase of GPX2 was not statistically significant in A549 and GDF15 was barely changed in H1299 (Figure 8E). To validate the specific role in ferroptosis of individual gene in our prognostic model, silencing GPX2 and DDIT4 were also performed in A549 by siRNAs. Western blotting was used to verify that the expression of GPX2 and DDIT4 would not be affected by the sequence of siCtrl, while two different sequences of siRNAs targeting GPX2 or DDIT4 could effectively reduce the expression of their target genes (Figure 8F). Subsequently, we found that down-regulation of either GPX2 or DDIT4 could partially reverse the cell proliferation arrest (Figure 8G) and the elevation of lipid ROS (Figure 8H) and iron concentration (Figure 8I) induced by erastin in A549 cells, whereas these reversing effects could not be observed in the siCtrl group. The validation of other prognostic genes in our model will be further investigated in our future studies.
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FIGURE 8. Effects of ferroptosis inducer on expression levels of 7 core prognostic genes in LUAD cell lines in vitro. (A) The cell viability of A549 and H1299 treated by erastin was tested by CCK8 assay. (B) Lipid ROS levels of A549 and H1299 treated by erastin were detected by FACS. (C) Iron concentrations of A549 and H1299 treated by erastin were detected by iron colorimetric assay. (D) The expression levels of several cell cycle regulators in A549 and H1299 after erastin treatment were assayed by Western blotting. (E) The expression changes of 7 core prognostic genes in A549 and H1299 after treated with erastin were detected by real time PCR. (F) Silencing of GPX2 and DDIT4 in A549 by siRNAs. (G) The cell viability of A549 after erastin treatment in combination with or without GPX2 or DDIT4 silencing were detected by CCK8 assay. (H) Lipid ROS levels of A549 after erastin treatment in combination with or without GPX2 or DDIT4 silencing were detected by FACS. (I) Iron concentrations of A549 after erastin treatment in combination with or without GPX2 or DDIT4 silencing were detected by iron colorimetric assay. ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001.




DISCUSSION

Ferroptosis is a novel programmed cell death pattern, mainly caused by iron-dependent lipid peroxidation (Liu et al., 2020). In recent years, the role and mechanism of ferroptosis in different diseases have been extensively investigated, especially in the field of tumor research and treatment. Several studies have already found that some traditional chemotherapy-resistant tumors are highly sensitive to ferroptosis inducers, so ferroptosis is expected to bring novel promising strategies to some refractory tumors (Jiang et al., 2020). In lung cancer, limited ferroptosis-related studies mainly focused on the role of potential ferroptosis biomarkers in the ferroptosis-inducing process of well-recognized inducers (Alvarez et al., 2017; Chen P. et al., 2020; Kwon et al., 2020; Liu et al., 2020; Lou et al., 2020). There is a lack of comprehensive and systematic analysis of ferroptosis in the malignant progression and treatment strategy for lung cancer. In this study, we systematically analyzed the expression profiles and prognostic values of 259 ferroptosis-related genes provided by the latest online FerrDb database (Zhou and Bao, 2020). Additionally, the ferroptosis-related prognostic signature for LUAD patients was developed and validated by available public databases. The cell cycle signaling was identified as the main enrichment pathway between different risk subgroups.

According to the detailed information of ferroptosis-related genes provided by FerrDb website, which was developed by manually extracted 784 ferroptosis-related articles from PubMed, 108 drivers, 69 suppressors, and 111 markers were included in our study as potential prognostic ferroptosis-related genes. Because there are 28 genes reported to function in multiple processes of ferroptosis, these genes were multi-annotated in different subclasses of ferroptosis genes (Zhou and Bao, 2020). Among the 259 ferroptosis-related genes, 27.0% (70/259) were differentially expressed in tumor and adjacent normal tissues of LUAD samples, and 17.3% (45/259) were correlated with prognosis in the univariate Cox analysis. The intersecting genes between ferroptosis-related DEGs and prognostic genes were obtained for the following study. Among the 20 intersecting genes, only 4 were highly expressed in normal lung tissues, and all 4 genes were protective markers according to univariate Cox analysis, which was consistent with the expression status. The remaining 16 genes were highly expressed in tumor tissues of LUAD patients, and most of them (14/16) were identified as risk factors for LUAD patients, except for DPP4 and GDF15. DPP4 (dipeptidyl peptidase 4) is considered as a ferroptosis driver in colorectal cancer. Xie et al. (2017) reported that loss of TP53 could prevent the nuclear translocation of DPP4, thus promoting the plasma membrane-related DPP4-dependent lipid peroxidation process and ultimately leading to ferroptosis, which was consistent with its protective role identified in our analysis. However, study of DPP4 in LUAD showed that it was highly expressed in LUAD compared to adjacent normal lung tissues, and the DPP4 inhibitor could inhibit lung cancer growth by promoting the pro-inflammatory activity of macrophages (Jang et al., 2019). Thus, the specific role of DPP4 in ferroptosis process in LUAD still need to be further studied. According to the study of GDF15 (growth differentiation factor 15) in gastric cancer cell line MGC803, GDF15 functions as a ferroptosis inhibitor in gastric cancer, for knockdown of GDF15 could promote erastin-induced ferroptosis by reducing the expression of SLC7A11 (Chen L. et al., 2020). However, GDF15 was identified as a protective factor for LUAD patients according to the univariate Cox analysis, and how GDF15 functions by ferroptosis process in lung cancer has not been reported.

The prognostic signature developed by LASSO Cox regression was consisted of 7 ferroptosis-related genes, among which the expression of ALOX12B, GPX2, DDIT4, SLC2A1, and RRM2 were positively correlated with the survival risk of LUAD patients, while the levels of ALOX15 and GDF15 were negatively associated with the survival risk. According to FerrDb database, only ALOX12B and ALOX15 were definitely labeled as ferroptosis drivers, while the remaining 5 genes in addition to ALOX15 were labeled as ferroptosis markers, indicating that their definite roles in ferroptosis process remained unclear. After reviewing related references systematically, we summarized the research status in ferroptosis of the above 7 genes included in our prognostic signature as follows: ALOX12B and ALOX15 are two of the six ALOX (arachidonate lipoxygenase) genes in humans. Yang et al. (2016) confirmed that targeted silence of the ALOX family genes by a pool of siRNAs or pharmacological inhibitors in G-401, BJeLR, and HT-1080 cell lines could effectively prevent erastin- or IKE (Imidazole Ketoerastin)-induced ferroptosis, confirming the role of lipoxygenases as ferroptosis drivers. The study by Ou et al. (2016) had found that in various cell lines, including NSCLC H1299, the activation of SAT1 (spermidine N1-acetyltransferase 1) expression induced by TP53 could promote lipid peroxidation and increase the sensitivity to ferroptosis, while PD146176, the specific inhibitor of ALOX15, significantly abrogate the SAT1-induced ferroptosis. Shintoku et al. (2017) also confirmed that, in fibrosarcoma HT1080, pancreatic cancer PANC-1, and NSCLC Calu-1, the cell membrane localized ALOX15 promoted erastin- and RSL3-induced ferroptosis. Glutathione-dependent peroxidases (GPXs) play an important role in catalyzing the reduction reaction of hydrogen peroxide and organic peroxides (Yang et al., 2014), and among them, GPX4 has been identified as a common crucial mediator for ferroptosis, for it reduces hydroperoxyl groups of lipid complexes and inhibits lipoxygenases (Brigelius-Flohe and Flohe, 2020). Also, as a member of GPXs family, GPX2 was proved to control the balance between the regenerative and apoptotic cells in the intestinal epithelium, and restrained the inflammation-induced tumorigenesis in the gut (Brigelius-Flohe and Flohe, 2020). However, its specific role in ferroptosis has not been clarified. DDIT4 (DNA damage inducible transcript 4) was found upregulated by erastin, which was associated with the activation of ER (endoplasmic reticulum) stress response pathway, and the upregulation of CHAC1 (cation transport regulator homolog 1), an ER stress response gene, could be regarded as a marker for pharmacodynamic inhibition of cystine-glutamate exchange (Dixon et al., 2014). Our results also confirmed that knockdown of GPX2 or DDIT4 in A549 could partially reverse the increase of lipid ROS and iron concentration induced by erastin, which further verified the potential role of GPX2 and DDIT4 as ferroptosis drivers. GDF15 (growth differentiation factor 15), as described above, was considered as a ferroptosis inhibitor in gastric cancer (Chen L. et al., 2020), whereas it was upregulated in erastin-treated samples in HT-1080 (Dixon et al., 2014). The above differences may be associated with the heterogeneity and mutant spectrum of different tumors. SLC2A1 (solute carrier family 2 member 1), also known as GLUT1 (glucose transporter 1), plays an important role in glucose transport. Jiang et al. (2017) identified a DNA methylation modifier, LSH (lymphoid-specific helicase), could inhibit ferroptosis in lung cancer by directly transcriptional activation of SLC2A1 expression. RRM2 was reported to be down-regulated in erastin-treated HCC cell lines Bel-7402 and HepG2, and possibly suppress ferroptosis in a GSH-dependent manner (Zhang et al., 2019). In summary, four of the genes (ALOX12B, ALOX15, GPX2, DDIT4) in our prognostic signature have been reported to promote ferroptosis, while SLC2A1 and RRM2 have been regarded as ferroptosis inhibitors, and the role of GDF15 in ferroptosis is not consistent in different tumors.

Although some researchers have investigated the mechanism and clinical application value of ferroptosis, especially in the field of tumor therapy, the underlying mechanism of tumor susceptibility to ferroptosis still needs to be clarified. It is reasonable to find a significant difference in fatty acid metabolism and cell cycle-related pathways in patients with different ferroptosis-related risks. Lipid peroxidation of cell membrane induced by the redox imbalance was the main cause of ferroptosis; thus a significant differential expression of arachidonic acid and linoleic acid metabolism-related genes could be found in different risk groups. Dysregulation of cell cycle-related pathways may be the consequence of ferroptosis imbalance, meanwhile, the abnormal expression of cell cycle-regulating molecules may also lead to different ferroptosis-related risks in LUAD patients. We detected the expression levels of several main cell cycle regulators in A549 and H1299 after treated with erastin, and we found that the positive regulators for cell cycle were down-regulated and the negative regulators were obviously up-regulated. However, the specific modulation relationship between cell cycle regulation and ferroptosis remains to be further elucidated.

Several limitations should be acknowledged in our study: (1) Due to few studies about the role of ferroptosis in tumors, the information of ferroptosis-related genes provided by FerrDb website may not be accurate enough, for the references were manually extracted from the previous literature reports, so some unidentified crucial ferroptosis-mediating genes may be missing in the ferroptosis gene sets. (2) Although all of the 7 genes constituting the ferroptosis-related prognosis signature have been reported to mediating ferroptosis, there is almost no evidence that they could regulate ferroptosis in lung cancer except for ALOX15 and SLC2A1. Therefore, further experimental evidence is needed to validate the ferroptosis-regulating functions of these core prognostic genes in LUAD. 3) A total of 6 cohorts (LUAD cohort of TCGA and 5 GEO cohorts) were used for the construction and external validation of the prognostic signature, however, all the sample information was extracted from the public database. We think this ferroptosis-related prognostic signature would be more reliable if it is tested by a prospective clinical trial cohort in our research center.



CONCLUSION

In summary, we systematically analyzed the expression profiles and prognostic significance of 259 ferroptosis-related genes in LUAD patients, and developed a ferroptosis-related prognostic signature consisting of 7 core prognostic DEGs. The efficacy of our prognostic signature was further tested by external validation cohorts. The ferroptosis-related risk was proven to be an independent prognostic factor for LUAD patients. Besides, the expression patterns of 7 core prognostic genes in LUAD and normal lung tissues were confirmed by IHC. The changes related to cell cycle and ferroptosis in LUAD cell line after erastin treatment were also verified by in vitro experiments. The potential roles of GPX2 and DDIT4 as ferroptosis drivers in LUAD cell line were further confirmed by siRNA experiments. However, the specific role and regulatory mechanism of these 7 ferroptosis-related genes in LUAD is still needed further experimental verifications. The prospective clinical studies are also needed to validate the clinical application value of our prognostic signature.
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Supplementary Figure 1 | Differential expression of ferroptosis-related genes in LUAD and normal lung tissues. The heatmap (A) and volcano map (B) depicted the expression levels and distribution of 70 ferroptosis-related DEGs. The boxplot (C) showed the difference in expression levels of 20 potential prognostic ferroptosis-related DEGs in tumor and normal tissues.

Supplementary Figure 2 | Establishment of the prognostic model by LASSO Cox regression. (A,B) LASSO regression coefficient profiles. (C) Table of regression coefficients of 7 core prognostic genes.


FOOTNOTES

1http://www.zhounan.org/ferrdb
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Iron is an essential trace mineral element in almost all living cells and organisms. However, cellular iron metabolism pathways are disturbed in most cancer cell types. Cancer cells have a high demand of iron. To maintain rapid growth and proliferation, cancer cells absorb large amounts of iron by altering expression of iron metabolism related proteins. However, iron can catalyze the production of reactive oxygen species (ROS) through Fenton reaction. Nuclear factor (erythroid-derived 2)-like 2 (Nrf2) is an important player in the resistance to oxidative damage by inducing the transcription of antioxidant genes. Aberrant activation of Nrf2 is observed in most cancer cell types. It has been revealed that the over-activation of Nrf2 promotes cell proliferation, suppresses cell apoptosis, enhances the self-renewal capability of cancer stem cells, and even increases the chemoresistance and radioresistance of cancer cells. Recently, several genes involving cellular iron homeostasis are identified under the control of Nrf2. Since cancer cells require amounts of iron and Nrf2 plays pivotal roles in oxidative defense and iron metabolism, it is highly probable that Nrf2 is a potential modulator orchestrating iron homeostasis and redox balance in cancer cells. In this hypothesis, we summarize the recent findings of the role of iron and Nrf2 in cancer cells and demonstrate how Nrf2 balances the oxidative stress induced by iron through regulating antioxidant enzymes and iron metabolism. This hypothesis provides new insights into the role of Nrf2 in cancer progression. Since ferroptosis is dependent on lipid peroxide and iron accumulation, Nrf2 inhibition may dramatically increase sensitivity to ferroptosis. The combination of Nrf2 inhibitors with ferroptosis inducers may exert greater efficacy on cancer therapy.
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INTRODUCTION

Iron is an essential trace mineral element in the body and is engaged in a wide range of biological processes, such as oxygen transport, electron transport, energy metabolism, DNA synthesis and repair, etc. (Torti et al., 2018). Cancer cells have a high demand for iron compared with normal cells to initiate carcinogenesis, sustain uncontrolled proliferation, and other events necessary for cancer progression. However, excess iron is toxic. Iron can catalyze the production of a highly toxic hydroxyl radical via Fenton/Haber–Weiss reaction cycle (Torti and Torti, 2020). Iron-mediated oxidative stress not only induces oxidative damage but also induces ferroptosis via lipid peroxidation (Anandhan et al., 2020; Chen et al., 2020). Considering the high levels of intracellular iron within cancer cells, ferroptosis induction provides an alternative strategy for cancer therapy.

Nuclear factor (erythroid-derived 2)-like 2 (Nrf2) is an important transcription regulator of cellular resistance to oxidative stress (Bellezza et al., 2018). Nrf2 is found to mediate transcription of a set of antioxidant and cellular protective genes, attenuating cellular injury from oxidative stress. Nrf2-mediated antioxidant capabilities have been demonstrated to prevent multiple diseases, including neurodegenerative diseases (Song and Long, 2020), cardiovascular disorders (Vashi and Patel, 2021), osteoporosis (Sun et al., 2015), and inflammation (Ahmed et al., 2017). Oxidative stress is suggested to be involved in cancer initiation and progression. To maintain redox balance and avoid oxidative damage, cancer cells upregulate their antioxidant capacity (Reczek and Chandel, 2017). Indeed, a variety of cancers exhibit hyperactivation of Nrf2, conferring aggressive proliferation (Okazaki et al., 2020), metastasis (Lignitto et al., 2019), chemoresistance (Jeong et al., 2020), and radioresistance (Wang Z. et al., 2020). Nrf2 hyperactivation counteracts the large amount of reactive oxygen species (ROS) production induced by excess iron (Wu et al., 2019; Zimta et al., 2019). On the other hand, ferritin (an iron storage protein) and ferroportin 1 (FPN1, an iron exporter protein) are under the control of Nrf2 (Kasai et al., 2018). Ferritin and FPN1 reduce the cellular free iron by enhancing iron sequestration and export (Chen et al., 2021). Since cancer cells have an enhanced iron uptake and Nrf2 plays pivotal roles in oxidative defense and iron metabolism, it is highly probable that Nrf2 is a potential modulator orchestrating iron homeostasis and redox balance in cancer cells. Oxidative stress can be induced by the high levels of iron accumulation in cancer cells and activates the Nrf2 pathway (Bellezza et al., 2018; Nakamura et al., 2019). Nrf2 not only eliminates ROS by inducing expression of antioxidant genes but also removes iron by FPN1 and neutralizes free iron by ferritin. From this point, Nrf2 exhibits pro-oncogenic activity (Jung et al., 2018). Nrf2 inhibition has attracted more attention on cancer therapy (Qin et al., 2019). However, most of the Nrf2 inhibitors exhibit low potency, limiting its clinical application (Jung et al., 2018; Qin et al., 2019). A combination of Nrf2 inhibitors with ferroptosis inducers may exert greater efficacy on cancer therapy.



IRON, OXIDATIVE STRESS, AND FERROPTOSIS

As a transition metal, iron in its free state is toxic to our body. Circulating ferric iron is bound by transferrin (Tf) and is taken up through transferrin receptor 1 (TfR1) mediated endocytosis. The ferric iron is then released from transferrin and is reduced to ferrous iron by ferrireductase six-transmembrane epithelial antigen of the prostate 3 (STEAP3) proteins in the endosomes. Subsequently, the ferrous iron enters the cytoplasm via divalent metal transporter 1 (DMT1) and is utilized for the synthesis of heme and iron-sulfur (Fe/S) clusters. The excess iron can be stored in ferritin, the major iron-storage protein at the cellular level, or is exported from cells through FPN1, the only known iron exporter (Sacco et al., 2021; Zhang et al., 2021). Hepcidin, an iron regulator synthesized in the liver, controls iron export from cells by inducing the internalization and degradation of FPN1 (Camaschella et al., 2020). Under normal condition, the cellular iron homeostasis is tightly regulated to avoid the enhanced labile iron pool (LIP), a pool of chelatable and redox-active iron (Nakamura et al., 2019). As a transition metal, iron can undergo redox cycling reactions between ferrous (Fe2+) and ferric (Fe3+) oxidation states. This redox activity enables ferrous iron to transfer an electron to hydrogen peroxide to generate highly toxic hydroxyl radical (HO•) and ferric iron (Nakamura et al., 2019). The reaction between ferrous iron and hydrogen peroxide to yield hydroxyl radicals is called Fenton reaction. In the presence of superoxide, the ferric iron can be reduced back to ferrous iron, which then undergoes Fenton reactions. Hydroxyl radicals are responsible for the cytotoxic effects by reacting with lipids, proteins, and nucleic acids (Nakamura et al., 2019).

Ferroptosis is a type of iron dependent oxidative cell death caused by the accumulation of ROS from the Fenton reaction and iron-mediated lipid peroxidation (Chen et al., 2020). Morphologically, cells undergoing ferroptosis exhibit unique characteristics, including reduced mitochondrial volume, increased bilayer membrane density, and reduction or disappearance of mitochondrial crista. Glutathione peroxidase 4 (GPX4), a kind of GSH-dependent reductase, plays a central role in regulating ferroptosis. GPX4 converts lipid hydroperoxides to lipid alcohols, preventing the formation of toxic lipid ROS. Inactivation of antioxidant GPX4 dependent systems provokes ferroptosis (Lei et al., 2021). Cellular iron is considered as an essential factor in ferroptosis. Increased intracellular ferrous iron levels are often observed during the induction of ferroptosis (Hou et al., 2016). Enhanced iron uptake markedly increases the sensitivity of cells to ferroptosis inducers and even directly induces ferroptosis (Gao et al., 2019). Iron chelators significantly inhibit the occurrence of ferroptosis (Chen et al., 2020). Ferroptosis opens new avenues for those chemoresistant and radioresistant cancers. The relationships among iron, oxidative stress, and ferroptosis are summarized in Figure 1.
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FIGURE 1. The relationships among iron, oxidative stress, and ferroptosis. TfR1-mediated iron uptake is the major way for iron acquisition by most mammalian cells. When Tf binds to the cell-surface TfR1, the complex is internalized by receptor-mediated endocytosis. Ferric iron is then released and reduced to the ferrous state by ferrireductase STEAP3. After that, Fe2+ is transported into the cytosol from the endosome by DMT1. In mitochondria, iron is utilized for the synthesis of Fe-S clusters and heme. Ferritin is the major iron-storage protein. Cellular free iron catalyzes the formation of ROS and causes oxidative stress via Fenton reaction. The excessive iron-dependent generation of lipid peroxidation can lead to ferroptosis.




IRON AND CANCER


Epidemiological Studies

People with iron overload have a higher cancer risk (Torti et al., 2018). Many epidemiological studies have investigated the association between iron status and cancer risk. The risk of cancer occurrence and mortality in the group with above 60% transferrin saturation relative to the 0–30% group is 1.81 and 1.73 (Stevens et al., 1994). For participants with serum iron higher than 141 μg/dl, their relative risks of cancer mortality are 1.86 compared with those with serum iron of 61–94 μg/dl (Wu et al., 2004). For people with transferrin saturation more than 43%, dietary iron more than 18 mg/day increases cancer risk (Mainous et al., 2005). Women with serum ferritin higher than 160 μg/L may have an increased risk of cancers (Hercberg et al., 2005). Cancers of the esophagus, colon, rectum, lung, and bladder are strongly associated with body iron level (Stevens et al., 1994). High iron stores, as indicated by the level of transferrin saturation exceeding 60%, increase the risks of colorectal cancer. The relative risks, adjusted for age, sex, and smoking, are 3.04 for colorectal cancer in comparison with subjects with lower iron levels (Knekt et al., 1994). Moreover, heme iron intake, serum iron, and transferrin saturation are associated with increased risks of breast cancer and death in women (Kallianpur et al., 2008; Gaur et al., 2013; Chua et al., 2016; Chang et al., 2019). High serum iron (≥120 μg/dl) is associated with elevated risks of incidence and mortality from all cancers, particularly liver and breast cancers (Wen et al., 2014). Hepcidin, encoded by the hepatic antimicrobial protein gene (HAMP), is a key regulator of systemic iron metabolism. It inhibits iron export by binding to FPN1, inducing its internalization and degradation. Hepcidin deficiency causes accumulation of cellular iron. The polymorphism rs10421768 in HAMP is reported to be associated with a three-times higher lung cancer risk (Sukiennicki et al., 2019). This polymorphism is considered to be a modulator of iron overload (Radio et al., 2015).

Some reports suggest positive correlations between iron intake and certain cancers (Beguin et al., 2014). A significant association is found between colorectal cancer risk and higher intake of heme iron and iron from red meat (Luo et al., 2019). Some endemiological studies show that people with high dietary iron intake are at a high risk for lung cancer (Kuang and Wang, 2019; Ward et al., 2019). High intake of heme iron, which is present predominantly in meat, is positively associated with breast cancer risk (Chang et al., 2019). There is a modest positive association between heme iron, total iron, and liver intakes and endometrial cancer risk (Genkinger et al., 2012).

Hereditary hemochromatosis, characterized by iron overload, is a genetic disease resulting in increased intestinal iron absorption. Patients (particularly men) with hereditary hemochromatosis are at an increased risk for hepatocellular cancer (Fracanzani et al., 2001; Elmberg et al., 2003). Blood transfusions or donation may influence the cancer risks through regulating iron stores. Donating blood removes iron from the body. Repeated blood transfusions cause iron overload. Blood donors had significantly lower mortality compared with non-donor cancer patients (Vahidnia et al., 2013). Iron reduction by phlebotomy in patients with peripheral arterial disease reduces the risk of new cancers, including lung, colorectal, upper aerodigestive, and prostate cancers (Zacharski et al., 2008). Long-term phlebotomy with low-iron diet therapy lowers the risk of development of hepatocellular carcinoma from chronic hepatitis C (Kato et al., 2007). In contrast, blood transfusion increases cancer risk (Hjalgrim et al., 2007).



Iron Is Involved in Carcinogenesis and Tumor Growth


Carcinogenesis

Oxidative damage to DNA is intimately associated with carcinogenesis. Mitochondria and nicotinamide adenine dinucleotide phosphate (NADPH) oxidases (NOX) are the major sources of ROS. During the flow of electrons through the electron transport chain, some electrons leak from the electron transport chain and combine with oxygen to form superoxide. NOX transfers an electron from NADPH to molecular oxygen to generate superoxide (Panday et al., 2015). After that, the intracellular superoxide can be rapidly dismutated to hydrogen peroxide (H2O2) through superoxide dismutase (SOD). Hydrogen peroxide can be removed by the antioxidant enzyme catalase, catalyzing the conversion of hydrogen peroxide to harmless water and oxygen. If the cells have a high level of LIP, more hydroxyl radicals can be induced through Fenton reactions. Unlike superoxide and hydrogen peroxide, hydroxyl radical cannot be eliminated by antioxidant enzymes. Furthermore, hydroxyl radical has an extremely high reactivity. Hydrogen peroxide can aggressively react with any biochemical or macromolecules and causes more severe damage to the cell than any other free radicals. Hydroxyl radicals tend to cause DNA damage, resulting in the accumulation of oncogenes and mutations of tumor suppressor genes (Torti and Torti, 2020). However, direct evidence linking iron overload to carcinogenesis is still lacking.

Diseases with iron overload, such as hereditary hemochromatosis and β-thalassemia, have a high risk of liver cancer, for liver is the main site of iron storage (Fracanzani et al., 2001; Maakaron et al., 2013). Recently, Muto et al. (2019) evaluated the effects of iron overload on liver carcinogenesis. They generate a mouse model of hepatocarcinogenesis induced by hepatic iron overload, in which F-box and leucine rich repeat protein 5 (FBLX5) is specifically deleted in hepatocytes (Muto et al., 2019). FBLX5 is an iron–sulfur cluster protein. The oxidation state of the cluster regulates iron regulatory protein 2 (IRP2) polyubiquitination and degradation in response to both iron and oxidative stress (Wang H. et al., 2020). FBLX5 deletion induces iron accumulation by upregulating IRP2, leading to oxidative stress, inflammation, DNA damage, liver damage, and compensatory proliferation of hepatocytes (Muto et al., 2019). These alterations consequently promote liver carcinogenesis induced by exposure to the chemical carcinogen diethylnitrosamine. IRP2 deletion rescues the increased carcinogenesis induced by FBLX5 deficiency (Muto et al., 2019). FBLX5–IRP2 axis is a potential therapeutic target for hepatocellular carcinoma associated with cellular iron dysregulation. It should be noted that the association between iron and carcinogenesis arises from epidemiological studies and theoretical analysis. There is limited experimental evidence regarding the role of iron in carcinogenesis. Further studies are still needed to evaluate the underlying mechanisms of how iron overload initiates and promotes carcinogenesis.



Tumor Growth

Iron is closely associated with cancer growth. Excess iron facilitates cancer growth, while iron deficiency caused by reduced dietary intake or iron chelators has an inhibitory effect (Torti et al., 2018). Disruption of iron homeostasis also influences tumor growth. Reduction of iron uptake through blocking TfR1 or enhancing iron efflux through overexpression of FPN1 decreases tumor growth (White et al., 1990; Pinnix et al., 2010; Deng et al., 2019). DMT1 inhibition also negatively affects the proliferation of colorectal cancer cells (Xue et al., 2016). Cancer cells require a high level of energy to support proliferation, migration, and invasion. To meet their higher demand for energy, cancer cells have an increased mitochondrial biogenesis. Complexes I, III, and IV of the mitochondrial electron transport chain contains Fe-S clusters. For this reason, mitochondria biogenesis demands cellular iron uptake. Iron may contribute to cancer progression by supporting mitochondrial electron transport chain and ATP generation. Furthermore, iron and NOX can synergistically stimulate ROS production. Iron accentuates ROS production by NOX in activated microglia. NOX2 and NOX4 inhibition significantly reduces ROS production in microglia treated with iron (Yauger et al., 2019).



Intracellular Iron Regulation Is Altered in Cancer Cells

Generally, cancer cells require a high level of metabolically available iron by increasing iron uptake and decreasing iron storage and efflux. Manipulation of the proteins of iron metabolism may contribute to cancer growth and progression. TfR1 is highly expressed in a variety of cancers, such as leukemia, lymphoma, breast cancer, lung cancer, glioma, and others (Daniels et al., 2012). Furthermore, increased iron storage is also observed in cancer stem cells (Schonberg et al., 2015). TfR1 is a candidate marker of poor prognosis in breast cancer (Habashy et al., 2010). Therefore, TfR1 is a promising target in treating the cancers with overexpressed TfR1 and increased iron demands (Candelaria et al., 2021). Anti-TfR1 antibodies have been demonstrated to be an efficient therapy for leukemias and lymphomas (Neiveyans et al., 2019).

Serum ferritin is associated with poor prognosis in various cancers, including hepatobiliary cancer (Facciorusso et al., 2014; Song et al., 2018), lung cancer (Ji et al., 2014), pancreas cancer (Kalousová et al., 2012), T-cell lymphoma (Koyama et al., 2017), renal cancer (Singh et al., 2005) and colorectal cancer (Lee et al., 2016). Ferritin is also associated with many signaling pathways in cancer, such as p53, NF-κB (nuclear factor kappa-light-chain-enhancer of activated B cells), anti-apoptosis process, invasion, and metastasis (Alkhateeb and Connor, 2013; Min and James, 2015). Ferritin may serve as a promising and effective anticancer target. Some studies have demonstrated the therapeutic roles of ferritin in cancer treatments. Downregulation of ferritin enhances the chemosensitivity of breast cancer cells and glioma cells to chemotherapy (Liu et al., 2011; Shpyleva et al., 2011), and significantly reduces the growth rate of the tumor xenograft of melanoma cells (Di Sanzo et al., 2011).

Ferroportin 1 is the only known cellular iron efflux pump. FPN1 is downregulated in breast (Pinnix et al., 2010), prostate (Tesfay et al., 2015), and ovarian (Basuli et al., 2017) cancers. Transfection of breast cancer cells with FPN1 significantly reduces the level of intracellular iron and its growth. Increased FPN1 is associated with a cohort of breast cancer patients who have a 10-year survival rate of >90% (Pinnix et al., 2010). Overexpression of FPN1 decreases tumorigenicity and invasion of ovarian cancer cells (Basuli et al., 2017). FPN1 is tightly regulated by hepcidin, a circulating hormone mainly synthesized in the liver. However, recent studies show that hepcidin is also expressed in prostate and breast epithelial cells (Pinnix et al., 2010; Tesfay et al., 2015). Hepcidin downregulates FPN1 as an autocrine hormone, increases intracellular iron, and contributes to cancer cell progression (Pinnix et al., 2010; Tesfay et al., 2015).

These results suggest that the measurement of proteins involved in cellular iron homeostasis could be helpful in cancer prognosis. Decreasing cellular iron uptake by blocking TfR1 and increasing cellular iron export by overexpression of FPN1 are promising strategies for cancer therapy.



Ferroptosis

Ferroptosis is a morphologically, biochemically, and genetically distinct form of regulated cell death characterized by its dependence on iron. Intracellular iron accumulation causes oxidative stress, promotes lipid peroxidation, and consequently leads to cell death (Wu et al., 2020). Compared with normal cells, several cancers strongly rely on iron to support their growth. Enhanced iron uptake and retention are considered to be the hallmarks of cancer. Since ferroptosis is a result of metabolic dysfunction involving iron and ROS, the elevated levels of iron make cancer cells more vulnerable to ferroptosis (Torti and Torti, 2020). These features suggest that ferroptosis inducers could be used to improve the efficacy of cancer therapy. Ferroptosis offers a new way of targeted cancer therapy.

Iron accumulation and lipid peroxidation are two key factors initiating ferroptosis. Alterations of proteins involved in iron import, storage, and export have been demonstrated to influence sensitivity to ferroptosis (Figure 2; Hassannia et al., 2019). Knockdown of TfR1 suppresses ferroptosis induced by erastin or cystine deprivation (Yang and Stockwell, 2008; Gao et al., 2015). FTH1 expression levels are negatively associated with ferroptosis sensitivity (Yang and Stockwell, 2008). Knockdown of FTH1 by RNA interference enhances ferroptosis induced by erastin or sorafenib in hepatocellular carcinoma cells (Sun et al., 2016). Overexpression of PFN1 enhanced iron efflux lowers intracellular iron level and sensitizes ovarian cancer cells to ferroptosis (Basuli et al., 2017), while knockdown of ferroportin accelerates erastin (a ferroptosis inducer)-induced ferroptosis in neuroblastoma cells (Geng et al., 2018). Dysregulation of IRP cellular iron homeostasis is regulated by IRP. In iron-starved cells, IRP2 increases cellular iron levels by stabilizing TfR1 mRNA and inhibiting translation of ferritin and FPN1 (Sacco et al., 2021). Knockdown of IRP2 suppresses the sensitivity of cancer cells to ferroptosis inducers (Dixon et al., 2012). Ferritinophagy plays a pivotal role in maintaining cellular iron homeostasis by regulating the autophagic degradation of iron-storage protein ferritin (Tang et al., 2018). This process is mediated by nuclear receptor coactivator 4 (NCOA4), acting as a specific cargo receptor, binding ferritin and targeting it to emerging autophagosome (Mancias et al., 2014). Knockdown of NCOA4 inhibits iron release from ferritin. Ferritinophagy has been demonstrated to contribute to ferroptosis in cancer cells. Genetic inhibition of NCOA4 not only inhibits ferritin degradation but also suppresses ferroptosis induced by erastin or cystine deprivation (Gao M. et al., 2016; Hou et al., 2016).
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FIGURE 2. Alterations of iron metabolism influence ferroptosis in cancer cells. The ways of increasing absorption, reducing iron storage, and limiting iron efflux contribute to ferroptosis. Endocytosis of diferric Tf is the major way for cellular iron uptake. In the endosomes, ferric iron is released from Tf, reduced by STEAP3, and transported to the cytosol through DMT1. Heme provides additional sources of iron through FLVCR2, SLC48A1, and SLC46A1 in the cell membrane. HO-1 catalyzes oxidative degradation of heme to liberate ferrous iron. Ferritin is a protein that stores iron, while NCOA4-mediated ferritinophagy promotes ferritin degradation and releases ferrous iron. Iron can be utilized for the synthesis of Heme and Fe-S clusters. Mitochondrial proteins regulating iron utilization (CISD1 and NFS1) negatively regulate ferroptosis. Iron-regulatory proteins ACO1 and IRP2 regulate ferroptosis by modulating FTL, FTH1, FPN1, TfR1, and DMT1 at the translational level.


Mitochondria are the center of iron utilization. In mitochondria, iron is used for the synthesis of iron–sulfur clusters and heme. Alterations of mitochondrial iron metabolism influence ferroptosis. CDGSH iron sulfur domain 1 (CISD1, also termed mitoNEET) regulates mitochondrial iron transport. Knockdown of CISD1 is found to cause mitochondrial iron overload and to enhance erastin-induced ferroptosis (Yuan et al., 2016). Aconitase 1 (ACO1) is bifunctional. When cellular iron levels are high, it binds to iron–sulfur and catalyzes citrate to isocitrate. When cellular iron levels are low, ACO1 interacts with iron-response elements (IREs) to controls the levels of iron inside cells. Knockdown of ACO1 suppresses ferroptosis induced by cystine deprivation (Gao M. et al., 2016). NFS1 (cysteine desulfurase) is an enzyme involving synthesizing iron-sulfur clusters using sulfur from cysteine. Suppression of NFS1 cooperates with inhibition of cysteine transport to trigger ferroptosis (Alvarez et al., 2017).

It is recognized that mitochondria are one of the major sources of intracellular ROS. Mitochondrial ROS is not only important for apoptosis but also contributes to ferroptosis (Wu et al., 2021). Ferroptosis inducers, erastin or RSL3, trigger a substantial generation of mitochondrial ROS in HT-22 and MEF cells (Neitemeier et al., 2017; Jelinek et al., 2018). MitoQ, a mitochondria-targeted antioxidant, inhibits ferroptosis induced by RSL3 (Neitemeier et al., 2017). Lipid peroxidation also occurs in mitochondria during ferroptosis (Feng and Stockwell, 2018). Upon erastin treatment, lipid peroxidation first appears in mitochondria and then in plasma membrane (Gao et al., 2019). CISD1 deletion induces iron accumulation within mitochondria, and facilitates the generation of iron-mediated mitochondrial lipid peroxidation (Yuan et al., 2016). It should be noted that mitochondria play a crucial role in cysteine deprivation-induced ferroptosis but not in that induced by inhibiting GPX4 (Gao et al., 2019). Inhibition of mitochondrial tricarboxylic acid cycle (TCA cycle) or electron transfer chain (ETC) mitigates lipid peroxide accumulation and ferroptosis (Gao et al., 2019).



REDOX BALANCE REGULATED BY Nrf2 DURING CANCER PROGRESSION


Nrf2-Mediated Antioxidant Response

Nrf2 is a Cap “n” Collar (CNC) basic leucine zipper (bZIP) transcription factor and is considered to be a critical regulator of cytoprotective response against oxidative and xenobiotic (or electrophilic) stresses (Bellezza et al., 2018). The Kelch-like ECH-associated protein 1 (Keap1)/Nrf2 signaling pathway plays a pivotal role in protecting against oxidative stress to maintain redox balance. Under physiological conditions, Nrf2 is constitutively maintained at a low protein level through rapid degradation via the Keap1-dependent proteasomal degradation. Keap1 recruits Nrf2 through binding to DLG and ETGE motifs, promotes the polyubiquitination of Nrf2 by Cullin-3 E3 ubiquitin ligase, and then induces proteasome-dependent degradation of Nrf2 by 26S proteasomal pathway. In case of oxidative stress, Nrf2 detaches from Keap1 and translocates to the nucleus, where it binds to antioxidant responsive elements (ARE) in the DNA promoter region and regulates an array of antioxidant genes, including catalase (CAT), heme oxygenase-1 (HO-1), NAD(P)H quinone dehydrogenase 1 (NQO-1), and enzymes involved in glutathione metabolism (Bellezza et al., 2018).

Nrf2-mediated antioxidant response maintains redox homeostasis and exerts anti-inflammation and anticancer activities in normal cells. However, accumulating studies suggest that Nrf2 is aberrantly activated in many cancer types, including skin, breast, prostate, and lung. Nrf2 activation is associated with poor prognosis. Nrf2 promotes cancer cell proliferation, self−renewal of cancer stem cells, anti-inflammation activities, angiogenesis, chemoresistance, and radioresistance (Wu et al., 2019). Nrf2 activation promotes aggressive lung cancer. Patients with Nrf2-activated non-squamous or squamous tumors have poor prognosis and show limited response to anti-programmed death-ligand 1 (PD-L1) treatment (Singh et al., 2021). Nrf2 activation promotes the recurrence of dormant tumor cells. Nrf2 is found to be activated in recurrent tumors in animal models and patients with breast cancer with poor prognosis. Suppression of Nrf2 impairs recurrence (Fox et al., 2020).



Nrf2 Is Aberrantly Activated in Cancer Cells

The enhanced production of ROS is one of the fundamental features of cancer cells. Increased levels of ROS are pro-tumorigenic; supporting death evasion; uncontrolled proliferation; deregulating the cellular energetics; evading the immune response; provoking inflammation; inducing genome instability and mutations; and developing drug resistance, angiogenesis, invasiveness, and metastasis (Fouad and Aanei, 2017). Several mechanisms by which ROS production is enhanced in cancer cells have been described, such as oncogene activation, loss of cancer suppressors, and enhanced metabolism (Reczek and Chandel, 2017). Although enhanced ROS is essential for cancer survival and growth, the excess ROS must be eliminated to prevent cell death. To maintain redox balance and avoid oxidative damage, cancer cells upregulate their antioxidant capacity.

Constitutive Nrf2 activation maintains redox homeostasis by inducing the expression of antioxidants, enzymes involving GSH metabolism, and detoxification enzymes. Indeed, Nrf2 activation has been observed in various cancer types, including bladder cancer, breast cancer, cervical cancer, colon cancer, gastric cancer, globlastoma, glioma, hepatocellular carcinoma, lung cancer, multiple myeloma, pancreatic cancer, and ovarian cancer (Zimta et al., 2019). Nrf2 activation contributes to tumor growth, metastasis, and resistance to chemotherapy (Zimta et al., 2019). Constitutive activation of Nrf2 accelerates the recurrence of dormant tumor cells following therapy through regulation of redox and nucleotide metabolism (Fox et al., 2020). Furthermore, Nrf2 activation promotes NADPH production by regulating the pentose phosphate pathway and serine biosynthesis pathways (Wu et al., 2011; DeNicola et al., 2015). Hypoxia arises in tumor regions due to inadequate oxygen delivery, when the tumor rapidly outgrows its blood supply (Toth and Warfel, 2017). Hypoxia is well known to increase ROS production, eliciting oxidative stress. In response to hypoxia, Nrf2-mediated antioxidant pathway is also activated to improve hypoxia adaptation and cancer pathogenesis (Shi et al., 2019).

Several studies have demonstrated the underlying mechanisms of the constitutive activation of Nrf2 in cancers. Oncogenes, K-Ras, B-Raf, and Myc each increased the transcription of Nrf2 and lower intracellular ROS (DeNicola et al., 2011). Loss of KEAP1 interaction domain by missing exon 2, or exons 2, and 3 in NFE2L2 gene (encoding Nrf2), results in the failure of interaction with Keap1 (Goldstein et al., 2016). Succination of Keap1 cysteine residues abrogates its binding affinity with Nrf2 (Adam et al., 2011). Somatic mutations in Nrf2, CUL3, and SIRT1 confer an Nrf2 activation phenotype in cancer cells (Ooi et al., 2013). P1 region, including 12 CpG sites, is highly methylated in the Keap1 promoter, resulting in Keap1 downregulation (Wang et al., 2008). p62 interacts with the Nrf2-binding site on Keap1, leading to stabilization of Nrf2 (Komatsu et al., 2010). The KRR motif in p21 directly interacts with the DLG and ETGE motifs in Nrf2 and thus competes with Keap1 for Nrf2 binding, compromising the ubiquitination of Nrf2 (Chen et al., 2009).



Nrf2 Is a Potential Target for Cancer Therapy

Induction of ROS and oxidative stress is suggested to be involved in cancer initiation and progression. Cancer cells exhibit higher levels of ROS than normal cells (Hayes et al., 2020). The large amount of ROS activates Nrf2, preventing the possible oxidative damage induced by excess ROS. Nrf2 plays an important role in cancer progression, therapy resistance, and poor prognosis (Panieri and Saso, 2019). Therefore, Nrf2 is a potential therapeutic target in cancer therapy. Some Nrf2 inhibitors have been found with anti-cancer efficacy by suppressing Nrf2 expression, causing Nrf2 degradation or inhibiting Nrf2 nuclear translocation (Qin et al., 2019). These Nrf2 inhibitors include natural compounds derived from medicinal plants and some commercial drugs, such as procyanidin (Ohnuma et al., 2015, 2017), flavonoid luteolin (Chian et al., 2014), alkaloid trigonelline (Arlt et al., 2013), quassinoid brusatol (Tao et al., 2014; Olayanju et al., 2015; Karathedath et al., 2017; Wang M. et al., 2018), chrysin (Wang J. et al., 2018), oridonin (Lu et al., 2018), convallatoxin (Lee et al., 2018), honokiol (Gao D. Q. et al., 2016), wogonin (Qian et al., 2014; Xu et al., 2014, 2017; Kim et al., 2016), etc. Moreover, some commercial drugs, such as ascorbic acid (Tarumoto et al., 2004), retinoic acid (Valenzuela et al., 2014), antitubercular agent isoniazid (Verma et al., 2018), CDK inhibitor PHA-767491 (Liu et al., 2018), sorafenib (Zhou et al., 2013), valproic acid (Cha et al., 2016), metformin (Do et al., 2013, 2014; Yu et al., 2017; Sena et al., 2018), and glucocorticoid clobetasol propionate (Choi et al., 2017) also have anti-Nrf2 activity (Jung et al., 2018; Panieri and Saso, 2019). These Nrf2 inhibitors are summarized in Table 1.


TABLE 1. Nrf2 inhibitors in cancer research.
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THE REGULATORY ROLE OF Nrf2 IN IRON HOMEOSTASIS

Free iron is toxic to the body by catalyzing the production of highly reactive hydroxyl radicals (OH⋅) through Fenton reaction. Therefore, the intracellular LIP must be tightly regulated. To date, most of the current researches on Nrf2 focus on its antioxidant properties. However, Nrf2 has been demonstrated to play a pivotal role in iron homeostasis. Nrf2 can regulate iron storage and iron efflux through ferritin, FPN1, and HO-1 gene transcription (Kasai et al., 2018).


Cellular Iron Homeostasis

Ferritin is a highly conserved and universal iron storage protein composed of 24 subunits of two types, ferritin heavy chain (FTH) and ferritin light chain (FTL). Ferritin can carry up to 4,500 iron atoms in its core and prevents iron-mediated formation of harmful ROS (Arosio et al., 2017). Therefore, ferritin has an antioxidant effect to some extent. The effects of Nrf2 on iron storage are first found in Nrf2-deficient mice. The Nrf2–/– mice exhibit abnormally white teeth due to defective iron utilization during the development of tooth enamel (Yanagawa et al., 2004). Subsequent research shows Nrf2 activation is responsible for the induction of ferritin. Some chemo-preventive agents, such as sulforaphane and 1,2-dithiole-3-thione, can activate Nrf2 and induce ferritin transcription (Kwak et al., 2001; Thimmulappa et al., 2002). Electrophoretic mobility shift assays demonstrate that Nrf2 binds ARE elements and mediates the transcriptional activation of ferritin (Pietsch et al., 2003). The induction of ferritin is not observed in Nrf2 knockout cells. These results suggest that Nrf2 mediates the induction of ferritin H and L in response to xenobiotics (Pietsch et al., 2003).

Nrf2 not only regulates iron homeostasis by inducing ferritin transcription but also decreases LIP by enhancing iron efflux of the cell. FPN1 is the only known mammalian iron exporter of non-heme iron. Nrf2 activation promotes FPN1 mRNA expression and enhances iron release (Harada et al., 2011). The ARE element located at position -7007/-7016 of FPN1 promoter is involved in Nrf2-mediated transcription (Marro et al., 2010). The induction of FPN1 by Nrf2 can be also regulated by BTB and CNC homology 1 (Bach1). Bach1 and Nrf2 compete to bind ARE-like enhancers in cells and regulate ARE-mediated FPN1 expression. The role of Bach1 in Nrf2-mediated FPN1 regulation arises from studies on the heme induced FPN1 expression in macrophages. Before erythrophagocytosis or Heme treatment, Bach1 binds to the ARE of FPN1. Upon Heme treatment, the heme-sensitive Bach1 releases from DNA and allows Nrf2 to bind, consequently promoting FPN1 transcription (Marro et al., 2010). Whether Bach1 inactivation is involved in the regulation of ferritin transcription needs further investigation.

Heme, an iron-containing molecule, plays an essential role in mitochondrial electron transport as a cofactor of cytochromes. Heme can enter cell through FLVCR2 (feline leukemia virus subgroup C receptor-related protein 2), SLC48A1, and SCL46A1 in the cell membrane (Cao and Fleming, 2015). Its degradation is regulated by HO-1, which is also an Nrf2-regulated gene. HO-1 (encoded by HMOX1) is an initial and rate-limiting enzyme catalyzing the oxidative degradation of heme to produce biliverdin, ferrous iron, and carbon monoxide. Biliverdin is subsequently converted to bilirubin by biliverdin reductase (Chau, 2015). HO-1 overexpression may lead to the accumulation of iron derived from HO-1 catabolism and mediates the development of ferroptosis induced by erastin, withaferin A, and BAY 11-7058 (Kwon et al., 2015; Chang et al., 2018; Hassannia et al., 2018). Pharmacological inhibition or knockdown of HO-1 has an inhibitory effect (Kwon et al., 2015; Chang et al., 2018; Hassannia et al., 2018). It has been proven that Nrf2/HO-1 mediates tagitinin C-induced ferroptosis (Wei R. et al., 2021). In addition to its primary role in heme catabolism, HO-1 exhibits anti-oxidative functions via the actions of bilirubin (Chau, 2015). Activation of Nrf2/HO-1 axis is also involved in the cytoprotective effects against ferroptosis (Jiang et al., 2020; Ma et al., 2020; Wang et al., 2021; Wei N. et al., 2021). Whether HO-1 is cytoprotective or cytotoxic, it may depend on the degree of its expression. Excessive upregulation of HO-1 releases a significant amount of ferrous iron from heme and enhances the generation of ROS through Fenton reaction, while a moderate upregulation may be cytoprotective (Hassannia et al., 2019).



Systemic Iron Homeostasis

Nrf2 deficiency dysregulates iron homeostasis in the body. Nrf2 deficiency aging mice exhibit an increased accumulation of iron in liver, spleen, and serum. Iron regulatory genes responsible for uptake (TfR1 and DMT1) and excretion (FPN1) are decreased, while ferritin responsible for iron deposition (FTL and FTH1) is upregulated (Liu et al., 2020). If Nrf2 is responsible for the dysregulation of iron homeostasis, the ferritin should be decreased. However, Nrf2 knockout enhances ferritin expression in aging mice. These results suggest that ferritin, FPN1, DMT1, and TfR1 may be regulated by IRP-iron responsive element (IRE) system in Nrf2 deficiency mice. Nrf2 controls systemic iron homeostasis via BMP6/hepcidin in hepatocytes (Lim et al., 2019). Nrf2 regulates Bmp6 expression and is required for the induction of hepatic hepcidin in response to mitochondrial ROS and oxidative damage mediated by iron. Nrf2-deficient mice with iron overload exhibit defective hepcidin induction (Lim et al., 2019). Pharmacological Nrf2 activation not only improves iron homeostasis in hemochromatosis and thalassemia but also induces antioxidant/detoxifying enzyme gene expression to alleviate iron-mediated oxidative damage (Lim et al., 2019).



Nrf2 IS A POTENTIAL MODULATOR ORCHESTRATING IRON HOMEOSTASIS AND REDOX BALANCE IN CANCER CELLS

Cancer cells have extremely higher energy demands, which provides a fundamental advantage for proliferation, migration, and metastasis. Therefore, the reliance on mitochondrial energy generation is much greater than normal cells. To meet their high energy demand, cancer cells have an enhanced mitochondrial biogenesis and possess abundant mitochondria (Zong et al., 2016). Iron is an essential trace element for mitochondrial biogenesis. Mitochondria contain up to 20–50% of total cellular iron (Ward and Cloonan, 2019). Mitochondrial iron is utilized for the biosynthesis of Fe-S clusters involving in electron transport. Alterations in mitochondrial iron concentrations can impair the biosynthesis of Fe-S clusters, leading to mitochondrial dysfunction, and increase oxidative stress. Iron depletion initiates a rapid and reversible decrease in mitochondrial biogenesis through dampening the transcription of genes encoding mitochondrial proteins (Rensvold et al., 2016). Therefore, cancer cells require abundant iron uptake to support tumor growth and migration. However, excess iron may generate a large abundant of ROS through Fenton reaction and induce oxidative stress and even damage to the cells. As the major source of ROS, 90% intracellular ROS is demonstrated to be generated in mitochondria. Since the cancer cells have a large number of mitochondria, cancer cells overproduce about a 10-fold level of ROS compared with normal cells (Zhang et al., 2019). How the cancer cells perceive the intracellular iron concentration, regulate iron uptake, and stimulate antioxidant system is of great importance.

Nrf2 is a potential modulator capable of orchestrating iron homeostasis and redox balance. Nrf2 is first identified to have redox-regulating capacities by recognizing ARE for transcription activation of antioxidant genes, including HO-1, CAT, NQO-1, glutamate-cysteine ligase catalytic subunit (Gclc), etc. Recent studies have revealed that Nrf2 is involved in iron homeostasis. FPN1 (iron efflux proteins) and ferritin (including FTH1 and FTL) are the new target genes of Nrf2. Iron-mediated ROS production activates Nrf2 and causes Nrf2 nuclear translocation. Nrf2 not only induces the gene expression of anti-oxidant enzymes but also gene expression involved in iron metabolism. FPN1 controls iron export from cells. The iron storage protein ferritin contributes to iron storage. Both FPN1 and ferritin reduce the intracellular free iron and limit the production of iron-mediated ROS (Figure 3). Nrf2 is a potential modulator for orchestrating iron homeostasis and redox balance in cancer cells.
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FIGURE 3. The possible mechanisms of Nrf2 modulating iron metabolism and redox balance in cancer cells. The cancer cells have an enhanced iron uptake compared with normal cells. The LIP, a free cellular iron pool, generates ROS through Fenton reaction, causing the activation of Nrf2. Nrf2 translocates into the nucleus and promotes the transcription of genes associated with antioxidant enzymes and iron metabolism. Ferritin and FPN1 reduce the cellular free iron. Antioxidant enzymes reduce the ROS accumulation. Since cellular free iron and iron-dependent lipid peroxidation are essential for ferroptosis induction, Nrf2 inhibition probably contributes to ferroptosis by simultaneously enhancing LIP and oxidative stress.




THE POTENTIAL APPLICATION

In view of the constitutive activation of Nrf2 in various cancers, Nrf2 is believed to be a potential therapeutic target. Therefore, inhibition of the Nrf2 pathway is a useful strategy for cancer therapy and reversing drug resistance. Some Nrf2 inhibitors have been identified and reported to have anti-cancer activities. However, most of these Nrf2 inhibitors exhibit low potency, non-specificity, and inconsistency. There have been no inhibitors currently and clinically available or under clinical trial (Jung et al., 2018; Panieri and Saso, 2019).

Increased iron stores are associated with cancer induction, malignant progression, therapy resistance, and immune evasion. The enhanced iron demand makes cancer cells more vulnerable to iron-dependent ferroptosis. However, excess iron induces ROS production via Fenton reaction, activating Nrf2 mediated antioxidant pathways to avoid iron-induced oxidative damage. Since ferroptosis is strongly dependent on antioxidant metabolism and iron homeostasis, genes or pathways associated with metabolism in iron or antioxidative stress may potentially regulate sensitivity to ferroptosis. Nrf2 regulates genes involving not only antioxidant defenses but also the synthesis of heme and Fe-S clusters, iron storage, and iron export. Nrf2 is a core regulator orchestrating the activation of antioxidant defenses to protect against iron toxicity. If cancer cells are treated with ferroptosis inducers along with Nrf2 inhibitors, it may effectively increase the sensitivity to ferroptosis. Indeed, Nrf2 plays a central role in protecting against ferroptosis by activating transcription of NQO-1, HO-1, and FTH1. Inhibition of Nrf2 or its downstream antioxidant genes and FTH1 promotes ferroptosis in response to ferroptosis-inducing compounds (erastin and sorafenib) (Sun et al., 2016). Nrf2 inhibition reverses the resistance of cisplatin-resistant head and neck cancer cells to artesunate-induced ferroptosis (Roh et al., 2017). Nrf2 inhibition also reverses resistance to GPX4 inhibitor-induced ferroptosis in head and neck cancer (Shin et al., 2018). Nrf2 inhibitors are the promising modulators of ferroptosis.



CONCLUSION

In this hypothesis, we highlight the role of Nrf2 in ferroptosis through regulating iron and ROS homeostasis. Nrf2 plays dual roles in both iron homeostasis and redox balance. Iron promotes carcinogenesis, tumor growth, and migration. On the other hand, excess iron also causes overproduction of ROS through Fenton reaction and mitochondrial oxidative respiration. To avoid the excess of redox-active iron and oxidative damage, it is highly probable that Nrf2 modulates the balance between iron status and oxidative stress. Nrf2 can be activated by iron-induced ROS and induces transcriptions of antioxidant genes, FPN1, and ferritin. Hence, Nrf2 not only reduces cellular oxidative stress but also decreases the free iron level. Since ferroptosis is dependent on lipid peroxide and iron accumulation, Nrf2 inhibition may dramatically increase the sensitivity to ferroptosis. The combination of Nrf2 inhibitors with ferroptosis inducers may exert greater efficacy on cancer therapy.
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Background: Uterine corpus endometrial carcinoma (UCEC) is the sixth most common cancer worldwide. Ferroptosis plays an important role in malignant tumors. However, the study of ferroptosis in the endometrial carcinoma remains blank.

Methods: First, we constructed a ferroptosis-related signature based on the expression profiles from The Cancer Genome Atlas database. Then, patients were divided into the high-risk and low-risk groups based on this signature. The signature was evaluated by Kaplan–Meier analysis and receiver operating characteristic (ROC) analysis. We further investigated the relationship between this signature and immune microenvironment via CIBERSORT algorithm, ImmuCellAI, MAF, MSI sensor algorithm, GSEA, and GDSC.

Results: This signature could be an independent prognostic factor based on multivariate Cox regression analysis. GSEA revealed that this signature was associated with immune-related phenotype. In addition, we indicated the different status of immune infiltration and response to the immune checkpoint between low-risk and high-risk groups. Patients in the low-risk group were more likely to present with a higher expression of immune checkpoint molecules and tumor mutation burden. Meanwhile, the low-risk patients showed sensitive responses to chemotherapy drugs.

Conclusion: In summary, the six ferroptosis-related genes signature could be used in molecular subgrouping and accurately predict the prognosis of UCEC.

Keywords: uterine corpus endometrial carcinoma, ferroptosis, prognostic signature, molecular subtypes, immune checkpoint, drug sensitivity


INTRODUCTION

Uterine corpus endometrial carcinoma (UCEC) is a huge threat to women’s health, whose incidence is increasing year by year in the United States (Siegel et al., 2019). Most women diagnosed with highly differentiated endometrial histology tend to be diagnosed early and have a favorable prognosis (Amant et al., 2005). However, some patients have low-grade, early stage, well-differentiated endometrioid tumors, in which unexpected recurrence and poor prognosis have indeed occurred. For patients with relapsed or advanced tumors and clinically aggressive histological tumors, the clinical outcome will be greatly worsened (Siegel et al., 2018). Such a poor prognosis of endometrial cancer highlights the urgent need to understand the mechanism of tumorigenesis and develop more effective strategies for predicting patients’ prognosis.

Ferroptosis is an iron-dependent regulation of cell death mediated by the fatal accumulation of lipid peroxides (Dixon et al., 2012). Artificial introduction of ferroptosis is considered a promising treatment for cancers resistant to traditional therapies (Hassannia et al., 2019; Liang et al., 2019). Ferroptosis has been reported to be a crucial process in human hepatocellular carcinoma, and CDGSH iron sulfur domain 1 (CISD1) (Yuan et al., 2016) and TP53 gene are known to be negative regulatory effective for ferroptosis (Jennis et al., 2016). In addition, other genes such as retinoblastoma (Rb), nuclear factor erythroid 2–related factor 2 (NRF2), and metallothionein (MT)-1G are reported to be associated with ferroptosis and protect liver cancer from induction of sorafenib (Louandre et al., 2015; Sun et al., 2016a,b). In 2021, researchers have revealed that ferroptosis process was aberrantly regulated in UCEC and an activator of ferroptosis can induce cell death in UCEC cells (Lopez-Janeiro et al., 2021; Zhang et al., 2021). However, the prognosis value of ferroptosis in the endometrial carcinoma still remains blank.

In the present study, expression profiles and clinical data of 511 UCEC patients from The Cancer Genome Atlas (TCGA) were used. We developed a ferroptosis-related prognostic signature. The prognostic role of the ferroptosis-related prognosis signature (FRPS) was identified by multi-faceted analysis. The relationships between the signature and immune cell type fractions, immune checkpoint modulators, mutation profile, consensus clustering, m6A regulators, mRNAsi, and functional analyses were further evaluated to explore underlying value of the FRPS.



MATERIALS AND METHODS


Data Collection

All these expression profiles and corresponding clinical data were obtained from TCGA1. Then, complete clinical data of 548 UCEC samples and 23 normal samples including survival time were filtered for further analysis. We integrated the transcriptome and complete clinical data to screen out 511 overall survival–related UCEC samples. Half of them (n = 256) were randomly split into training cohort. The entire patients (n = 511) were defined as testing cohort to verify the signature. The baseline information is exhibited in Supplementary Table 1. Then, 60 ferroptosis-related genes were retrieved from the gene list provided by previous literature (Liang et al., 2020). A total of 15 UCEC specimens and 15 adjacent tissues were obtained from the Affiliated Tumor Hospital of Nantong University. We obtained all the written informed consent from patients.



Development and Validation of Ferroptosis-Related Prognosis Signature

Firstly, we performed univariate Cox regression analysis to screen targeted ferroptosis-related genes with prognostic values. To reduce the risk of over-fitting, Lasso regression analysis, and univariate and multivariate Cox regression analysis were used to construct the prognosis model (Tibshirani, 1997). Lasso algorithm was used to select variables, and “glmnet” R package was used to shrink (Simon et al., 2011). The risk score of the FRPS was calculated according to the normalized expression level of each gene and its corresponding regression coefficient. The formula was FRPS risk score = Σ(the expression amount of each gene multiplied by the corresponding coefficient). According to the median risk score of the FRPS, we divided the patients into two groups. Then, principal component analysis (PCA) was performed by using “scatterplot3d” R package on the base of expression. The “survminer” R package was used for survival analysis of each gene. The R package “survival ROC” was used to evaluate the predictive ability of the signature.



Quantitative Real-Time-PCR

Total RNA from 15 UCEC samples and 15 adjacent tissues was extracted using TRIzol reagent (Invitrogen). The residual genomic DNA from total RNA was removed by 4 × gDNA wiper Mix (Vazyme R323-01). The complementary RNA was synthesized using PrimeScript RT reagent kit. The SYBR Premix Ex Taq Kit (TaKaRa DRR041) was used to perform real-time quantification. The relative expression levels of target genes were normalized by GAPDH and estimated using the 2−ΔΔCt method. The primers used in this research are listed in Supplementary Table 2.



Establishing and Validating a Nomogram for Prognosis Prediction

Nomogram involving prognostic clinicopathological factors (age, stage, histological type, grade, and FRPS) was carried out for prognosis prediction. In validation, we used the calibration plots for calibration of the nomogram. The “rms,” “foreign,” and “survival” package in R were used to establish and validate a nomogram (Park, 2018).



Assessment of Immune Cell Infiltration in Tumors

CIBERSORT algorithm was used to obtain the fraction of 22 immune cell types based on RNA-Seq data (Newman et al., 2015). The correlation between FRPS and these immune cells was analyzed by Spearman.



Immunotherapy Response Prediction

We used an online tool Immune Cell Abundance Identifier (ImmuCellAI) to estimate the abundance of 24 immune cells in UCEC (Miao et al., 2020). The datasets including RNA-Seq and microarray data were used to predict the patient’s response to an existing immune checkpoint blockade therapy.



mRNAsi, Mutation Analysis, and Functional Enrichment Analysis

The results of mRNAsi in TCGA-UCEC were obtained from a previous study (Malta et al., 2018). The mutation data of UCEC patients were downloaded from TCGA. The mutation annotation format (MAF) and MAF tool helped us to obtain somatic variation data (Mayakonda et al., 2018). The tumor mutation burden (TMB) score was obtained as follows: TMB = (total mutant bases/total covered bases) × 106 (Robinson et al., 2017). The functional enrichment analysis was conducted by single-sample gene set enrichment analysis (ssGSEA) using the infiltrating score of 16 immune cells and the activity of 13 immune-related pathways.



Microsatellite Instability Analysis

Microsatellite instability sensor algorithm is a program that can report the percentage of unstable microsatellites (Niu et al., 2014). We used this algorithm to obtain the MSI status for all cases based on somatic mutation data downloaded from TCGA. The relationship between FRPS and MSI was analyzed using Spearman’s rank correlation coefficient.



Gene Set Enrichment Analysis

Gene set enrichment analysis is a method used to determine whether a set of marker genes can predict a statistically significant difference between two different cohorts. Here, we analyzed the significant difference in survival between the two cohorts in the entire TCGA cohort divided by the risk score. Normalized p-values less than 0.05 and false discovery rate (FDR) less than 0.05 are considered significantly enriched (Canzler and Hackermuller, 2020).



Prediction of Chemotherapy Response

To evaluate the response to chemotherapy drugs, we used public pharmacogenomics database Genomics of Drug Sensitivity in Cancer (GDSC)2. The half-maximal inhibitory concentration (IC50) is estimated by R package “pRRophetic” (Yang et al., 2013).



Consensus Clustering and Survival Analysis

To identify the molecular subtypes in endometrial cancer, the TCGA UCEC cohort was divided into different groups by R package “Consensus Cluster Plus, 1000 iterations and resampling rate of 80%” (Yu et al., 2015). We performed the log-rank test and Kaplan–Meier curve to assess the overall survival (OS) difference between different groups. Chi-square test was a good assistant helping us to compare the distribution of age, grade, stage, and histologic type between different clusters.



Statistical Analysis

All statistics and figures were analyzed using R 3.6.2. Wilcoxon’s test allowed us to evaluate the differential expression of genes related to ferroptosis between UCEC patients and controls. We used the χ2 test to assess the relationship between FRPS and clinicopathological factors. P-value < 0.05 was considered to be statistically significant.



RESULTS


Construction of Ferroptosis-Related Prognosis Signature in the Cancer Genome Atlas Training Cohort

First, the expression profiles and survival data of UCEC patients in training cohort were filtered based on 60 ferroptosis-related genes through the univariate Cox regression analysis and 17 genes were correlated with overall survival (Table 1). Then, LASSO analysis (Figures 1A,B), and univariate and multivariate Cox regression analysis narrowed the screened scope to six genes (HMOX1, KEAP1, HSBP1, SAT1, CISD1, and GPX4) (Supplementary Material). The risk score of FRPS for OS = (0.002907 × HMOX1) + (0.013486 × KEAP1) + (−0.089640 × HSBP1) + (−0.001665 × SAT1) + (0.148239 × CISD1) + (−0.003060 × GPX4). Meanwhile, patients in the training cohort were divided into high-risk and low-risk groups according to the median risk score of the FRPS (Figure 1C). PCA indicated the patients in different risk groups were distributed in two directions (Figure 1D). The distribution of FRPS and survival status of patients in OS signature are shown in Figure 1E. The OS of patients in the low-risk group was significantly longer than those in the high-risk group according to the Kaplan–Meier curve (Figure 1F). Besides, the 1-year, 3-year, and 5-year ROC curves based on training cohort are plotted as Figure 1G, suggesting satisfactory prognostic value of the signature.


TABLE 1. The 17 significant prognostic genes revealed by univariate Cox regression.
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FIGURE 1. Construction of the FRPS. (A) A cross-validation for tuning parameter selection in the LASSO model. (B) LASSO coefficient profiles of 17 prognostic immune-related genes. (C–E) The distribution of risk score, PCA and survival status in training set. (F) Kaplan-Meier survival curves of overall survival between high-risk and low-risk patients in training set. (G) 1-year, 3-year, and 5-year ROC curve of the predictive power of the FRPS in training set.


Then, the mRNA expression of these genes was validated by qPCR using the samples from the Nantong Third People’s Hospital Affiliated to Nantong University (Figure 2). The mRNA expression of KEAP1, HSBP1, SAT1, CISD1, and GPX4 were significantly different between tumor and the adjacent tissues. KEAP1 and HOMOX1 were low expressed in tumor than the para-carcinoma tissues, and the high expression of these two genes increased the risk of FRPS, which suggested the poor prognosis of patients. These results suggested the potential feasibility of this signature for clinical usage. Expression and Kaplan–Meier survival analysis of each gene in the signature were also performed and four genes were output significantly (Supplementary Figure 1).
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FIGURE 2. (A) HOMOX1 expression level. (B) KEAP1 expression level. (C) HSBP1 expression level. (D) SAT1 expression level. (E) CIDS1 expression level. (F) GPX4 expression level. ns, not significant, *P < 0.05, **P < 0.01, ***P < 0.001.




Validation of Ferroptosis-Related Prognosis Signature in the Cancer Genome Atlas Testing Cohort

To test the robustness of the aforementioned signature, the entire TCGA patients were divided into high-risk and low-risk groups by the same risk score (Figure 3A). PCA confirmed the similar results obtained from the training cohort; the patients in the two subgroups were distributed in discrete directions (Figure 3B). Similarly, patients in the high-risk group showed worse prognosis (Figure 3C). The expression of six genes in the signature are exhibited in Figure 3D. Kaplan–Meier survival analysis claimed the reduced survival time of patients in the high-risk group compared with those in the low-risk group (Figure 3E). Furthermore, subgroup analyses in age, grade, stage, and histological type in the signature were performed, demonstrating that patients with high-risk scores shared shorter OS in all the subgroups (p < 0.05) (Supplementary Figure 2). Besides, the 1-year, 3-year, and 5-year AUC of signature was 0.705, 0.676, and 0.713, respectively (Figure 3F). According to the Cox regression analysis, the histological type, tumor stage, and this signature were independent prognostic factors (Table 2). We further compared the prediction value of this signature with other existing signatures. As shown in Figure 4, the AUC for this signature was 0.705, which was higher than the existing ferroptosis-related signatures. This result revealed that our established signature was superior to other signatures in predicting patient’s survival information (Yu et al., 2015; Liu et al., 2021; Yang et al., 2021; Zhu et al., 2021).


[image: image]

FIGURE 3. Construction of the FRPS in the testing cohort. (A) The distribution of the risk score among patients. (B) PCA analysis confirmed that patients in two subgroups were distributed in discrete directions. (C) The distribution of the survival status among patients. (D) The distribution of stage, grade, histological type, age, and the expression of six genes in high-risk and low-risk groups. (E) Kaplan–Meier survival curves of overall survival between high-risk and low-risk patients in testing set. (F) 1-year, 3-year, and 5-year ROC curve of the predictive power of the FRPS in testing set.



TABLE 2. Univariate and multivariate Cox regression analysis of the clinical factors and overall survival in different patient sets.
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FIGURE 4. The AUC for FRPS and the existing ferroptosis-related signatures.




Establishment of Nomogram

To better predict overall survival time, we integrated clinicopathological factors related to prognosis (age, stage, histological type, and FRPS) to establish a nomogram prediction model (Figure 5A). We compared the relationship between FRPS and clinicopathological factors (Supplementary Table 3). Quantifying the aforementioned variables as numerical points, 1-year, 3-year, and 5-year survival rates of UCEC patients can be calculated based on the total points of all risk factors. A calibration chart was also constructed to show the consensus of the predicted and observed results (Figure 5B). Meanwhile, ROC curve demonstrated the better predictive ability of FRPS in 1-year, 3-year, and 5-year OS than other clinical factors (Figure 5C). Combining clinical factors and FRPS accessed optimal predicting effect in UCEC patients based on 1-year, 3-year, and 5-year OS (Figure 5D).
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FIGURE 5. Construction and validation of the nomogram. (A) Nomogram to predict the probability of 1-, 3-, and 5-year OS of UCEC patients. (B) Calibration curves of the nomogram to predict the probability of OS at 1, 3, and 5 years. (C) 1-, 3-, and 5-year ROC of FRPS and the other clinical characteristics. (D) 1-, 3-, and 5-year ROC of the combination of FRPS and clinical factors.




Ferroptosis-Related Prognosis Signature and Immune Cell Type Fractions

Using ESTIMATE algorithm, patients in the high-risk group were found to have lower immune scores, stromal scores, and ESTIMATE scores (Figures 6A–C). On the contrary, patients accessed higher tumor purity scores in the high-risk group (Figure 6D). The aforementioned findings suggested that the tumor immune microenvironment was closely associated with the FRPS in UCEC patients. To find the major immune cells between the high-risk groups and low-risk groups, CIBERSORT algorithm was employed. The results showed that macrophages M1, macrophages M2, T cell follicular helper, and B cells naive were positively correlated with FRPS while NK cells activated, T cells regulatory (Tregs), neutrophils, and dendritic cells resting were negatively correlated with FRPS (Figure 6E). The distribution of immune cells and scores for each patient is exhibited in Figure 6F. In the present research, we also focused on the tumor infiltrating cells between subgroups. We found that B cells naive, macrophages M1, macrophages M2, T cells CD4 memory activated, T cells follicular helper, T cells gamma delta, NK cells activated, T cells regulatory (Tregs), and neutrophils infiltrated differently in different groups (Figure 6G).
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FIGURE 6. Correlation between FRPS and immune cell infiltration. (A–D) The correlation between FRPS and (A) ESTIMATE Score, (B) Immune Score, (C) Stromal Score, and (D) Tumor Purity. (E) The association between FRPS and immune cell infiltration. (F) The association between IRPS and each type of immune cell. (G) The landscape of immune cell infiltration in low-risk and high-risk groups. The low-risk and high-risk groups are represented via blue and red violin, respectively.




Ferroptosis-Related Prognosis Signature and Immune Checkpoint Modulators

Immune checkpoint proteins, playing important roles in the immune response, aroused our great interest to explore the relationship between FRPS and immune checkpoint modulators. The results demonstrated that CD40, PD-L1, and PD-L2 showed a positive correlation with FRPS while CD270, CD27, and CTLA4 were negatively related to FRPS (Figure 7A). The distribution of immune checkpoint proteins and risk scores for each patient is exhibited in Figure 7B. Immune checkpoint proteins between high-risk groups and low-risk groups were evaluated, and results demonstrated that CD27, CTLA4, PD-L2, B7-H4, CD40, PD-L1, and CD270 expressed differently between high- and low-risk groups (Figure 7C). Potential response to immunotherapy in each patient was further assessed by the online tool ImmuCellAI and patients in the low-risk group showed better reactivity to immunotherapy than those in the high-risk group (p = 0.016; Figure 7D).
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FIGURE 7. Correlation between FRPS and immune checkpoint molecules and the predicted response to immunotherapy. (A) The association between FRPS and immune checkpoint molecules. (B) The association between FRPS and several immune checkpoint molecules in detail. (C) The landscape of the expression of immune checkpoint molecules in low-risk and high-risk groups. (D) The different immunotherapy response rates in low-risk and high-risk groups.




Ferroptosis-Related Prognosis Signature and Mutation Profile

Tumor mutation burden (TMB) is an important cause of tumor occurrence and development, can be used to predict the efficacy of immune checkpoint blockade, and has been shown to be a biomarker for patients who benefit from immunotherapy. In this study, we declared that FRPS was negatively correlated with TMB (Figure 8A). Lower TMB was observed in the high-risk group (Figure 8B). In addition, the mutant genes that showed the most significant difference in their mutation frequency between the two groups are shown in Figure 8C. TP53 and PPP2R1A were found to have higher mutation frequency in the high-risk group, and the rest of the genes showed higher mutation frequency in the low-risk group. Therefore, somatic mutation data were used to assess the TMB of patients. The order of somatic mutation frequency in the high-risk group was TP53 > PTEN > PIK3CA > TTN > ARID1A > PIK3R1 > KMT2D > CHD4 > MUC16 > PPP2R1A (Figure 8D); in the low-risk group, PTEN > ARID1A > PIK3CA > TTN > CTCF > PIK3R1 > CTNNB1 > KMT2D > ZFHX3 > KRAS (Figure 8E).


[image: image]

FIGURE 8. The TMB, mutation profile, and MSI in high-risk and low-risk groups. (A) The correlation between TMB and FRPS. (B) The TMB status in high-risk and low-risk groups. (C) The most frequently mutated genes in high-risk and low-risk groups. (D,E) The top 10 mutated genes in high-risk and low-risk groups. (F) The relationship between MSI and FRPS. (G) The rate of response to immunotherapy in high-risk and low-risk groups. Red line to provide a brief tendency of association between TMB, MIS and riskscore. *P < 0.05, **P < 0.01, ***P < 0.001.




Ferroptosis-Related Prognosis Signature and Microsatellite Instability

Several researches had illustrated that MSI can affect the effect of immunotherapy in several cancers. In this research, we also investigated the MSI status between groups. The results revealed that MSI status was negatively correlated with FRPS (Figure 8F). Besides, according to ImmuCellAI, higher immunotherapy response rate was observed in the low-risk group compared with patients in the high-risk group (Figure 8G), which implied that patients in the low-risk group might benefit from immunotherapy.



m6A Regulators, mRNAsi, and Functional Analyses in Two Groups

In recent years, the role of m6A methylation in cancer has attracted widespread attention. More and more evidence showed that the genetic changes and expression disorders of m6A RNA are associated with the tumor occurrence, progression, and treatment resistance. The expression levels of HNRNPC, YTHDC1, ZC3H13, YTHDF2, FTO, YTHDF1, YTHDF3, METTL14, RBM15, WTAP, KIAA1429, FMR1, and HNRNPA2B1 were dramatically higher in UCEC high-risk group (p < 0.05) (Supplementary Figure 3A). In addition, the expression levels of mRNAsi (p = 3.52e-10) and EREG-mRNAsi (p = 0.032) in high-risk group were also higher (Supplementary Figure 3B). To further explore the correlation between FRPS and immune status, we used ssGSEA to quantify the enrichment scores of various immune cell subgroups, related functions, or pathways (Supplementary Figures 3C,D). Interestingly, the antigen presentation process (aDC and iDC) was significantly different, and the enriched cytokine–cytokine receptor interaction in the KEGG analysis scored higher in the high-risk group (p < 0.05, Supplementary Figure 3D).



Gene Set Enrichment Analysis Identifies a Signaling Pathway Related With Ferroptosis-Related Prognosis Signature

In addition, GSEA analyzed the transcription information of patients in the high-risk and low-risk subgroups. Based on normalized p-value < 0.05, FDR < 0.05, and NES, we filtered the most significant enrichment biological approach. Representative KEGG pathways were related to some essential signaling pathways including cell cycle, DNA replication, mismatch repair, alpha linolenic acid metabolism, and ribosome and tyrosine metabolism (Supplementary Figure 4). The aforementioned results suggested the potential mechanism of the occurrence and development of UCEC.



Response to Chemotherapy in Two Groups

Using the pRRophetic algorithm, IC50 of 35 common chemotherapeutic agents was predicted in high- or low-risk group (PD.0332991, Nutlin.3a, X17.AAG, Bryostatin.1, PD.0325901, SB.216763, Bicalutamide, AZD6244, PF.02341066, LFM.A13, Temsirolimus, NVP.BEZ235, FTI.277, RDEA119, BMS.536924, MG.132, PF.562271, Roscovitine, AZ628, Vinblastine, EHT.1864, Tipifarnib, BMS.754807, Lapatinib, KIN001.135). All 25 drugs had higher IC50 in high-risk patients, indicating that the low-risk patients were more sensitive to these 25 drugs (Wilcoxon test, all p < 0.05; Supplementary Figure 5).



Ferroptosis-Related Prognosis Signature and Consensus Clustering

Consensus clustering was analyzed based on the expression levels of six targeted genes. We chose K = 2 as the most optimal clustering because the clustering was suboptimal when divided into more than two clusters (Figures 9A–C). UCEC patients in clusters 1 and 2 showed significant differences in age, stage, and histological type, but did not show any significant differences in grade (Figures 9D,E). Moreover, the OS was significantly shorter in the UCEC patients of cluster 1 based on Kaplan–Meier curve compared with those of cluster 2 (Figure 9F). We also compared the significantly enriched KEGG pathways between two clusters; four pathways were identified, including fatty acid metabolism, graft-versus-host disease, protein export, and ribosome. These mechanisms may involve in the pathogenesis of UCEC (Figure 9G).
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FIGURE 9. Consensus clustering for ferroptosis-related genes in UCEC patients. (A) Consensus clustering CDF for k = 2 to k = 9. (B) Relative change in area under CDF curve for k = 2 to k = 9. (C) Consensus clustering matrix of UCEC samples from TCGA dataset for k = 2. (D) Heat map of two clusters defined by the six variable expression genes. (E) The proportion of clinical factors in two clusters. (F) K–M survival curve of patients in two clusters. (G) The significantly enriched KEGG pathways in two clusters.




DISCUSSION

The incidence rate of uterine corpus endometrial carcinoma (UCEC) is increasing in recent years, becoming a global problem threatening women’s health. To date, therapeutic regimens, such as immunological therapy and chemotherapy, are applied according to the clinical stages of the tumor. However, some patients cannot benefit from the current therapeutic regimens even if they are in the same clinical stage. To overcome this challenge, in this research, we developed a model for predicting the survival and therapeutic response of UCEC patients using ferroptosis-related genes.

Ferroptosis is emerging as an iron-dependent regulation of cell death mediated by the fatal accumulation of lipid peroxides. Previous studies had reported that several genes can serve as regulators of ferroptosis and plays a crucial role in HCC. In this study, we systematically identified the expression of 60 ferroptosis-related genes and then filtered out six prognosis-related genes (HMOX1, KEAP1, HSBP1, SAT1, CISD1, and GPX4) to construct a signature for overall survival prediction in patients with UCEC. The AUC values of the training and testing cohort were greater than 0.7. The FRPS showed a higher prognostic value compared with other clinical factors.

This signature was constructed based on six HMOX1 prognosis-related genes (HMOX1, KEAP1, HSBP1, SAT1, CISD1, and GPX4). HMOX1 is a cell-protective enzyme that is important in maintaining the dynamic balance of REDOX and provides an effective antioxidant defense mechanism in response to cellular stress by breaking down toxic heme into carbon monoxide, biliverdin, and iron (Nath, 1999; Lever et al., 2016). Although HMOX1 expression is upregulated in the process of ferroptosis in cancer cells, it is not clear whether HMOX1 is induced in this context to enhance ferroptosis or as a protective response (Kwon et al., 2015). Based on our results, the imbalance of the expression of HMOX1 suggested the poor prognosis of patients. KEAP1, a component of Nrf2-Keap1 pathway, acts as a molecular switch to activate Nrf2, and KEAP1 senses and delivers the oxidizing challenge (Lau et al., 2008). Nrf2-Keap1 pathway can act as a switch for malignancy in gliomas promoting cell proliferation and resistance to cell death processes such as ferroptosis (Fan et al., 2017). HSBP1 is an evolutionarily conserved heat shock factor binding protein that can directly bind to the DNA of heat shock factor 1 (Hsf1) and inhibit its transcriptional activity (Satyal et al., 1998). There are no large data to prove the function of HSBP1 as a ferroptosis regulator. The transcriptional activation of SAT1 mediated by p53 is essential for ROS-induced ferroptosis because knocking out SAT1 can significantly eliminate the p53-induced ferroptosis under ROS stress (Ou et al., 2016). CISD1, also known as mitoNEET, is an iron-containing mitochondrial outer membrane protein with a size of 13 kDa (Geldenhuys et al., 2014). It was first identified as a target for the treatment of diabetes drug pioglitazone (Colca et al., 2004). Functionally, CISD1 regulates iron uptake and respiration in mitochondria (Wiley et al., 2007; Tamir et al., 2015). CISD1 deficiency leads to iron accumulation and subsequent oxidative damage in mitochondria, which are involved in fat and glucose metabolism (Kusminski et al., 2012). In addition to diabetes, CISD1 expression impairment is also associated with tumor growth (such as breast cancer and liver cancer) and has been considered as a potential chemotherapy target (Salem et al., 2012; Sohn et al., 2013). GPX4 has been determined as a central regulator of ferroptosis (Yang et al., 2014). In models where GPX4 deficiency leads to death or cell loss, iron prolapse is likely to occur. In fact, embryonic fibroblasts (MEF) in conditional Gpx4 knockout mice died of lipid peroxidation after Gpx4 deletion. Supplementation of vitamin E in the medium of the MEF saved cell death (Seiler et al., 2008). In normal cell physiology, the increase in lipid peroxidation caused by GPX4 inhibition raises the question of the origin of lipid peroxidation (Yang and Stockwell, 2008).

We further investigated the biological function of this FRPS. We found this signature was closely related to the tumor immune microenvironment. Several studies had demonstrated that tumor played important role in the developing and prognosing of tumor (Hinshaw and Shevde, 2019). Immune cells are important constituents of the tumor stroma and take part in this process. Immune cells like macrophages M1, macrophages M2, T cell follicular helper, and B cells naive were positively correlated with this signature while NK cells activated, T cells regulatory (Tregs), neutrophils, and dendritic cells resting were negatively correlated with this signature, which hinted the strong immunoreaction in patients from the low-risk group. Apart from the immune cell infiltration, results from the ImmuCellAI showed that patients in the low-risk group may exhibit sensitive response to immunotherapy, thus, may benefit from immunotherapy. This conclusion was also supported by the results from immune checkpoint modulators, TMB, and MSI. Meanwhile, chemotherapy was another important treatment for UCEC patients. According to the estimated IC50 results from the GDSC database, the patients in low-risk group were more sensitive to 25 chemotherapy drugs including bicalutamide, temsirolimus, roscovitine, vinblastine, tipifarnib, lapatinib, and other drugs.

However, this research also has several limitations. First, the research is conducted mainly based on online Public Database. To verify our model, the external data were necessary. Second, we mainly focused on the ferroptosis-related genes, and there might be more precise genes which can reflect patient’s prognosis. Finally, the response to chemotherapy was predicted by online database, and some drugs were not the major drugs for UCEC, which should be verified in future search.



CONCLUSION

In summary, based on six selected ferroptosis-related genes, we constructed a prognostic signature possessing independent predictive value of UCEC patients in TCGA datasets. Through internal verification, the versatility of the signature was proven and the nomogram was showed to be suitable for clinical use. With the help of FRPS, clinical factors can predict a patient’s response to immunotherapy and chemotherapy, which can provide valuable information on designing a therapeutic regimen.
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The human six-transmembrane epithelial antigen of the prostate (STEAP) proteins, which include STEAP1–4 and atypical STEAP1B, contain six transmembrane domains and are located in the cell membrane. STEAPs are considered archaeal metal oxidoreductases, based on their heme groups and F420H2:NADP+ oxidoreductase (FNO)-like structures, and play an important role in cell metal metabolism. Interestingly, STEAPs not only participate in biological processes, such as molecular transport, cell cycling, immune response, and intracellular and extracellular activities, but also are closely related to the occurrence and development of several diseases, especially malignant tumors. Up to now, the expression patterns of STEAPs have been found to be diverse in different types of tumors, with controversial participation in different aspects of malignancy, such as cell proliferation, migration, invasion, apoptosis, and therapeutic resistance. It is clinically important to explore the potential roles of STEAPs as new immunotherapeutic targets for the treatment of different malignant tumors. Therefore, this review focuses on the molecular mechanism and function of STEAPs in the occurrence and development of different cancers in order to understand the role of STEAPs in cancer and provide a new theoretical basis for the treatment of diverse cancers.
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INTRODUCTION

The six-transmembrane epithelial antigen of the prostate (STEAP) family proteins belong to a class of cellular transmembrane proteins. With five members so far, namely STEAP1–4 and STEAP1B, STEAP proteins possess a similar structure comprised of 4–6 transmembrane domains and intracellular amino- and carboxyl-terminal domains (Hubert et al., 1999; Rinaldy and Steiner, 1999; Zhang et al., 2001; Korkmaz et al., 2002, 2005; Grunewald et al., 2012a; Gomes et al., 2014b). Except for the highly homologous STEAP1 and STEAP1B, all other members have general metal reductase activity catalyzed by an F420H2:NADP+ oxidoreductase (FNO)-like domain (Knutson, 2007). However, it has been reported that the intramembrane heme group in STEAP1 and STEAP1B can still be involved in metal metabolism, especially for the reduction and absorption of iron and copper (Ohgami et al., 2006).

Not surprisingly, STEAP family proteins have been reported to affect both intracellular oxidative stress and inflammation, by reducing extracellular Fe3+/Cu2+ to Fe2+/Cu+, and cell uptake of Fe2+/Cu+ through transferrin and copper transport proteins, as well as other cellular biological processes (Ohgami et al., 2005; Liao et al., 2020; Wu et al., 2020). In addition, the abnormal expression of STEAP family members in malignancies has been reported to be related to cell proliferation, migration, invasion, apoptosis, and prognosis by activating or suppressing different signaling pathways. Importantly, the location and function of STEAP family members in cells and their differential expression in tumor tissues raise awareness of the roles of STEAPs in tumorigenesis and development. This review focuses on the current literature, discusses the expression and functions of STEAP family members in different tumors, and describes their roles in tumors in order to propose therapeutic strategies for the treatment of malignant tumors.



STRUCTURAL CHARACTERISTICS OF SIX-TRANSMEMBRANE EPITHELIAL ANTIGEN OF THE PROSTATE

To better understand the basic characteristics of STEAP family, the information for each gene was obtained from the National Biotechnology Information Center (Table 1). STEAP1, usually referred to as STEAP, is the first reported STEAP protein and is located on chromosome 7q21.13. The STEAP1 gene has a total length of 10,359 bp and is comprised of 5 exons (Hubert et al., 1999). Only one mRNA transcript (NM_012449.3) has been recorded, is 1,219 nt in length, and encodes a 331-amino acid STEAP1 protein (NP_036581.1). The STEAP2 (also known as STAMP1) gene is also located on chromosome 7q21.13 and has a total length of 31,669 bp and 9 exons. The STEAP2 gene can be transcribed into six different mRNAs, the longest (NM_152999.4) of which is 6,871 nt in length and encodes the largest STEAP2 protein (NP_694544.2) at 490 amino acids. Other mRNA transcripts result in shorter encoded proteins. The gene for STEAP3, also known as pHyde, TSAP6, or STAMP3, is located on chromosome 2q14.2 and has a total length of 43,177 bp and 11 exons. The STEAP3 gene produces four mRNA transcripts of varying lengths, with the longest (NM_182915.3) being 4,259 nt and encoding the largest STEAP3 protein (NP_878919.2) at 498 amino acids. Other mRNA transcripts lack certain exons, resulting in shorter encoded proteins. Because the sequence of STEAP4 is similar to that of STAMP1 (STEAP2), it is also named STAMP2 and was identified in 2005 (Korkmaz et al., 2005). The STEAP4 gene is located on chromosome 7q21.12 and encodes a total length of 36,003 bp and 6 exons. Three different mRNA transcripts are produced by the STEAP4 gene. Among them, the main mRNA transcript (NM_024636.4) is 9,991 nt long, while the longest mRNA transcript (NM_001205315.2) contains additional exons compared with the principal transcript, but encodes the same 459-amino acid protein (NP_078912.2). Other mRNA transcripts lack specific coding exons, resulting in shorter encoded proteins. STEAP1B is a newly discovered member of the STEAP family and has 88% homology with STEAP1 (Grunewald et al., 2012a), but its structure is different from that of other family members. The gene for STEAP1B is located on chromosome 7p15.3 and has a total length of 80,839 bp and 6 exons. Transcription of the STEAP1B gene produces two mRNA transcripts. The longer one (NM_001164460.1), namely STEAP1B1, is comprised of 1,299 nt and encodes a protein of 342 amino acids (NP_001157932.1), while the shorter one (STEAP1B2, NM_207342.2) uses an alternate in-frame splice site in the 5′ coding region and an alternate 3′ exon with a distinct 3′ coding region and 3′UTR compared to the longer one. The resulting protein lacks an internal segment near the N-terminus and has a shorter and distinct C-terminus.


TABLE 1. Members of the STEAP family.

[image: Table 1]
The structures of STEAP family proteins are similar. From the perspective of cell localization, all STEAP family proteins are located on the cell membrane and in the cytoplasm. The STEAP1–4 proteins located on the surface of the plasma membrane all have six potential transmembrane regions, as well as an intracellular hydrophilic amino and carboxyl-terminal, indicating that the STEAP proteins may function as a channel or transporter (Hubert et al., 1999). Furthermore, STEAP2 and STEAP4 are also located in vesicle-tubular structures of the trans-Golgi body network, plasma membrane, and cytoplasm, shuttle between the plasma membrane and Golgi body, and co-localize with early endosomal antigen 1 (EEA1), thereby participating in the secretion/endocytosis pathway (Korkmaz et al., 2005). STEAP3 is mainly located on the plasma and intracellular membranes (Valadi et al., 2007; Lespagnol et al., 2008). The protein structure of STEAP1 and STEAP2 contains at least one heme group, in the membrane, that may be related to the absorption of iron and copper (Finegold et al., 1996; Gomes et al., 2012). STEAP2, STEAP3, and STEAP4 have intrinsic metal reductase activity, endowed by its paleontological and bacterial FNO-like domain (Finegold et al., 1996), for transfer of electrons, which is necessary for iron and copper uptake (Passer et al., 2003; Ohgami et al., 2005). In addition, STEAP4 also has six-transmembrane domains, with the COOH end and the NH end containing dinucleotide binding regions, an NADP REDOX motif, and a pyrrolidine 5-carboxylate reductase motif, which may also be involved in the metal redox process (Korkmaz et al., 2005). However, different from other members, STEAP1 cannot reduce metals as it lacks the NADP+ oxidoreductase FNO-like domain homologous to paleontological and bacterial F420H2 (Ohgami et al., 2005). Nevertheless, it has been suggested that STEAP1 may be involved in iron metabolism, as it coexists with other iron uptake endosomal proteins, such as transferrin (Ohgami et al., 2006). The structure of STEAP1B is different from other proteins. STEAP1B has only four potential transmembrane regions and intracellular COOH and NH2 terminal regions (Gomes et al., 2014b). Without an NADPH oxidoreductase domain and a heme-binding site, STEAP1B is predicted to lack oxidoreductase activity (Grunewald et al., 2012a).



DIVERSE EXPRESSION PATTERNS OF SIX-TRANSMEMBRANE EPITHELIAL ANTIGEN OF THE PROSTATE AND THEIR REGULATORY MECHANISMS IN CANCERS

It is commonly found that STEAP1 is up-regulated in a variety of tumor tissues, especially in prostate cancer. Currently, investigations of STEAP1 mainly focus on prostate cancers and show that expression of STEAP1 is elevated compared with normal prostate tissue (Li et al., 2004; Challita-Eid et al., 2007; Wong and Abubakar, 2010; Hayashi et al., 2011; Gomes et al., 2013, 2014a, 2018; Ihlaseh-Catalano et al., 2013; Whiteland et al., 2014). The mutual regulation has been reported between STEAP1 and sex hormones. Gomes et al. (2013) showed that 5α-dihydrotestosterone (DHT) or 17β-estradiol (E2) treatment of prostate cancer cells suppresses the expression of STEAP1, but that this down-regulation of STEAP1 is AR-dependent and ER-independent. In addition, up-regulated STEAP1 expression has also been observed in renal cell carcinoma, bladder cancer, Ewing’s sarcoma, breast cancer, colorectal cancer (CRC), gastric cancer, ovarian cancer, and lung cancer (Maia et al., 2008; Azumi et al., 2010; Grunewald et al., 2012b; Zhuang et al., 2015; Wu et al., 2018; Nakamura et al., 2019; Guo Q. et al., 2020; Jiang et al., 2020; Jiao et al., 2020; Tian et al., 2020). Phosphorylated eIF4E is required for peritoneal metastasis of gastric cancer via initiating the cap-dependent translation of STEAP1, providing phosphorylation of eIF4E as an effective therapeutic target for patients with peritoneal metastasis through translational control of STEAP1 (Jiang et al., 2020). Importantly, high STEAP1 levels are associated with low overall survival (OS) rates of patients with prostate cancer, CRC, lung cancer, ovarian cancer, diffuse large B-cell lymphoma, acute myeloid leukemia and multiple myeloma (Moreaux et al., 2012; Ihlaseh-Catalano et al., 2013; Lee et al., 2016; Guo Q. et al., 2020; Jiao et al., 2020), suggesting the prognostic value of STEAP1 as a biomarker of cancer. At present, the carcinogenic effect of STEAP1 in tumor progression is being studied intensely. However, certain investigations have also shown that STEAP1 also plays a role in inhibiting tumor growth. Xie et al. (2019) compared the expression of STEAP1 in normal breast tissue (n = 40), benign fibroadenoma (n = 52), and primary breast cancer (n = 211), and found a low level of STEAP1 in primary breast cancer tissues. In the MCF-7 breast cancer cell line, treatment with E2 also reduces the expression of STEAP1 but is mediated by membrane-bound ERalpha (mbERalpha) (Maia et al., 2008). It is speculated that the carcinogenic and anti-cancer effects of STEAP1 in diverse types of cancer may be related to different hormone levels and regulation of hormone receptor locally or throughout the body. Furthermore, Sun et al. (2019) also showed down-regulation of STEAP1 expression in endometrial carcinoma cell lines compared with normal endometrial cells, and low expression of STEAP1 has been related to poor prognosis of patients with Ewing’s sarcoma, CRC, and breast cancer (Grunewald et al., 2012c; Lee et al., 2016; Xie et al., 2019). Although reports on down-regulation of STEAP1 expression in tumor tissues are limited, they evoke further studies to investigate a potential anti-cancer role of STEAP1 in cancers.

Studies on STEAP2 expression in cancers have also mainly focused on prostate cancers, although studies are limited. STEAP2 expression in prostate cancer was found to be significantly higher than that in normal tissues (Porkka et al., 2002; von Rozycki et al., 2004; Wang et al., 2010; Whiteland et al., 2014; Burnell et al., 2018, 2019). Specifically, Korkmaz et al. (2002) revealed that STEAP2 is highly expressed in androgen-sensitive, androgen receptor-positive prostate cancer cells, but not in androgen receptor-negative prostate cancer cells, suggesting that the regulation of STEAP2 expression may be related to sex hormone signaling. With regard to the molecular mechanism of STEAP2 in prostate cancers, Gonen-Korkmaz et al. (2014) overexpressed STEAP2, in AR-negative DU145 prostate cancer cells, and showed an NFκB-mediated downregulation of STEAP2 expression following treatment with tumor necrosis factor-α (TNF-α). The authors showed that NFκB silencing increased anti-apoptotic STEAP2 expression, as well as inhibited p53 and MDM2 expression in TNF-α-treated, STEAP2-overexpressing DU145 cells, suggesting inhibition of NFκB for prostate cancer prevention in specific patients (Gonen-Korkmaz et al., 2014). Interestingly, Wang et al. (2010) found that activation of extracellular signal-regulated kinase, implicated in prostate cancer progression, increased ectopic expression of STEAP2 in AR-negative DU145 cells, but decreased STEAP2 levels in AR-positive LNCaP cells, suggesting a potential interaction between STEAP2 and sex hormones. The expression of STEAP2 was also found to be up-regulated in colon cancers (Bhatlekar et al., 2014). Similar to the expression pattern of STEAP1, STEAP2 also has been reported to play conflicting roles in prostate and breast cancers, Yang et al. (2020) proposed STEAP2 to be a tumor suppressor in breast cancers, based on its low expression in breast cancer. Through bioinformatics methods, Liu et al. (2021) also predicted that the expression of STEAP2 in glioblastoma was down-regulated compared with normal brain tissue. To construct a multiple RNA-based prediction model in patients with ovarian cancer, Zhang et al. (2020) used sequencing data from The Cancer Genome Atlas (TCGA) database and identified TM4SF1-AS1-miR-186-STEAP2 and LINC00536-miR-508-STEAP2 as new interaction axes to explain the possible functions of these RNAs in the prediction model for disease-free survival in patients with ovarian cancer. However, further investigation of these new axes is required for verification (Zhang et al., 2020).

STEAP3 was first found in prostate tissues and proposed as a candidate for prostate cancer immunotherapy (Machlenkin et al., 2005). Although the expression of STEAP3 in poorly differentiated prostate cancer is lower than that in well-differentiated and moderately differentiated prostate cancer, there is no difference in STEAP3 expression between benign prostatic hyperplasia and prostate cancer (Porkka et al., 2003). It was also found that the expression of STEAP3 is up-regulated in glioma, bladder cancer, and colon cancer (Isobe et al., 2011; Kim et al., 2016; Weston et al., 2016; Han et al., 2018; Zhang et al., 2019), whereas the expression of STEAP3 in hepatocellular carcinoma (HCC), breast cancer, and lung cancer is lower than that in normal tissues (Boelens et al., 2009; Caillot et al., 2009; Savci-Heijink et al., 2016; Cadiou et al., 2017). Han et al. (2018) reported that the expression of STEAP3 in gliomas is negatively correlated with patient OS, and multivariate Cox regression analysis showed that STEAP3 is an independent prognostic indicator. Zhang et al. (2019) used TCGA and GSE16011 online datasets to show that overexpression of STEAP3 is associated with poor prognosis in patients with glioblastoma. Research focused on the regulation of STEAP3 in cancers is limited. In a transcriptome analysis of a CRC series, an increased level of membrane copper transporter 1 protein (CTR1) accompanied increased STEAP3 transcription (Barresi et al., 2016). Yu et al. (2020) demonstrated that in pancreatic cancer, heat shock protein family B member 2 (HSPB2) could combine with mutant p53 to change the DNA binding site of mutant p53, resulting in an upregulated level of STEAP3 and leading to an inhibition of both cell proliferation and angiogenesis.

As a relatively new member of the STEAP family, STEAP4 was found to be increased in human prostate cancers compared with normal prostate tissues (Korkmaz et al., 2005; Jin et al., 2015), and is up-regulated in human colon cancer cells, predicting poor prognosis of patients with colon cancers (Xue et al., 2017). In CRC, interleukin-17 (IL-17) drives cellular uptake of copper through upregulation of STEAP4 expression, and the proinflammatory cytokines interleukin (IL)-6 and IL-1β can synergistically increase androgen-induced STEAP4 expression in prostate cancer cells, with knockdown of STEAP4 enhancing the ability of IL-6 and IL-1β to inhibit cell growth (Pihlstrom et al., 2021). In addition, IL-17 and TNF-α rely heavily on TNF receptor associated factor 4 (TRAF4) to up-regulate the expression of STEAP4 and thus play a role in airway epithelial cells (Jiang et al., 2021). Interestingly, although the up-regulated expression of STEAP4 was also detected in alcohol-induced breast cancer cells (Gelfand et al., 2017), Wu et al. (2020) found that the mRNA level of STEAP4 was decreased in tissues of ductal breast carcinoma compared with normal tissues. In bladder cancers, low STEAP4 expression was found in cancer tissues compared with normal, and the circular RNA circPICALM competed with STEAP4 for binding to miR-1265 to eliminate the enhancing effect of miR-1265 on invasion (Yan et al., 2019). Meanwhile, bioinformatics analysis has also revealed that the transcription level of STEAP4 in head and neck cancer tissues is reduced compared with normal tissues, and a low level of STEAP4 resulted in poor disease-free survival, progression-free survival and OS (Lan et al., 2021).

Currently, the research on STEAP1B in tumor is very limited. STEAP1B1 and STEAP1B2 mRNA are differentially expressed in prostate cell lines. Non-neoplastic prostate cells show little to no STEAP1B1 and STEAP1B2 mRNA expression. On the other hand, in malignant prostate cells, LNCaP and PC3, STEAP1B2 is highly expressed, whereas STEAP1B1 mRNA is mainly expressed on PNT2 and PC3 cells, and under-expressed on LNCaP cells (Gomes et al., 2014b).



BIOLOGICAL FUNCTIONS AND RELATED MOLECULAR MECHANISMS OF SIX-TRANSMEMBRANE EPITHELIAL ANTIGEN OF THE PROSTATE IN CANCERS

Based on the above summary of differential expression patterns of STEAP1 in a variety of tumors, dysregulated STEAP1 affects the occurrence and development of different types of cancers (Figure 1). Some investigations evoke an oncogenic role for STEAP1 in cancers. Yamamoto et al. (2013) found that in prostate cancer, STEAP1, as a cell surface membrane protein, is required for intercellular communication between tumor cells and adjacent tumor stromal cells to augment tumor growth. In androgen-dependent prostate cancers, Gomes et al. (2018) showed that knockdown of STEAP1 inhibits cell growth and induces apoptosis of LNCaP prostate cancer cells in a DHT-independent manner. In lung cancers, STEAP1 was found to affect endothelial cell migration and angiogenesis, and knockout of STEAP1 could inhibit the proliferation, migration, and invasion of tumor cells via the JAK2/STAT3 signaling pathway (Zhuang et al., 2015; Tian et al., 2020). Based on transcriptome and proteome analyses, Grunewald et al. (2012b) showed that STEAP1 levels correlate with oxidative stress responses and elevated reactive oxygen species (ROS), which regulate redox-sensitive and proinvasive genes to promote tumor proliferation and invasive behavior, and that knockout of STEAP1 reduces ROS levels and inhibits Ewing tumor proliferation, anchorage-independent colony formation, invasion in vitro and metastasis in vivo. Oxidative stress and ROS levels are also suppressed in CRC cells, by STEAP1 silencing, through regulation of the nuclear erythroid 2-related factor (NRF2) transcription factor, resulting in reduced cell growth and elevated apoptosis (Nakamura et al., 2019). In gastric cancers, STEAP1 was shown to promote peritoneal metastasis, and up-regulation of STEAP1 was found to promote tumor proliferation, migration, invasion, and tumorigenicity (Wu et al., 2018; Jiang et al., 2020). Silencing of STEAP1 suppressed c-Myc expression in hepatocarcinoma to arrest cancer cells in G1 phase and inhibit cell proliferation (Iijima et al., 2021). Jiao et al. (2020) found a relationship between high STEAP1 levels and epithelial-mesenchymal transition (EMT)-related genes, and demonstrated that STEAP1 promotes ovarian cancer metastasis by aiding EMT progression. Interestingly, down-regulation of STEAP1 in this study inhibited the invasion, migration, proliferation, clone formation, and EMT progression of human ovarian cancer cells and the growth of xenografts in vivo, but promoted apoptosis at the same time (Jiao et al., 2020). Although an oncogenic role of STEAP1 in tumors is commonly observed, a tumor suppressive function has also been reported. Recently, Xie et al. (2019) showed that knockdown of STEAP1 expression enhances breast cancer cell invasiveness and migration, and is accompanied by increased expression of EMT-related genes, MMP2, MMP9, MMP13, VIM, and CDH2, as well as decreased CDH1 expression. In a tumor of the female reproductive system, STEAP1 was restrictively expressed in endometrial carcinoma, and down-regulation of STEAP1 increased cancer cell proliferation, colony formation, migration, invasion, and EMT progression of endometrial carcinoma (Sun et al., 2019) (Figure 2).
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FIGURE 1. Roles of STEAPs in prostate cancers.
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FIGURE 2. Molecular mechanisms of STEAPs in cancer. (A) STEAP1. (B) STEAP2. (C) STEAP3. (D) STEAP4.


An increased level of STEAP2 in prostate cancer suggests an oncogenic role. Wang et al. (2010) investigated STEAP2 function in prostate cancer and found that knockdown of STEAP2 dramatically retarded proliferation in vitro and in vivo, and interestingly, increased expression of STEAP2 was induced by the activation of extracellular signal-regulated kinase (ERK1/2). Whiteland et al. (2014) found that overexpression of STEAP2 resulted in the gain of ability to migrate and invade in normal prostate cells, and Burnell et al. (2018) showed that genes associated with STEAP2 enhancement of invasion were MMP3, MMP10, MMP13, FGFR4, IL-1β, KiSS1, and SERPINE1 in PC3 cells, and MMP7 in LNCaP cells, with altered CD82 in both. In contrast, in breast cancer, STEAP2 hinders cellular proliferation, invasion, and metastasis by inhibiting EMT through suppressing the PI3K/AKT/mTOR signaling pathway (Guo H. et al., 2020), predicting a tumor suppressor role in breast cancers.

The function of STEAP3 in tumors is also controversial. Zhang et al. (2001) first reported that STEAP3 induced apoptosis of prostate cells, based on a dose-dependent stimulation of endogenous caspase-3 expression. However, in glioblastoma, loss of STEAP3 attenuated the aggressive phenotype of glioma cells in regard to cell proliferation, invasion, sphere formation in vitro, and tumor growth in vivo, through suppressing mesenchymal transition, transferrin receptor expression and STAT3–FoxM2 signaling (Han et al., 2018). In biopsies from patients with HCC, decreased expression of STEAP3 was observed in cirrhotic tissues and related to decreased apoptosis, serving as a warning sign and predictive biomarker for the development of HCC (Caillot et al., 2009).

STEAP4, a relatively new STEAP, has been demonstrated to promote prostate cancer, based on its ability to increase cell growth and colony formation (Korkmaz et al., 2005). Jin et al. (2015) reported that STEAP4 increases ROS in prostate cancer cells through its iron reductase activity, and subsequently affects proliferation, colony formation, anchorage-independent growth, and apoptosis, involving a mechanism at least partly mediated by activating transcription factor 4 (ATF4). Recently, Orfanou et al. (2021) investigated the function of STEAP4 in breast cancer and demonstrated that knockdown of STEAP4 suppresses cell proliferation and enhances the inhibition of lapatinib in HER2-overexpressing breast cancer, predicting an oncogenic role for STEAP4 in breast cancer. On the contrary, STEAP4-mediated increases in intracellular copper levels result in activation of the E3 ligase X-linked inhibitor of apoptosis (XIAP), enhancing IL-17-induced NF-κB activation and inhibiting caspase-3 activity (Liao et al., 2020). However, in bladder cancer, the circular RNA circPICALM competed with STEAP4 for binding to miR-1265 and eliminated the ability of miR-1265 to enhance invasion (Yan et al., 2019).

Up to now, there are no relevant reports regarding the function of STEAP1B in cancer. However, considering the similar structural features of STEAP1B with other family members, STEAP1B may play a role in different cancers, but experimental proof is still required.



THERAPEUTIC IMPLICATIONS OF SIX-TRANSMEMBRANE EPITHELIAL ANTIGEN OF THE PROSTATE IN CANCERS

Considering their roles and location in the cell membrane, STEAPs are currently considered as promising therapeutic targets for cancers, especially prostate cancers. Therapeutic strategies have been discovered and developed during the last few years for targeting STEAP1, including monoclonal antibodies (mAbs), antibody-drug conjugates, DNA vaccines, and small non-coding RNAs (ncRNAs) (Barroca-Ferreira et al., 2018).

Challita-Eid et al. (2007) first generated two mAbs that bind to cell surface STEAP1 epitopes, and both of them inhibited STEAP1-induced intercellular communication in a dose-dependent manner to suppress tumor growth in vivo. Subsequently, Esmaeili et al. (2018) developed a single-chain fragment variable (scFv) antibody, against a STEAP1 epitope, that successfully inhibited intercellular communication between prostate cancer cells by blocking gap junctions between cells, demonstrating a high potential for mAbs or single-chain antibodies as effective agents for prostate cancer immunotherapy. To combine the specificity of antibodies with cytotoxic potency of chemotherapeutic drugs, Boswell et al. (2011) designed and produced a synthetic antitumor drug involving humanized anti-STEAP1-monomethylauristatin E (MMAE) conjugates to increase hepatic uptake and reduce drug levels in other highly vascularized organs. Based on a high expression level of STEAP1, Yuan et al. (2019) established a novel contrast agent for ultrasound imaging by conjugating biotinylated STEAP1 monoclonal antibodies with streptavidin-coated SonoVue microbubbles, providing a prospective method to identify prostate tumors effectively in vivo. These experiments suggest that STEAP1 targeting may be an attractive and selective way to deliver drugs to cancer cells.

In addition, immunotherapy may provide an alternative treatment for cancer patients, especially for tumors with overexpressed antigens that can be recognized by immune cells. Azumi et al. (2010) used STEAP-derived epitope peptides to stimulate T cells, in the context of multiple major histocompatibility complex class II alleles, and induce STEAP-specific helper T lymphocytes in patients with renal cell or bladder cancers. These studies demonstrated the therapeutic potential of optimizing T cell-based immunotherapy for STEAP-expressing renal cells and bladder cancer (Azumi et al., 2010).

Producing an effective vaccine is one of the most important goals of tumor immunotherapy. It has been found that mouse STEAP (mSTEAP)-based vaccination can induce a specific CD8 T cell response to newly defined mSTEAP epitopes and prolong the survival rate of tumor-challenged mice, showing that vaccination against mSTEAP is a feasible option to delay tumor growth (Garcia-Hernandez Mde et al., 2007). Similarly, Cappuccini et al. (2016) constructed a simian adenovirus and modified a vaccinia Ankara virus, ChAdOx1-MVA, encoding STEAP1, to induce strong, sustained antigen-specific CD8+ T-cell responses in male C57BL/6 and BALB/c mice, which when combined with PD-1 blocking antibody, significantly improved the survival rate of animals, indicating that a ChAdOx1-MVA vaccination regimen for STEAP1 combined with PD-1 treatment may have high therapeutic potential in the clinic. Machlenkin et al. (2005) identified two novel immunogenic peptides derived from overexpressed prostate antigens, prostatic acid phosphatase (PAP) and STEAP1, and found that they could induce peptide-specific CTLs targeting human leukocyte antigen-A2.1+ LNCaP cells to inhibit tumor growth in adoptive immunotherapy, providing great potential as candidate vaccines for patients with prostate cancers.

A mAb targeting STEAP4 has been shown to promote caspase-dependent apoptosis and inhibit the proliferation of pre-adipocytes and glucose uptake without affecting lipogenesis and lipogenic differentiation (Qin et al., 2010). Since mAb binding to STEAPs appears to inhibit the function of STEAPs, it is easy to speculate that specific small molecules that may interfere with STEAP ion channels or their active sites may impair their carcinogenic function and may therefore also serve as targeted therapeutic agents.

Although the current therapeutic strategies for STEAPs have not been used in the clinic, their role in molecular transport and involvement in cancer progression makes them promising targets in the treatment of patients with prostate cancer, and even other types of cancers. Overall, future immunotherapeutic strategies are likely to include all members of the STEAP family.



CONCLUSION

Six-transmembrane epithelial antigen of the prostate family members are very similar in structure and, except for STEAP1, all serve as metal oxidoreductases in the absorption of copper and iron. STEAP family members in different cancers are irregularly expressed and participate in the proliferation, migration, invasion, apoptosis, and prognosis of cancer cells, although STEAP3 and STEAP4 may have tumor suppressor functions in cancers. All in all, current studies clearly indicate that the members of the STEAP family are likely to become biomarkers of cancer diseases. Although the mechanisms of the STEAPs in the progression of different cancers are still largely elusive, it is clear that the STEAP family is closely related to the occurrence and development of tumors. Therefore, further investigations are needed to clarify the role of STEAPs in tumor cell proliferation, cell cycling, apoptosis, invasion, and metastasis. In addition, more attention should be paid to the regulatory mechanisms of STEAP family members in different cancers. Future work must systematically analyze and describe the STEAP family based on molecular, cellular, animal and clinical data, and further explore their regulation and role in cancer pathophysiology, diagnosis, and treatment.
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Ferroptosis induced by lipid peroxidation is closely related to cancer biology. Prostate cancer (PCa) is not only a malignant tumor but also a lipid metabolic disease. Previous studies have identified ferroptosis as an important pathophysiological pathway in PCa development and treatment, but its role in the prognosis of PCa is less well known. In this study, we constructed a nine-ferroptosis-related gene risk model that demonstrated strong prognostic and therapeutic predictive power. The higher risk score calculated by the model was significantly associated with a higher ferroptosis potential index, higher Ki67 expression, higher immune infiltration, higher probability of biochemical recurrence, worse clinicopathological characteristics, and worse response to chemotherapy and antiandrogen therapy in PCa. The mechanisms identified by the gene set enrichment analysis suggested that this signature can accurately distinguish high- and low-risk populations, which is possibly closely related to variations in steroid hormone secretion, regulation of endocrine processes, positive regulation of humoral immune response, and androgen response. Results of this study were confirmed in two independent PCa cohorts, namely, The Cancer Genome Atlas cohort and the MSK-IMPACT Clinical Sequencing Cohort, which contributed to the body of scientific evidence for the prediction of biochemical recurrence in patients with PCa. In addition, as the main components of this signature, the effects of the AIFM2 and NFS1 genes on ferroptosis were evaluated and verified by in vivo and in vitro experiments, respectively. The above findings provided new insights and presented potential clinical applications of ferroptosis in PCa.

Keywords: prostate cancer, TCGA, MSKCC, ferroptosis, prognosis, biochemical recurrence


INTRODUCTION

The latest cancer statistics show that prostate cancer (PCa) has surpassed lung cancer, as it becomes the malignant tumor with the highest incidence in men and ranks second to lung cancer in terms of mortality rate (Siegel et al., 2020). Radical prostatectomy, external-beam radiation therapy, and brachytherapy are recommended interventions for localized PCa (Mottet et al., 2020). Although these radical treatments can control the disease chronically, several patients (20–25%) still experienced biochemical recurrence (BCR) during the follow-up period (Pound et al., 1999; Simmons et al., 2007; Van den Broeck et al., 2019). Patients with BCR who did not receive secondary therapy will develop clinical progression within 5–8 years, and 32–45% will die of the disease within 15 years (Brockman et al., 2015). Therefore, identifying new biomarkers is crucial to predict high-risk PCa patients with high BCR risk.

Ferroptosis is a new kind of regulated cell death (RCD) and is different from apoptosis, necrosis, and autophagy in terms of morphology, biochemistry, and genetics (Stockwell et al., 2017). In the last 8 years, the complex relationship between ferroptosis and cancer has incited widespread concern (Tang D. et al., 2020). Changes in iron metabolism not only promote the growth and proliferation of tumor cells by increasing iron reserves (Manz et al., 2016) but also induce excessive iron concentration that can cause lipid peroxidation in the tumor cell membrane and lead to ferroptosis. Over the past 5 years, basic and clinical researchers have shown a growing interest in the role of ferroptosis in the pathogenesis of cancer (Chen et al., 2021). At present, triggering ferroptosis, as a new method of treating cancer, has received high expectations and has been an area of active research (Hassannia et al., 2019; Liang et al., 2019).

Numerous studies have demonstrated the critical role of ferroptosis in the development and treatment of PCa. For example, enzalutamide was found to induce lipid uptake and remodeling, which in turn induces ferroptosis hypersensitivity (Tousignant et al., 2020). Flubendazole can induce potent antitumor effects by targeting P53 and promoting ferroptosis in castration-resistant PCa (CRPC) (Zhou et al., 2021). Erastin is a classical inducer of ferroptosis and can suppress the transcriptional activities of both the full-length and splice variants of androgen receptors (AR) in CRPC (Yang Y. et al., 2021). Qin et al. (2021) designed and synthesized an isothiocyanate-containing hybrid AR antagonist that can efficiently downregulate AR/AR splice variant and induce ferroptosis in CRPC cells combined with glutathione (GSH) synthesis inhibitor. There was a suggestion that the induction of ferroptosis is a new therapeutic strategy for advanced PCa, which can be used as a monotherapy or as a combination therapy with second-generation antiandrogens (Ghoochani et al., 2021). However, the effect of ferroptosis on the prognosis of PCa has rarely been reported.

This study identified ferroptosis-related genes associated with long-term BCR of PCa and finally constructed a prognostic signature based on nine ferroptosis-related genes, which can accurately identify patients with high-risk PCa. The findings provide evidence on the key role of ferroptosis in PCa development.



MATERIALS AND METHODS


Data Acquisition

This study included two independent PCa cohorts. Data of the PCa patient cohort were downloaded from The Cancer Genome Atlas (TCGA) database and used as the training set (2021.03.01), which included 483 patients with comprehensive transcriptome (FPKM standardized data) and clinical information1. Data of the MSK-IMPACT Clinical Sequencing Cohort (MSKCC) PCa cohort were obtained from the Cbioportal database2 and used as the validation set, which included 138 patients with complete expression profile (normalized log2 mRNA expression data) and clinicopathological information. In addition, several Gene Expression Omnibus (GEO) datasets were selected to verify our results, including GSE54460, GSE70769, GSE104749, GSE88808, GSE70768, GSE69223, GSE68555, GSE55945, GSE46602, GSE38241, GSE35988, GSE32571, GSE32448, GSE6919, and GSE33253. The 84 ferroptosis-related genes were taken from a previous study (Liang et al., 2020) and the ‘‘WP_FERROPTOSIS’’ gene set, which was obtained from the Molecular Signatures Database4. The clinicopathological features of the two cohorts are summarized in Table 1.


TABLE 1. The basic characteristics of the two cohorts of PCa.
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Construction of the Ferroptosis-Related Prognostic Signature

The risk prognostic model was constructed based on the TCGA cohort. The “Limma” package was used to obtain differentially expressed ferroptosis-related genes between PCa tissues and normal tissues, with a false discovery rate (FDR) of <0.05 as the boundary. Univariate Cox regression analysis was employed to identify the ferroptosis-related genes associated with the BCR of PCa. The genes contained in the intersection of the above two analyses were used as the core genes to construct the protein interaction network based on the STRING database5 and the expression correlation network based on the expressions of these core genes. Lasso regression was employed to avoid overfitting of the final prediction model. The calculation formula of the model is as follows: [image: image], where Coefm is the risk coefficient and Expm is the relative mRNA expression of each ferroptosis-related gene. The median risk score was used as a cutoff to distinguish patients with high- and low-risk PCa.



Evaluation and Validation of the Prognostic Signature

The TCGA and MSKCC cohorts were used to evaluate and verify the prognosis model separately, and the same statistical methods were applied in both cohorts. Log-rank and Kaplan–Meier (K–M) tests were used to visualize the difference in the biochemical relapse-free survival (bRFS) between the two risk groups. The sensitivity and specificity of survival prediction were tested by the receiver operating characteristic (ROC) analysis. An area under the ROC curve (AUC) was calculated as an index of the prediction accuracy, and “vegan” and “stats” packages were used for the principal component analysis (PCA) to explore the distribution among groups. Univariate and multivariate Cox regression analyses were used to investigate whether the risk score can be used as an independent prognostic factor in PCa. The correlation between the risk score and other clinicopathological features was shown by a heat map.



Gene Set Enrichment Analysis

Hallmark and Gene Ontology (GO) gene sets were downloaded for the gene set enrichment analysis (GSEA) to determine which gene sets were significantly different between the high- and low-risk groups. A total of 1,000 gene set permutations were performed to finally obtain the normalized enrichment score, normalized p-value, and FDR. The ferroptosis potential index (FPI) was calculated according to the methods of Liu et al. (2020c) by subtracting the enrichment score of the negative- from the positive-core machine components through single-sample GSEA (ssGSEA) by using the “GSVA” package.



Immune Infiltration and Tumor Microenvironment

Single-sample GSEA was also used to quantify the immune infiltration level (Rooney et al., 2015). The annotated gene set file was derived from the study of Liang et al. (2020). Finally, the enrichment levels of 16 immune cells and 13 immune-related pathways in each PCa sample were quantified, and the results were expressed by box plots. Moreover, we predicted the TME of PCa by using the “ESTIMATE” package to calculate the immune/stromal/ESTIM/tumor purity score (Yoshihara et al., 2013).



Prediction of Antiandrogenic Therapy and Immunotherapy Responses

The response of each patient with PCa in both cohorts to bicalutamide and docetaxel was obtained from the Genomics of Drug Sensitivity in Cancer6 using the “pRRophetic” R package (Geeleher et al., 2014). Half-maximal inhibitory concentration (IC50) was used to measure the response of tumor cells to drugs.



Cell Culture

Human prostate and PCa cell lines (PWR1E and DU145) were obtained from the American Type Culture Collection (Manassas, VA, United States) and the Shanghai Institute of Biochemistry and Cell Biology, Chinese Academy of Sciences (Shanghai, China), which were cultured in keratinocyte serum-free medium containing 50 μg/ml bovine pituitary extract and 5 ng/ml epidermal growth factor for PWR1E and RPMI-1640 medium supplemented with 2 mM L-Glutamine, 10% fetal bovine serum, 1% penicillin/streptomycin for DU145. These cells were grown at 37°C with 5% CO2 in a humidified incubator. The lentiviral vector carrying AIFM2 shRNA or NFS1 shRNA and the corresponding control shRNA were synthesized and purchased from GenePharma and GenScript (China), respectively.



Cell Viability Assay

Cell viability was assessed using the MTT assay to evaluate the effects of different concentrations of erastin on cell viability. PWR1E or DU145 cell lines at 2 × 103 cells/well were incubated in 96-well plates for 24 h. An MTT solution (5 mg/ml) was cultured for 4 h. The cells were then treated with 150 μl of dimethylsulfoxide. Cell viability was determined by enzyme-linked immunosorbent assay at 570 nm.



Ferroptosis-Related Analysis

Various cell biological methods were used to evaluate ferroptosis. Lipid peroxidation was assessed using the BODIPYTM 581/591 C11 (D3861, Thermo Fisher Scientific), and oxidation of the polyunsaturated butadienyl portion of the dye results in the shifting of the fluorescence emission peak from ∼590 (red) to ∼510 nm (green). PWR1E or DU145 cell lines were incubated with 10 μM erastin for 24 h. Then 1 μg/ml of Hoechst 33342 and 1 μm of BODIPYTM 581/591 C11 were added to the culture medium for living cell imaging at the last hour of incubation. Ferroptosis-related indexes, including the levels of Fe2+ release, malondialdehyde (MDA), reactive oxygen species (ROS), and GSH, were determined using the Iron Assay Kit (ab83366, Abcam, United Kingdom), lipid peroxidation (MDA) assay (ab118970, Abcam), DCF ROS/RNS Assay (ab238535, Abcam), and GSH/GSSG Ratio Detection Assay Kit II (ab205811, Abcam), respectively.



Real-Time Quantitative Polymerase Chain Reaction Analysis and Western Blotting

Total RNA was extracted from the cells using Trizol reagent (Invitrogen, Waltham, MA, United States). Approximately 500 ng of RNA was used for the reverse transcription reaction with PrimeScript RT Master Mix [Takara Biotechnology (Dalian) Co., Ltd., Japan]. Then, with GAPDH as the internal control, real-time quantitative polymerase chain reaction (RT-qPCR) was performed using Premix Ex TaqTM II [Takara Biotechnology (Dalian) Co., Ltd.] with the Roche Light Cycler 480 Real-Time PCR system. The sequence of primers is as follows: AIFM2 forward: TTACAAGCCAGAGACTGACCAA, reverse: ACAAGGCCTGTCACTGAAGAG; NFS1 forward: CA CTCCCGGACACATGCTTAT, reverse: TGTCTGGGTGGTGAT CAAGTG; GAPDH forward: ATCATCAGCAATGCCTCCTG, reverse: ATGGACTGTGGTCATGAGTC.

Protein samples (50 μg) were separated by sodium dodecyl sulfate–polyacrylamide gel electrophoresis in 4–12% gel and transferred to nitrocellulose membranes for reaction with antibodies against target genes. Secondary antibodies, i.e., horseradish peroxidase-conjugated rabbit anti-goat and rabbit anti-mouse IgG, were detected by using SuperSignal Chemiluminescent substrate (Pierce Biotechnology, Rockford, IL, United States).



Immunohistochemistry

Tumors and adjacent normal tissues of 52 patients with PCa who underwent radical prostatectomy at the Beijing Hospital, Xiangya Hospital, and the Second Xiangya Hospital were examined by immunohistochemistry (IHC). Sections were incubated with anti-AIFM2 and anti-NFS1 (1:100 dilution). The sections were scored for staining intensity according to the following scale: negative, no staining; weak, weak staining (light yellow); moderate, moderate staining (yellowish brown); and strong, strong staining (brown). The experiments were reviewed and approved by the Ethics Committee of the Beijing Hospital (2018BJYYEC-085-03). The patients provided their written informed consent to participate in this study.



Colony Formation Assay

Prostate cancer cells in the logarithmic growth stage were put into six-well plates. The culture continued for 1–3 weeks, during which the solution was changed every 3 days, and the cell status was observed every day until the number of cells in most single clones was greater than 50. Then the cells were cleaned with phosphate-buffered saline buffer, made in methanol approximately 30 min, and stained with crystal violet dye at a dose of 1%. Thereafter, the number of colonies was calculated.



Tumorigenicity in Nude Mice

All animal experiments were approved by the Institutional Ethics Committee of Xiangya Hospital, Central South University. A subcutaneous xenograft model was established by subcutaneously injecting male nude mice with 1 × 106 DU145 cells on the right side. The tumor volume was measured with calipers and repeatedly measured every 7 days (length × width2)/2. At 28 days following implantation, the mice were euthanized by cervical dislocation. Then, the xenografts were removed, fixed, weighed, photographed, and preserved.



Statistical Analysis

All data sorting and analyses were completed by the R 3.6.1 software. For continuous variables with normal distribution and homogeneity of variance, an independent sample t-test was used; otherwise, Wilcoxon rank-sum test was selected. Pearson correlation coefficient test was used to analyze the correlation. A value of p < 0.05 was considered significant. Based on the results of the multivariate Cox proportional hazards analysis, a nomogram was developed to predict 1-, 3-, and 5-year bRFS rates. To evaluate the prediction performance of the nomogram, the consistency index (C index), ROC, and calibration curve were used to evaluate the nomogram.




RESULTS


Development of the Prognostic Ferroptosis-Related Signature of Patients With Prostate Cancer

Figure 1 shows the flow diagram of this study. Among 84 ferroptosis-related genes, 31 were underexpressed, and 27 were highly expressed in tumor tissues compared with the corresponding normal tissues in the TCGA cohort (FDR < 0.05) (Figure 2A and Supplementary Table 1). To identify prognostic genes associated with the bRFS, the univariate Cox regression analysis suggested that 22 ferroptosis-related genes correlated with the prognosis of PCa (Supplementary Table 2). Only four genes serve as protective factors, while the other 18 genes were risk factors (Figure 2B). Taking the intersection of the two lists of genes, 17 ferroptosis-related genes were identified as candidate genes for the subsequent construction of a prognostic model (Figure 2C). The expression of these genes in tumor tissues and adjacent normal tissues is shown in Figure 2D.
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FIGURE 1. The flow diagram of the study.
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FIGURE 2. Initial screening of potential prognostic ferroptosis-related genes in The Cancer Genome Atlas (TCGA) cohort. (A) Volcano plot of differential expression of ferroptosis-related genes between prostate cancer (PCa) tissues and normal tissues. (B) Twenty-two ferroptosis-related genes associated with biochemical recurrence (BCR) of PCa patients through univariate Cox regression analysis. (C) Identification of 17 prognostic genes by intersection. (D) Heat map of the expression of 17 prognostic genes between PCa and normal tissues.


These 17 bRFS-related genes were uploaded to STRING to construct a protein–protein interaction (PPI) network (Figure 3A). The correlation analysis also showed that these genes were strongly correlated at the transcriptional level (Figure 3B). To screen the colinearity of these 17 genes, the LASSO Cox regression analysis was performed to determine the real bRFS-affecting factors and finally identified a prognostic panel of 9 ferroptosis-related genes (Figures 3C,D). The following formula was used to calculate the risk assessment score: risk score = AIFM2 × (0.19867) + AKR1C1 × (0.05148) + AKR1C2 × (0.04941) + CBS × (0.02658) + FANCD2 × (0.00202) + FTH1 × (0.00027) + G6PD × (0.00189) + NFS1 × (0.13708) + SLC1A5 × (-0.00602).
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FIGURE 3. The network of candidate genes and construction of the signature in TCGA cohort. (A) The construction of protein–protein interaction (PPI) network by STRING. (B) The gene expression correlation network. (C,D) A nine-mRNA signature was constructed by LASSO Cox regression.




Evaluation and Validation of the Prognostic Signature

Based on the signature calculation formula, all patients in the TCGA cohort were divided into high- and low-risk groups according to their median risk score. The K-M curve showed that the high-risk group had a higher probability of BCR (p < 0.001) (Figure 4A). When evaluating bRFS prediction, the 1-, 3-, and 5-year AUCs of the developed gene signature were 0.680, 0.738, and 0.767, respectively (Figure 4B). PCA demonstrated that patients in various risk groups showed different two-dimensional spatial distributions (p < 0.001) (Figure 4C). When all patients were ranked according to their risk scores, the proportion of patients with BCR in the high-risk group was significantly higher than that in the low-risk group (Figure 4D). Univariate and multivariate Cox regression analyses were implemented to evaluate whether the model was an independent predictor among other clinical factors such as age, prostate-specific antigen (PSA), Gleason score (GS), and staging. We found that the risk score remained independently associated with bRFS not only at the univariate but also at the multivariate analysis when combined with all the clinical features (p < 0.05) (Figures 4E,F and Supplementary Table 3).
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FIGURE 4. The evaluation of prognostic signature in TCGA cohort. (A) The biochemical relapse-free survival (bRFS) analysis of the two subgroups stratified based on the median of risk scores calculated by the risk model. (B) Receiver operating characteristic (ROC) curve of model and clinical characteristics predicting 1-, 3-, and 5-year bRFS. (C) The two risk groups were distinguished by principal component analysis (PCA). (D) The curve of risk score and BCR status of the patients. (E,F) Univariate and multivariate Cox regression analyses showed that the risk score had prominent prognostic values.


This study evaluated the MSKCC to verify the predictive robustness of this model. To avoid false positives caused by information bias, the same statistical methods were used. Surprisingly, the validation results were highly consistent with that in the TCGA cohort. Survival analysis also demonstrated that a high-risk score was associated with the poor bRFS of patients with PCa (Figure 5A). The AUC values for the prognostic model for bRFS were 0.766 at 1 year, 0.729 at 3 years, and 0.726 at 5 years (Figure 5B). The PCA results also suggested that different risk subgroups showed significant discrete tendency directly in the two-dimensional plane (Figure 5C). The BCR rate in the high-risk group was significantly higher than that in the low-risk group (Figure 5D). The risk score was still an independent prognostic factor in the MSKCC (Figures 5E,F and Supplementary Table 3).
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FIGURE 5. The validation of prognostic signature in MSK-IMPACT Clinical Sequencing Cohort (MSKCC) cohort. (A) The bRFS analysis of the two subgroups stratified based on the median of risk scores calculated by the risk model. (B) ROC curve of model and clinical characteristics predicting 1-, 3-, and 5-year bRFS. (C) The two risk groups were distinguished by PCA. (D) The curve of risk score and BCR status of the patients. (E,F) Univariate and multivariate Cox regression analyses showed that the risk score had prominent prognostic values.




Correlation Between Prognostic Risk Signature and Clinical Features

To test the predictive power of the prognostic risk model for clinical features, we correlated the risk score with the clinical features (i.e., age, BCR state, PSA, GS, WHO ISUP classification, and T-staging). The risk grouping system showed a significant correlation with the BCR state, GS, WHO ISUP classification, and T-staging but not with age and PSA in both cohorts. The high-risk group showed a higher percentage of BCR and higher WHO ISUP classification, GS, and T-staging than the low-risk group. The heat map of gene expression showed that risk factors AIFM2, AKR1C1, AKR1C, CBS, FANCD2, FTH1, G6PD, and NFS1 were highly expressed in the high-risk group, while only SLC1A5, as a protective factor, was highly expressed in the low-risk group in both cohorts (Figure 6 and Supplementary Table 4).
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FIGURE 6. The relationship between prognosis and clinicopathological parameters in two cohorts (*p < 0.05; **p < 0.01; ***p < 0.001).




Exploration of Potential Mechanism

To explore the mechanism of this risk model, GSEA was used to analyze the potential biological processes and pathways. GSEA results showed that “steroid hormone secretion,” “regulation of endocrine processes,” and “positive regulation of humoral immune response” were significantly enriched in the high-risk group (Figures 7A–C), while the low-risk group was significantly enriched in “androgen response” (Figure 7D). In addition, the levels of Ki67 expression were compared between the high- and low-risk groups, which revealed that the level of Ki67 expression was higher in the high-risk group (Figure 7E). The FPI model constructed by Liu et al. (2020c) showed that a high FPI predicts poor prognosis in various tumors, and it was associated with many important metastasis and immune-related pathways. Therefore, the relationship between the risk score of our prognostic model and FPI was explored. Similarly, the FPI of the high-risk group was significantly higher than that of the low-risk group (Figure 7F). Notably, all the presented results are consistent in the TCGA and MSKCC cohorts (Supplementary Table 5).
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FIGURE 7. The exploration of potential mechanism about the prognostic signature in two cohorts. (A–D) Gene set enrichment analysis (GSEA) results of the high- and low-risk groups. (E) The Ki67 expression level was higher in high-risk patients. (F) The ferroptosis potential index (FPI) level was higher in high-risk patients.




Immune Infiltration and Tumor Microenvironment

Given the above GSEA results and results of previous studies that iron death may be associated with immune cells, immune function, and immune microenvironment, we compared the differences in immune-related parameters between high- and low-risk groups in terms of the infiltration of 16 immune cells and activity of 13 immune-related pathways. In this study, most immune cell and immune function scores were higher in the high-risk group than in the low-risk group (Figure 8). In particular, aDCs, Tfh, TIL, APC co-inhibition, checkpoint, cytolytic activity, T-cell co-inhibition, and T-cell co-stimulation scores were significantly enriched in the high-risk group (Supplementary Table 6). We used the “ESTIMATE” package to evaluate TME and obtained similar results. With the increase in the risk score, the immune/stromal/ESTIM scores as a predictor of TME also increased, and the purity of the tumor decreased (Figure 9A and Supplementary Table 7).
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FIGURE 8. The comparison of immune cells and immune function by single-sample GSEA (ssGSEA) in the two cohorts. (A,C) Enrichment results of immune cell score in the two cohorts. (B,D) Enrichment results of immune function score in the two cohorts (*p < 0.05; **p < 0.01; ***p < 0.001).
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FIGURE 9. Tumor microenvironment and prediction of therapeutic response in the two cohorts. (A) Tumor microenvironment in the two cohorts. (B) Sensitivity to bicalutamide in different risk groups. (C) Sensitivity to docetaxel in different risk groups.




Prediction of Antiandrogenic Therapy and Immunotherapy Responses

Alongside radical surgery and radiotherapy, drug therapy, including endocrine therapy and chemotherapy, is an important treatment of PCa. In the GSEA, “androgen response” was significantly enriched in the low-risk group, so we explored whether patients in the high- and low-risk groups responded differently to bicalutamide. The estimated IC50 value demonstrated that the low-risk group in both cohorts had a better response to bicalutamide (p < 0.0001) (Figure 9B). Similarly, the level of Ki67 expression was higher in the high-risk group than in the low-risk group, suggesting that the high-risk group had more active tumor cell proliferation, faster tumor growth, and worse tissue differentiation than the low-risk group. This also raises the question on whether the response to chemotherapy is different between the high- and low-risk groups. Docetaxel, the most classic chemotherapy drug for PCa, was also found to have a better response in the low-risk group of the two cohorts, but the difference was not significant in the MSKCC cohort (p = 0.15) (Figure 9C).



Nomogram for Biochemical Relapse-Free Survival Prediction

To improve the accuracy of the risk score model in predicting bRFS, we combined the risk scores of the two cohorts and constructed a nomogram with conventional clinicopathological features (Figure 10A). The C-index (0.751) showed good predictive accuracy for the nomogram. The calibration curves had good linearity for the 1-, 3-, and 5-year bRFS (Figure 10B). The nomogram scores achieved a higher AUC–ROC than all other clinicopathological parameters in predicting 1-, 3-, and 5-year bRFS (AUC at 1 year, 0.774; AUC at 3 years, 0.768; AUC at 5 years, 0.789) (Figure 10C).
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FIGURE 10. Nomogram for bRFS prediction. (A) A prognostic nomogram including signature risk score and other clinical factors. For example, a patient with an age of 56.37, WHO ISUP of 5, a T stage of T3a, and a signature score of 1.6597 had a total nomogram score of 185, implying the 1-, 3-, and 5-year bRFS probability of 15.1, 46, and 57.4%, respectively. (B) The calibration curves of the 1-, 3-, and 5-year bRFS. (C) ROC curve used to evaluate the 1-, 3-, and 5-year bRFS predictive efficiency.




AIFM2 and NFS1 Were Differentially Expressed in Prostate Cancer Tissues and Were Associated With Poor Outcome

To further explore the mechanisms involved in the risk signature, we focused on the nine ferroptosis-related genes. The coefficients of AIFM2 and NFS1 genes were significantly higher than those of the other seven genes involved in the construction of the signature, and a larger weight often indicates that the gene is more prognostically important (Figure 11A). Therefore, AIFM2 and NFS1 became the focus of the subsequent research. First, we evaluated the differential expression of AIFM2 and NFS1 between the tumor tissues and corresponding normal tissues in multiple datasets. The results of a meta-analysis after combining 15 independent datasets showed that the expression of AIFM2 in the tumor was lower than that in normal tissues, while opposite results were obtained in NFS1 (p < 0.001) (Figure 11B). Furthermore, we found that patients with a high expression of AIFM2 or NFS1 had earlier onset of biochemical relapse and that a high expression of AIFM2 or NFS1 was associated with higher GS and WHO ISUP grade, poorer clinicopathological stage, and higher positive rate of the surgical margin, but some of the results were not significant because of the small sample size (Figure 11C). To verify these findings, IHC of these two genes was performed in 52 pairs of tumor tissues and corresponding normal tissues after radical prostatectomy. The actual results were consistent with the expected results. The expression of AIFM2 was lower in tumor tissues than in normal tissues, but the high expression of AIFM2 tended to have higher GS (p < 0.01). NFS1 is highly expressed in tumors; likewise, highly expressed NFS1 tends to have higher GS (p < 0.001) (Figure 12A).
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FIGURE 11. AIFM2 and NFS1 were differentially expressed in PCa tissues and were associated with poor outcome. (A) The weight coefficient of each component in the signature. (B) The differential expression of AIFM2 and NFS1 in tumor and normal tissues based on multiple datasets. (C) AIFM2 and NFS1 were significantly associated with prognosis based on multiple datasets (*p < 0.05; **p < 0.01; ***p < 0.001).
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FIGURE 12. Immunohistochemistry (IHC) verification of AIFM2 and NFS1 and sensitivity verification of PCa cells to ferroptosis. (A) The protein expression of AIFM2 and NFS1 in tumor and normal tissues by IHC. (B) Cell viability was assessed following exposure of DU145 cells and PWR1E cells to different concentrations of erastin. (C) Immunofluorescence staining of oxidized lipid reactive oxygen species (ROS) (green color) and reduced lipid ROS (red color) formation in DU145 and PWR1E cells treated with erastin for 24 h. (D) Fe2+ release, malondialdehyde (MDA), DCF, and glutathione (GSH) levels detected by Assay Kit in DU145 cells incubated with erastin, ferrostatin-1, both, and DMSO for 24 h (*p < 0.05; **p < 0.01; ***p < 0.001; #p < 0.05; ##p < 0.01; ###p < 0.001; ∧p < 0.05; ∧∧p < 0.01; ∧∧∧p < 0.001).




Prostate Cancer Cells Are More Sensitive to Ferroptosis Than Normal Prostate Cells

We assessed the sensitivity of PCa cells (DU145) to ferroptosis. Erastin (ferroptosis inducer) treatment decreased the viability of DU145 cells in a dose-dependent manner. Compared with normal human prostate cells (PWR1E), the activities of DU145 cells were significantly decreased at any concentrations of erastin (p < 0.001) (Figure 12B). By using BODIPYTM 581/591 C11 as a lipid peroxidation probe, we confirmed that the DU145 cell lines induced by erastin produced more lipid peroxidations (green) than the PWR1E cell lines (Figure 12C). In addition, the levels of Fe2+ release, MDA, DCF, and GSH in DU145 cells were measured for 24 h under different treatment conditions. After induction by erastin, Fe2+, MDA, and DCF levels in DU145 cells were significantly increased, while the GSH level was significantly decreased. This trend can be partially rescued by ferrostatin-1, a ferroptosis inhibitor (Figure 12D).



AIFM2 and NFS1 Knockdowns Promote Ferroptosis and Suppress Proliferation in vitro and in vivo

Moreover, we detected a difference in the expressions of the AIFM2 or NFS1 genes between PCa cell lines and normal cell lines, which was consistent with the analysis results of the tissue samples (Figure 13A). To evaluate the potential role of AIFM2 and NFS1 in the regulation of PCa ferroptosis, human PCa DU145 cells were treated with control shRNA or target genes shRNA (Figure 13A). Erastin-induced lipid peroxidation measured with BODIPYTM 581/591 C11 could be promoted by sh-AIFM2 and sh-NFS1 (Figure 13B). As expected, AIFM2 and NFS1 knockdowns by shRNA notably increased the levels of Fe2+, MDA, and DCF, but decreased the level of GSH (but not significantly) (Figure 13C). The above results indicated that AIFM2 or NFS1 knockdown could promote the ferroptosis of PCa cell lines. To date, the phospholipid hydroperoxide-reducing enzyme glutathione peroxidase 4 (GPX4) has been known to be the main enzyme that protects against ferroptosis (Stockwell et al., 2017), and Acyl-CoA synthetase long-chain family member 4 (ACSL4) is also a key contributor and regulator of ferroptosis, which determines the sensitivity of ferroptosis (Yuan et al., 2016; Doll et al., 2017). Therefore, we tried to explore whether the AIFM2 and NFS1 knockdowns affect ferroptosis by affecting the expressions of GPX4 and ACSL4 proteins. However, we did not observe significantly positive results (Figure 13D), which suggests the involvement of other pathways. In addition, colony formation assays indicated that AIFM2 or NFS1 knockdown significantly inhibited cell colony formation. However, it is unclear whether the reduced clonogenic capacity is due to the increase in ferroptosis sensitivity or the decrease in tumor cell proliferation. Therefore, ferrostatin-1 was added after NFS1/AIFM2 knockdown to inhibit ferroptosis. The addition of ferrostatin-1 partially rescued the reduced clonogenic capacity in both sh-AIFM2 and sh-NFS1 cells (Figure 13E). This illustrated the decreased ability to form colonies after NFS1/AIFM2 knockdown, on the one hand, by promoting ferroptosis, and on the other, by inhibiting cell proliferation ability. This was indeed confirmed by subsequent detection of proliferation markers Ki67 and proliferating cell nuclear antigen (PCNA), which were significantly downregulated in both sh-AIFM2 and sh-NFS1 cells (Figure 13F). Finally, we further explored the effects of AIFM2 and NFS1 on the development of PCa in vivo. We found that AIFM2 and NFS1 knockdowns both suppressed PCa cell tumorigenicity (Figure 13G).
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FIGURE 13. AIFM2 and NFS1 knockdowns promote ferroptosis and suppress proliferation in vitro and in vivo. (A) The real-time quantitative polymerase chain reaction (RT-qPCR) analysis of AIFM2 and NFS1 expression levels in PWR1E, DU145, DU145 sh-control, and DU145 sh-AIFM2/NFS1. (B) Immunofluorescence staining of oxidized lipid ROS (green color) and reduced lipid ROS (red color) formation in DU145 after AIFM2/NFS1 knockdown. (C) Fe2+ release, MDA, DCF, and GSH levels detected by Assay Kit in DU145 cells after AIFM2/NFS1 knockdown. (D) The Western blot analysis of ACSL4 and GPX4 expression levels after AIFM2/NFS1 knockdown. (E) Colony formation assays were constructed in AIFM2/NFS1 knockdown DU145 cells. (F) The Western blot analysis of Ki67 and PCNA expression levels after AIFM2/NFS1 knockdown. (G) Xenograft tumors in nude mouse models (*p < 0.05; **p < 0.01; ***p < 0.001).





DISCUSSION

Ferroptosis, as a newly discovered form of RCD, regulates cells to death by accumulating iron-dependent extensive lipid peroxidation. This concept was first proposed by Dixon et al. (2012), and its research has grown exponentially in the past few years. Although ferroptosis is still a mysterious veil in physiology, its role in the human pathological state, especially in cancer, has been extensively studied (Jiang et al., 2021). Many studies have recently identified ferroptosis as a natural mechanism of tumor inhibition and have shown that inactivation of ferroptosis can promote tumor development, just like inactivation of apoptosis (Jiang et al., 2015; Zhang et al., 2018). Ferroptosis is also important in the systematic treatment, radiotherapy, and immunotherapy of cancer (Chen et al., 2021). Therapies that rely on ferroptosis provided a new field of cancer treatment (Conrad et al., 2021). Therefore, ferroptosis may become a new marker and a potential prognostic indicator of malignant tumors.

As we suspected, ferroptosis and its related gene signature are closely related to the prognosis of various cancers. Liu et al. (2020a) and Zhuo et al. (2020) constructed ferroptosis-related gene signatures, which were significantly correlated with the diagnosis and prognosis of gliomas. Liang et al. (2020) and Liu et al. (2020b) also developed novel gene signatures associated with ferroptosis, which can be used to predict the prognosis of hepatocellular carcinoma. Tang R. et al. (2020) reported that the ferroptosis pathway is mainly involved in the prognosis of pancreatic cancer and proposed that the combination of immunotherapy and chemotherapy with ferroptosis inducer may be a feasible treatment of pancreatic cancer. Similar research results can also be found in lung adenocarcinoma, ovarian carcinoma, and uveal melanoma (Gao et al., 2021; Luo and Ma, 2021; Yang L. et al., 2021). However, no studies have attempted to construct a ferroptosis-related prognostic model of PCa. PCa mainly relies on lipid metabolism to obtain energy (Liu, 2006). The overexpression of lipid metabolism-related genes and proteins has been found in its early and late stages, even in metastatic lesions (Swinnen et al., 2002; Ettinger et al., 2004; Chen et al., 2018; Iglesias-Gato et al., 2018; Zadra and Loda, 2018). These observations suggest that PCa, as a lipid metabolic tumor, may be sensitive to ferroptosis. Ghoochani et al. (2021) used erastin and RSL3, which are ferroptosis inducers, to significantly reduce the growth and migration of PCa cells in vitro and significantly delayed the growth of drug-resistant prostate tumors in vivo without noticeable side effects. Similarly, Zhou et al. (2020) used flubendazole to elicit valid antitumor effects by promoting ferroptosis in CRPC. Their results are sufficient to confirm that PCa is closely related to ferroptosis, which provides an opportunity to develop a ferroptosis-related prognosis model.

High-throughput gene sequencing technology for biological samples enables large-scale omics research. In this study, we tried to explore a genetic marker based on ferroptosis to predict the BCR of PCa. First, we obtained 17 ferroptosis-related genes potentially associated with the BCR of PCa based on the difference analysis between tumor tissue and normal tissue and results of the univariate Cox regression analysis. Both the protein interaction and gene expression correlation networks suggested that these 17 genes had significant functional and expression correlations. Thus, based on these 17 genes, Lasso regression analysis was adopted to finally construct a nine-ferroptosis-related gene prognosis signature. bRFS analysis showed that the signature could strongly predict the BCR of PCa. Univariate and multivariate Cox regression analyses showed that the calculated risk score was an independent risk factor for the BCR of PCa. In addition, the risk score was positively correlated with poor clinicopathological features, including BCR state, GS, WHO ISUP classification, and T-staging. Mechanism exploration results showed that a high-risk score was associated with steroid secretion, endocrine process, and humoral immune response, while a low-risk score was associated with androgen response. Metabolic recombination and immune evasion are two distinct characteristics of cancer, but recent studies have shown a close relationship between them (Chang et al., 2015; Hao et al., 2019). The metabolic competition between tumor and immune cells may lead to tumor immunosuppression (Chang et al., 2015). We confirmed that the higher the risk score, the higher the degree of immune cell infiltration, the more active the immune-related function, and the higher the immune/stromal/ESTIM scores. Owing to the different expressions of Ki67 and different responses to androgen in high- and low-risk groups, we explored whether the signature could predict the response of patients to chemotherapy and endocrine therapy. Predictably, patients in the low-risk group responded better to docetaxel and bicalutamide than those in the high-risk group. Notably, all the above results were confirmed in two independent PCa cohorts (TCGA and MSKCC).

In our analysis of the nine-gene model, among the most important predictors of the model, we found that AIFM2 and NFS1 genes account for more than half of the weight of the model, which mainly determines the risk score of the patients. In our review of existing studies, AIFM2, also called ferroptosis suppressor protein 1, can catalyze CoQ10 regeneration by NAD(P)H. As a lipophilic radical-trapping antioxidant, CoQ10 can halt the propagation of lipid peroxides and prevent the damage of the plasma membrane from peroxide. AIFM2 protects tumor cells by catalyzing the continuous regeneration of CoQ10 and improving the ability to trap lipid peroxyl radicals to inhibit ferroptosis. The above findings were completed almost simultaneously by two research teams and published back-to-back in the famous journal Nature (Bersuker et al., 2019; Doll et al., 2019). Alvarez et al. (2017) found that NFS1 was generally highly expressed in lung cancer tissues and cell lines. Further experiments showed that NSF1 collected more sulfur elements from cysteine to produce iron–sulfur clusters, which reduced the release of iron from cells and significantly alleviated hyperoxia-induced ferroptosis. In animal experiments, the tumor formation time was significantly prolonged after NSF1 knockdown, suggesting a positive selection for NSF1 during the development of lung cancer to overcome cell ferroptosis. These findings were also published in Nature. Subsequently, we conducted in vivo and in vitro experiments to evaluate the prognostic significance of these two genes in PCa and to explore their influence on ferroptosis, and the results were widely validated.

In addition to AIFM2 and NFS1, the remaining seven genes in the signature were also associated with cancer in both basic and clinical research fields. AKR1C1 and AKR1C2 were prognostic factors of breast cancer (Wenners et al., 2016), and selective loss of these genes may help enhance endocrine therapy in breast cancer (Ji et al., 2004). Moreover, the overexpression of AKR1C1/AKR1C2 may serve as a biomarker of chemoresistance in non-small cell lung cancer cells (Wang et al., 2007). Recent studies have shown that CBS promotes the growth of colon and ovarian cancer in preclinical models (Zhu et al., 2018), and CBS blockers have the potential as adjuvants in the treatment of breast cancer to reduce the ability of cancer cells to resist oxidative stress induced by many chemotherapeutic drugs (Sen et al., 2015). FANCD2 was a sensitive and independent prognostic factor for breast cancer (Fagerholm et al., 2013), and its overexpression is a reliable indicator of lymph node metastasis in colorectal cancer (Ozawa et al., 2010). FTH1 was highly expressed in primary liver tumors, and its lower expression was associated with better survival (Muhammad et al., 2020). FTH1 pseudogenes, as competitive endogenous RNAs, play various roles in oncology, particularly in PCa (Chan et al., 2018; Di Sanzo et al., 2020). Blocking the glycosylation of G6PD, the rate-limiting enzyme of the pentose phosphate pathway, can reduce the proliferation of cancer cells in vitro and tumor growth in vivo (Rao et al., 2015). SLC1A5 plays an important role in glutamine transport by controlling the metabolism, growth, and survival of lung cancer cells (Hassanein et al., 2013), and its variant is a mitochondrial glutamine transporter for cancer metabolic reprogramming (Yoo et al., 2020).

This study has some limitations. First, the results were based on retrospective public datasets that need to be verified in a prospective cohort in the future. Second, owing to the inherent intratumoral heterogeneity and the technical noise caused by cross-platform sequencing, how to correctly standardize the expression data is the ultimate challenge for the clinical application of this nine-gene signature. Therefore, the RNA-seq data of the patients need data preprocessing, such as scaling and normalization, in future clinical applications. It is even possible to develop a standardized and commercial gene detection kit based on these nine genes, which can automatically calculate the risk score for risk grouping. Finally, the underlying biological mechanisms of this signature, in particular, how AIFM2 and NFS1 influence the ferroptosis process in PCa, remain unknown. At present, research on the two genes is still in the embryonic stage, so further research is needed.

In summary, we constructed a nine-gene signature associated with ferroptosis, which can accurately predict the BCR of PCa. The higher the risk score, the higher the probability of developing BCR, the worse the clinicopathological characteristics, and the worse the response to chemotherapy and antiandrogen therapy. This signature can be used as a novel tool for distinguishing high- and low-risk PCa populations and help in understanding the mechanism of cellular ferroptosis in the carcinogenesis and development of PCa.
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Background: Ferroptosis is an iron-dependent programmed cell death (PCD) form that plays a crucial role in tumorigenesis and might affect the antitumor effect of radiotherapy and immunotherapy. This study aimed to investigate distinct ferroptosis-related genes, their prognostic value and their relationship with immunotherapy in patients with head and neck squamous cell carcinoma (HNSCC).

Methods: The differentially expressed ferroptosis-related genes in HNSCC were filtered based on multiple public databases. To avoid overfitting and improve clinical practicability, univariable, least absolute shrinkage and selection operator (LASSO) and multivariable Cox algorithms were performed to construct a prognostic risk model. Moreover, a nomogram was constructed to forecast individual prognosis. The differences in tumor mutational burden (TMB), immune infiltration and immune checkpoint genes in HNSCC patients with different prognoses were investigated. The correlation between drug sensitivity and the model was firstly analyzed by the Pearson method.

Results: Ten genes related to ferroptosis were screened to construct the prognostic risk model. Kaplan-Meier (K-M) analysis showed that the prognosis of HNSCC patients in the high-risk group was significantly lower than that in the low-risk group (P < 0.001), and the area under the curve (AUC) of the 1-, 3- and 5-year receiver operating characteristic (ROC) curve increased year by year (0.665, 0.743, and 0.755). The internal and external validation further verified the accuracy of the model. Then, a nomogram was build based on the reliable model. The C-index of the nomogram was superior to a previous study (0.752 vs. 0.640), and the AUC (0.729 vs. 0.597 at 1 year, 0.828 vs. 0.706 at 3 years and 0.853 vs. 0.645 at 5 years), calibration plot and decision curve analysis (DCA) also shown the satisfactory predictive capacity. Furthermore, the TMB was revealed to be positively correlated with the risk score in HNSCC patients (R = 0.14; P < 0.01). The differences in immune infiltration and immune checkpoint genes were significant (P < 0.05). Pearson analysis showed that the relationship between the model and the sensitivity to antitumor drugs was significant (P < 0.05).

Conclusion: Our findings identified potential novel therapeutic targets, providing further potential improvement in the individualized treatment of patients with HNSCC.

Keywords: HNSCC, ferroptosis, prognosis, nomogram, immunotherapy


INTRODUCTION

Head and neck cancer is the sixth most common malignancy that leads to considerable mortality, with >450,000 deaths reported worldwide in 2020 (International Agency for Research on Cancer, and World Health Organization, 2021). The incidence rate of head and neck squamous cell carcinoma (HNSCC), which is the most common type of head and neck cancer, is approximately 20 per 100000 people in the regions of South America, China, Europe, the Indian subcontinent, and among African Americans in the United States (Stenson, 2021). The well-known risk factors for HNSCC are chronic exposure to alcohol, smoking, different forms of chewing tobacco (such as betel palm), chronic oral trauma, and HPV infection (Gillison et al., 2015). Currently, surgical resection, radiotherapy, chemotherapy, targeted therapy, and immunotherapy have been developed to comprehensively treat HNSCC patients. However, the 5-year overall survival (OS) of HNSCC patients has remained at 50%, which has not significantly improved in the past decade (Torre et al., 2015; Bray et al., 2018). Moreover, mounting evidence highlights that the percentage of locoregional failure is approximately 40–50%, while distant failure is 20–30% in locoregionally advanced HNSCC patients (Samra et al., 2018; Muzaffar et al., 2021). Therefore, studies exploring novel therapeutic targets and developing novel prognostic models to identify patients with different prognoses are urgently required for HNSCC patients.

Iron is an important transition metal for maintaining the rapid proliferation and growth of cancer cells (Zhou et al., 2018). Moreover, iron participates in several important biological processes, such as oxygen transport, DNA synthesis, and ATP generation. However, excess intracellular iron accumulation can trigger reactive oxygen species (ROS), which cause lipid peroxidation and ferroptosis, a unique form of cell death (Bogdan et al., 2016; Fanzani and Poli, 2017). Ferroptosis is defined as an iron-dependent programmed cell death (PCD) that is dependent on ROS accumulation and lipid peroxidation, and the mechanism and morphology of PCD are distinct from other PCDs, such as autophagy, apoptosis, and necroptosis (Dixon et al., 2012; Stockwell et al., 2017). In recent decades, research on ferroptosis in tumors has rapidly increased, and this PCD has been indicated to be correlated with tumor origin, development, and treatment (Liang et al., 2019; Stockwell and Jiang, 2019). Ferroptosis regulatory genes, such as P53, DPP4, and GPX4, have been shown to be correlated with tumorigenesis and progression (Junttila and Evan, 2009; Liu et al., 2018; Enz et al., 2019). Moreover, ferroptosis has been suggested to regulate the sensitivity of tumor cells to radiotherapy and immunotherapy. Radiotherapy has been suggested to induce ferroptosis, which plays a crucial role in radiotherapy-mediated anticancer effects, and improve the sensitivity of tumor cells to ferroptosis inducers (Lang et al., 2019). Furthermore, interferon-gamma and T cells may sensitize tumor cells to ferroptosis (Wang et al., 2019). After treatment of tumor models with immune checkpoint inhibitors, ROS levels were significantly increased, while tumor size was significantly reduced (Mou et al., 2019). Radiotherapy and immunotherapy have been shown to promote lipid oxidation and ferroptosis in tumor cells owing to a synergistic effect (Lang et al., 2019). Nevertheless, the prognostic value and relationship of distinct ferroptosis-related genes with immunotherapy in HNSCC remain predominantly unknown.

In this study, we first integrated The Cancer Genome Atlas (TCGA), Genotype-Tissue Expression (GTEx), and ArrayExpress databases to construct and validate a novel prognostic risk model based on ferroptosis-related messenger RNA (mRNA). Moreover, internal and external validations were first used to assess the risk model accuracy compared with a previous study (He et al., 2021). To the best of our knowledge, the prognostic risk model and nomogram based on the model showed the best prognostic effect in the present study of risk models based on ferroptosis-related mRNA (He et al., 2021). In addition, the values of the model used to predict prognosis with other clinical parameters and immunotherapy of HNSCC patients were further explored. The correlation between the prognostic risk model and drug sensitivity in cancers was first analyzed.



MATERIALS AND METHODS


Patients and Clinical Data Acquisition

In this study, mRNA sequencing data (fragments per kilobase million) of HNSCC patients were obtained from TCGA database1 (44 normal head and neck samples and 501 HNSCC samples). To further strengthen the reliability, the sequencing data of 55 salivary gland samples in the GTEx2 database were obtained using the UCSC Xena tool and integrated with HNSCC sequencing data from TCGA database (Cao et al., 2019). The integrated data were normalized and processed using the Limma R package (Ritchie et al., 2015). Moreover, the clinical data of HNSCC patients were downloaded from TCGA database.



Acquisition of Differentially Expressed Ferroptosis-Related Genes in HNSCC Patients

The Limma package was used to screen the differentially expressed genes (DEGs) in HNSCC patients with a false discovery rate (FDR) <0.05, and fold change > 2 (Wu et al., 2020). Ferroptosis-related gene sets (driver, suppressor, and marker) were downloaded from FerrDb, the first manually curated database of ferroptosis regulators and markers and ferroptosis-disease associations. The database provides up-to-date and comprehensive ferroptosis-related genes (Zhou and Bao, 2020). Moreover, a ferroptosis-related gene set (WP_FERROPTOSIS) in the Molecular Signature Database v7.2 (MSigDB) was downloaded (Liberzon et al., 2015). The ferroptosis-related genes were identified after removing the overlapping genes. Differentially expressed ferroptosis-related genes were identified by intersecting ferroptosis-related genes with DEGs.



Construction and Assessment of the Risk Score Prognostic Model

The differentially expressed ferroptosis-related genes in HNSCC patients were matched with the corresponding survival time and status (n = 498) after excluding missing data. HNSCC patients were then randomly separated into training and testing groups using the caret package at a ratio of 7:3 (Zhang et al., 2020). A univariate Cox regression algorithm was employed to screen for ferroptosis-related genes associated with OS in the training group (P < 0.05). The least absolute shrinkage and selection operator (LASSO) logistic regression algorithm was used to avoid overfitting. Finally, a multivariable Cox regression analysis was conducted to construct a prognostic risk score model. HNSCC patients were divided into high- and low-risk groups based on the median risk score as the cutoff value. The Kaplan-Meier (K-M) method and receiver operating characteristic (ROC) curves were used to validate model feasibility.



Internal and External Validation of the Risk Score Prognostic Model

HNSCC patients in the testing cohort were divided into high- and low-risk groups based on the median risk score in the training cohort. The K-M method and ROC curve were used to test the feasibility of internal validation. Moreover, the prognostic capability of the risk score model was externally validated in the entire cohort and the ArrayExpress database3. The mRNA sequencing data and corresponding clinical information of HNSCC (n = 108) were obtained from the E-MTAB-8588 dataset in the ArrayExpress database. The risk score was calculated for HNSCC patients using the prognostic model in the training cohort, and the “sva” R package was utilized to eliminate different dataset biases (Leek et al., 2012).



Functional Enrichment Analysis of the 10-Gene Signature

Gene Ontology (GO) analysis is a major bioinformatics tool for annotating genes and gene functions (Gaudet et al., 2017). The Kyoto Encyclopedia of Genes and Genomes (KEGG) is a collection of databases that contain information regarding genomes, biological pathways, diseases, and chemical substances (Kanehisa et al., 2017). The “clusterProfiler” R package was employed to explore the gene function and pathway of the 10 genes (Liu M. et al., 2021). Differences were considered statistically significant at FDR < 0.05.



Construction and Assessment of the Nomogram for HNSCC Patients

To further assess the capability of the risk score prognostic model to be an independent prognostic factor, the risk score of HNSCC patients was integrated with the clinical parameters of HNSCC patients in the training group. The inclusion criteria for HNSCC patients were as follows: (1) pathological type was squamous cell carcinoma, (2) complete follow-up data, (3) received chemotherapy or radiotherapy, and (4) clear pathological stage. A univariate Cox regression algorithm was used to screen out the OS-related characteristics in HNSCC patients (P < 0.05), and multivariable Cox regression analyses were used to identify independent prognostic parameters. Subsequently, a nomogram was constructed to predict an individual’s OS based on the independent prognostic parameters, and the concordance index (C-index), ROC curve, calibration plot, and decision curve analysis (DCA) were used to determine the prognostic ability of the nomogram from multiple perspectives. The nomogram was further validated in the testing, entire, and external groups.



Analysis of the Relationship Between the Immune Microenvironment and Risk Score Model in HNSCC Patients

The single nucleotide variant (SNV) data of HNSCC patients were obtained from TCGA database, and tumor mutational burden (TMB) was calculated for each HNSCC patient. The correlation analysis between risk score and TMB was conducted using Spearman’s algorithm, and the difference in TMB between the high- and low-risk groups was explored. Moreover, the “Cell Type Identification by Estimating Relative Subsets of RNA Transcripts (CIBERSORT)” deconvolution algorithm with 1,000 permutations was applied to quantify 22 tumor-infiltrating lymphocyte types in the microenvironment of high- and low-risk HNSCC patients (Becht et al., 2016). Statistical significance was set at P < 0.05.



Exploration of Drug Sensitivity Based on the Prognostic Model

To explore the anticancer drugs targeted to the prognostic model, the sensitivity information of anticancer drugs approved by the United States Food and Drug Administration for use in the clinic, and RNA sequencing data in the NCI 60 platform were downloaded from the CellMiner database4 (Foy et al., 2017). The correlation between ferroptosis-related genes to construct a prognostic model and drug sensitivity in cancers was analyzed using Pearson analysis (Reinhold et al., 2019).




RESULTS


Identification of Ferroptosis-Related Genes in HNSCC

A total of 8655 DEGs were screened out in HNSCC based on TCGA and GTEx databases (Figure 1A). After overlapping genes were filtered, 275 ferroptosis-related genes were screened based on the FerrDb and MSigDB (Figure 1B). Next, 175 differentially expressed ferroptosis-related genes in HNSCC were identified by intersecting the DEGs and ferroptosis-related genes (Figure 1C).
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FIGURE 1. Identification of differential expressed ferroptosis-related genes in HNSCC. (A) Differential expressed genes (DEGs) of head and neck squamous cell carcinoma (HNSCC). (B) Venn diagram of ferroptosis-related gene sets. (C) The blue and orange bars represents the unique DEGs related to ferroptosis in HNSCC in the FerrDb and MSigDB, respectively, and the red bar represents the overlapping DEGs related to ferroptosis in HNSCC between the FerrDb and MSigDB.




Construction and Assessment of the Risk Score Prognostic Model

After the survival data were integrated with the expression profile of 175 ferroptosis-related genes, HNSCC patients were randomly divided into training (n = 350) and testing cohorts (n = 148) at a ratio of 7:3. Univariate Cox regression analysis was performed to screen 25 genes related to the OS of HNSCC patients in the training cohort (Supplementary Table 1). The 25 filtered genes were further included in the LASSO logistic regression algorithm to avoid overfitting (Figure 2A), and cross-validation was conducted, which filtered out 13 prognostic signatures (Figure 2B). Next, 10 gene signatures were screened to construct the following prognostic risk model by multivariable Cox regression analyses (Supplementary Figure 1): Risk score = (−0.191 × MAP1LC3A expression level) + (0.189 × SLC7A5 expression level) + (0.525 × OTUB1 expression level) + (0.399 × PRDX6 expression level) + (−0.374 × MAP3K5 expression level) + (−0.258 × SOCS1 expression level) + (0.555 × ATG5 expression level) + (0.227 × DDIT4 expression level) + (0.406 × ACSL3 expression level) + (0.602 × PRKAA2 expression level; Figure 2C). The correlation network of the 10 genes is shown in Figure 2D. Training group HNSCC patients were divided into high- (n = 175) and low-risk groups (n = 175) based on the median risk score. The OS in the low-risk group was significantly better than that in the high-risk group according to the K-M analysis (P < 0.001; Figure 3A). As shown in Figures 3B–D, the area under the curve (AUC) values for the ROC curves at 1, 3, and 5 years are 0.665, 0.743, and 0.755, respectively, increasing annually.
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FIGURE 2. Identification of ferroptosis-related signatures by LASSO regression algorithm in HNSCC. (A) LASSO coefficient profiles of the 25 ferroptosis-related genes. (B) Cross-validation for tuning parameter selection in the proportional hazards model. (C) The heatmap of the 10 ferroptosis-related genes. (D) The correlation of the 10 ferroptosis-related genes.
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FIGURE 3. Kaplan-Meier (K-M) survival analysis and receiver operating characteristic (ROC) curves of risk prognostic model in HNSCC patients. (A) K-M survival analysis of risk prognostic model of HNSCC patients in training cohort. (B–D) ROC curves analysis of risk prognostic model of HNSCC patients at 1, 3, and 5 years in training cohort.


To further verify the predictive capability of the model in the training cohort, the testing cohort was used for internal validation, and the entire cohort and E-MTAB-8588 dataset were used for external validation. HNSCC patients in the testing cohort were divided into high- (n = 65) and low-risk (n = 83) groups based on the risk model in the training cohort. The OS of the two groups differed significantly in the K-M analysis (P < 0.01; Supplementary Figure 2A), and the AUC values at 1, 3, and 5 years were 0.648, 0.688, and 0.659, respectively (Supplementary Figures 2D–F). Similar to internal validation, external validation further strengthens model reliability during training. As shown in Supplementary Figures 2B,C,K-M analysis shows a significant difference between the high- and low-risk groups in the entire group (P < 0.001) and MTAB-8588 dataset (P = 0.03). The AUC values at 1, 3, and 5 years were 0.660, 0.718, and 0.713, respectively, for the entire cohort, and 0.632, 0.687, and 0.647, respectively, for the MTAB-8588 dataset (Supplementary Figures 2G–L). Overall, the accuracy increased as the sample size increased.



Functional Enrichment Analysis of the 10 Ferroptosis-Related Genes

The most highly enriched functions of the 10 screened genes were cellular response to chemical stress, starvation, nutrient levels, and oxidative stress (Supplementary Figure 3A). Moreover, KEGG pathway analysis demonstrated that the 10 genes might participate in ferroptosis via autophagy or mTOR signaling pathways (Supplementary Figure 3B). The involvement of these potential pathways in ferroptosis has been previously reported (Liu et al., 2020; Yi et al., 2020).



Construction and Assessment of the Nomogram for HNSCC Patients

The risk score for each HNSCC patient in the training cohort was integrated with age, sex, grade, stage, margin status, radiotherapy, and chemotherapy (n = 243). Five clinical characteristics, namely sex, stage, margin status, radiotherapy, and risk, were found by univariate Cox regression analysis to be correlated with prognosis (Supplementary Figure 4A). A multivariable Cox algorithm was used to identify the five independent prognostic parameters of HNSCC patients (Supplementary Figure 4B). A nomogram with a satisfactory C-index (0.752) was constructed based on independent prognostic parameters (Figure 4A). Moreover, ROC curve analysis was employed to determine the nomogram accuracy for predicting the 1-, 3-, and 5-year OS of individuals, and the AUC values revealed optimal values (0.729, 0.828, and 0.853, respectively), increasing annually (Figures 4B–D). The actual curve was similar to the ideal curve in the calibration plot (Figures 4E–G). DCA further confirmed the creditability of the prognostic effect of the nomogram, and the risk and combined curves were superior to other factors in forecasting individual prognosis (Figures 4H–J).
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FIGURE 4. Nomogram to predict 1-, 3-, and 5-year overall survival (OS) and its validation in HNSCC patients. (A) Nomogram to predict 1-, 3-, and 5-year OS of HNSCC patients. (B–D) ROC curves to assess nomogram accuracy to predict 1-, 3-, and 5-year OS in HNSCC patients. (E–G) Calibration plot analysis to assess nomogram accuracy of to predict 1-, 3-, and 5-year OS in HNSCC patients. (H–J) Decision curve analysis to assess nomogram accuracy to predict 1-, 3-, and 5-year OS in HNSCC patients.


To validate the prognostic value of the nomogram, the risk score of the testing cohort was integrated with the corresponding clinical information for internal validation, and the entire cohort and E-MTAB-8588 dataset were integrated with the corresponding clinical parameters for external validation. In the testing cohort, the C-index was 0.629, and the AUC values at 1, 3, and 5 years were 0.645, 0.693, and 0.717, respectively, increasing annually (Supplementary Figures 5A–C). In the entire cohort (n = 361), the C-index was 0.721, and the AUC values at 1, 3, and 5 years were 0.738, 0.770, and 0.820, respectively, increasing annually (Supplementary Figures 5D–F). In the E-MTAB-8588 dataset (n = 107), the C-index was 0.600, and the AUC values at 1, 3, and 5 years were 0.604, 0.641, and 0.611, respectively, when margin status data were missing (Supplementary Figures 5G–I). Together, the internal and external validations strengthened the creditability of the nomogram. Internal and external validation suggested that the prognostic effect of the risk score model and the model-based nomogram reliable. Moreover, the risk score differed significantly in the T stage, N stage, lymphovascular invasion, and perineural invasion (Supplementary Figure 6).



Analysis of the Relationship Between the Immune Microenvironment and Risk Score Model in HNSCC Patients

To investigate the relationship between risk model-related ferroptosis and TMB, the risk score was integrated with SNV in HNSCC patients, and the TMB was significantly different in the high- and low-risk groups (Figures 5A–C). Moreover, the correlation analysis indicated that TMB was positively correlated with the risk score (R = 0.14, P < 0.01; Figure 5D). However, a high TMB might fail to predict the immune checkpoint blockade response across all cancer types.
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FIGURE 5. The differences of tumor mutational burden (TMB) in high- and low-risk HNSCC patients. (A) The TMB in high-risk HNSCC patients. (B) The TMB in low-risk HNSCC patients. (C) The difference of TMB was significant in HNSCC patients with different risk. (D) The TMB was positively correlated with the risk score in HNSCC patients.


To further explore the individual immune microenvironment and develop individualized treatment, immune infiltration and immune checkpoint genes in high- and low-risk HNSCC patients were further investigated (Figures 6A,B). Compared to the high-risk patients, the low-risk HNSCC patients had higher marker expression of naive B cells (P < 0.001), plasma cells (P < 0.05), CD8 T cells (P < 0.001), follicular helper T cells (P < 0.01), regulatory T cells (Tregs, P < 0.001), gamma delta T cells (P < 0.01), resting mast cells (P < 0.05), and neutrophils (P < 0.001), however, lower marker expression of resting NK cells (P < 0.01), M0 macrophages (P < 0.05), M2 macrophages P < 0.05), activated mast cells (P < 0.05), and eosinophils (P < 0.01; Supplementary Figure 7). Moreover, differences in immune checkpoint genes in high- and low-risk HNSCC patients were identified. The expression levels of IL10, CTLA4, PD1, TNFRSF14, BTLA, LGALS9, TIGIT, LAG3, EDNRB, and IDO1 were higher in the low-risk group than those in the high-risk group. Contrastingly, the high-risk group had higher MICA and MICB expressions compared to that of the low-risk group (Supplementary Figure 8). The corresponding correlations between the immune checkpoint genes and risk scores are shown in Supplementary Figure 9.
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FIGURE 6. The immune infiltration of 22 immune cell types in high- and low-risk HNSCC patients. (A) The immune infiltration of 22 immune cell types in high-risk HNSCC patients. (B) The immune infiltration of 22 immune cell types in low-risk HNSCC patients.


The above results suggest that the ability of TMB to predict the response to immunotherapy in HNSCC patients is related to the target genes of immunotherapy. Furthermore, the use of various immune checkpoint inhibitors for HNSCC patients with different risks based on differences in immune infiltration and immune checkpoint genes may be more beneficial to patients.



Exploration of Drug Sensitivity Based on the Prognostic Model

The reliability of the risk score prognostic model and nomogram based on the model was validated by multiple methods, and it is necessary to reduce the risk of HNSCC. Figure 7 exhibits that, in the representative 16 correction analysis, ACSL3 expression is positively correlated with the sensitivity of cancer patients to ARRY-162 (MEK162), and SOCS1 expression is negatively correlated with the sensitivity of cancer patients to cobimetinib (isomer 1), thereby promoting novel research on targeted drugs.
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FIGURE 7. The correlation between ferroptosis-related genes to construct the prognostic model and drug sensitivity.





DISCUSSION

Excluding communicable diseases, approximately 30% of premature deaths are attributable to cancer in adults aged approximately 30–69 years (WHO, 2020). As a malignant tumor with increasing incidence, the OS of HNSCC patients is unsatisfactory with the currently available treatments, and HNSCC recurrence with a 50% ratio in locally advanced disease further reduces the 5-year survival rate (Muzaffar et al., 2021). Therefore, identifying HNSCC patients with poor prognosis and developing more effective treatments to promote individualized treatment and improve clinical outcomes are urgently required.

Ferroptotic cell death, a relatively novel cell death mechanism, has been shown to improve the curative effect of radiotherapy and immunotherapy in cancer (Lang et al., 2019). However, few studies have investigated the relationship between ferroptosis-related genes and OS in HNSCC patients. In this study, a novel prognostic risk model for HNSCC was first built based on ferroptosis-related genes, and a clinical prognostic model was constructed to assess patient prognosis.

In the present study, we systematically investigated the correlation between ferroptosis-related genes and HNSCC. A total of 175 differentially expressed ferroptosis-related genes were identified in HNSCC based on TCGA, GTEx, FerrDb, and MSigDB, which provided a reliable foundation for future exploration. The 10 independent prognostic genes were screened to construct the risk score model based on univariate, LASSO, and multivariable logistic regression algorithms, which avoided overfitting and improved the clinical practicability of the model.

In the 10 ferroptosis-related genes, the coefficients of MAP1LC3A, MAP3K5, and SOCS1 were negatively correlated with the prognostic risk score, suggesting that these 3 genes might induce ferroptosis in HNSCC. However, the coefficients of the other 7 genes were positively correlated with the prognostic risk score, suggesting that these 7 genes might inhibit ferroptosis in HNSCC. Moreover, the potential gene functions and pathways of these 10 genes were further explored. Several results have been suggested to be correlated with ferroptosis in the top 10 KEGG and GO enrichment analyses. The top 10 results of GO analysis were primarily enriched in biological processes related to cellular responses to chemical stress, starvation, nutrient levels, and oxidative stress. Previous studies suggested that chemotherapeutic agents, such as sulfasalazine and cisplatin, might induce ferroptosis by acting on system xc- or GSH, which play a key role in ferroptosis development (Mou et al., 2019). Oxidative stress, as an important characteristic, has been identified as a crucial factor in ferroptosis induction (Mou et al., 2019). Moreover, the top 10 gene functions in the GO analysis are related to the cell response to nutrients and starvation, suggesting that deregulating cellular energetics might participate in ferroptosis. Energy stress has been reported to inhibit lipid peroxidation and ferroptosis (Lee et al., 2020). For the KEGG enrichment analysis, the top result was ferroptosis, which further suggested that the 10 genes might participate in ferroptosis and HNSCC development. Autophagy may promote ferroptotic death by ferritinophagy, lipophagy, or clockophagy (Liu et al., 2020). Moreover, cell sensitivity to ferroptosis might be affected by mTOR pathway regulation (Yi et al., 2020). In summary, the most significant gene functions and pathways from GO and KEGG analyses indicated that the mechanism of the 10 genes might be correlated with ferroptosis.

The majority of the 10 signature genes in the prognostic model have been shown to be involved in multiple cancers. However, the role of several genes in HNSCC prognosis remains to be explored. Ovarian tumor domain-containing ubiquitin aldehyde binding protein 1 (OTUB1) is an important deubiquitinating enzyme (DUB) that inhibits the ubiquitination of E2s following cleavage of the ubiquitin chains in target proteins (Wiener et al., 2012). OTUB1 has complex functions in various cancers, promotes tumor migration, and is a tumor suppressor that induces cell apoptosis and cell growth by regulating the DNA damage response (Sun et al., 2012; Herhaus et al., 2013; Kato et al., 2014). Moreover, OTUB1 may influence immune factor production. OTUB1 deletion downregulates the synthesis of the protective chemokine INF-γ, which is secreted by NK cells (Mulas et al., 2021). In addition, OTUB1 participates in metabolic reprogramming, which is an essential mechanism for activated T cell function (Pearce et al., 2013). Acyl-coenzyme A (CoA) synthetase long-chain family member 3 (ACSL3) regulates fatty acid metabolism and is a substrate for both β-oxidation and lipid synthesis after converting free long-chain fatty acids into fatty acyl-CoA esters (Coleman et al., 2002). Lipid metabolic reprogramming is one of the most prominent metabolic changes in cancer cells and has received increasing attention. As an important component of lipid metabolism, fatty acid deregulation might disturb the curative effect of radiotherapy and chemotherapy and affect immunotherapy for cancer patients (Wu et al., 2009; Han et al., 2019; Corn et al., 2020). ACSL enzymes, including ACSL3, have been suggested to induce apoptosis in a subset of TP53-deficient cancer cells (Yamashita et al., 2000; Mashima et al., 2005). Moreover, ACSL3 has been shown to be essential for mutant KRAS lung cancer tumorigenesis (Padanad et al., 2016). Mitogen-activated protein kinase 5 (MAP3K5) has been suggested to be involved in multiple biological activities, including stress-induced apoptosis and cell differentiation (Subramanian et al., 2004; Mizumura et al., 2006). As an important apoptosis signal-regulating kinase, MAP3K5 catalytic activity leads to differentially regulated apoptosis by inducing DNA damage, ROS, and tumor necrosis factor (Nagai et al., 2007). Moreover, MAP3K5 has been shown to play an important role in innate immune responses through the production of proinflammatory cytokine production (Matsuzawa et al., 2005). In general, ferroptosis-related genes are correlated with the human immune system, prompting subsequent analysis of immune function based on the present model.

After the model was constructed, K-M analysis and ROC curves were used to determine the effect of the model to identify HNSCC patients at different risks, and the test method revealed a satisfactory effect in predicting HNSCC patient prognosis.

The K-M analysis of our model showed a more optimistic trend; the difference in survival curve in the high- and low-risk groups was more significant compared with that of the previous study (He et al., 2021). Moreover, the prognostic risk model of HNSCC patients was more accurate than the models reported in certain previous studies with a preferable AUC for 1 (0.665 vs. 0.634 and 0.663), 3 (0.743 vs. 0.672 and 0.686), and 5 years (0.755 vs. 0.642 and 0.622) (Yang et al., 2020; Liu B. et al., 2021). Interestingly, the AUC values of our model increased annually, which further strengthened the prognostic effect of the model. Moreover, the internal validation in the test cohort and external validation in the entire cohort and the MTAB-8588 dataset further improved model stringency. Overall, the practicability of the model was validated using multiple methods.

To further explore the clinical value of the model in HNSCC patients, the risk score was integrated with the clinical parameters of HNSCC patients. The risk score based on the model was an independent prognostic parameter that had synergistic effects with other independent prognostic characteristics to further improve the value of the nomogram to calculate individual prognoses, which were validated by the C-index, ROC curve, calibration plot, and DCA. The nomogram designed to predict HNSCC patient prognosis was more accurate than the models reported in a previous study with a superior C-index (0.752 vs. 0.640) and AUC for 1 (0.729 vs. 0.597), 3 (0.828 vs. 0.706), and 5 years (0.853 vs. 0.645) (He et al., 2021). Surprisingly, the AUC values of the nomogram at 1, 3, and 5 years increased annually, and the trend was consistent with the AUC values of the risk score model, which further strengthened the reliability of the risk score model and nomogram. Moreover, internal and external validation revealed optimistic effects for the nomogram.

Recently, tumor immunotherapy has been considered a breakthrough in oncotherapy. However, the response to immunotherapy differs between cancers and within cohorts with the same cancer (Ventola, 2017). Thus, the TMB level was developed to predict the response to immunotherapy in cancer patients, and high TMB has been shown to be positively correlated with the curative effect of immunotherapy (Galuppini et al., 2019). However, it has been reported that a high TMB fails to predict the immune checkpoint blockade response across all cancers (McGrail et al., 2021).

After analyzing the correlation between the risk score and TMB in HNSCC patients, immune cell infiltration in the tumor microenvironment and the differences in immune checkpoints of high- and low-risk HNSCC patients were further investigated to explore the curative effect of immunotherapy based on the risk score model. The relationship between ferroptosis and the immune microenvironment is complicated. Cancer cells with ferroptosis can increase immunogenicity by releasing immune-stimulating signals, which allow immune cells, such as macrophages and dendritic cells (DCs), to locate the cancer cell site (Friedmann Angeli et al., 2019; Tang et al., 2021). Early ferroptotic cancer cells can elicit a vaccination-like effect by promoting phenotypic DC maturation (Efimova et al., 2020). The increased immunogenicity of cancer cells may enhance the efficacy of immune checkpoint inhibitors. Moreover, immune cells, such as CD8 + cells, can trigger lipid peroxidation and cause ferroptosis in tumor cells, which suggests that immune checkpoint inhibitors targeting CD8 + cells might act synergistically with ferroptosis (Wang et al., 2019). In addition to predicting HNSCC patient prognosis, differences in the immune microenvironment based on the prognostic risk model might be beneficial for developing individualized immunotherapy and improving the curative effect of HNSCC patients.

Moreover, the analysis of drug sensitivity based on the model suggested the possibility of targeting the 10 gene risk signatures and reducing the prognostic risk of HNSCC patients. The drugs might regulate the ferroptosis level of cancer cells by targeting the 10 ferroptosis-related genes. ACSL3 was found to contribute the most to drug sensitivity. ARRY-162 (MEK162), as the drug with the greatest correlation with ACSL3, is a highly selective MEK1/2 inhibitor that could offer a new combination therapy with ferroptosis and immunotherapy (Erkes et al., 2020; Gagliardi et al., 2020).

The present study has several limitations. Certain in vitro and in vivo experiments, such as the in-depth molecular mechanisms of the ferroptosis-related genes, needed to construct the prognostic model require further verification in experimental studies. Moreover, the study was based only on research data from public databases, which might have contributed to the selection bias. Thus, a multicenter and large-scale study is required to further validate the clinical utility of our model.



CONCLUSION

In summary, the present study systematically investigated the correlation between ferroptosis-related genes and HNSCC patient prognosis, and a novel prognostic model of HNSCC patients based on 10 ferroptosis-related genes was established and validated. Furthermore, the values of the model to be used in predicting prognosis with other clinical parameters, immunotherapy, and drug sensitivity of HNSCC patients were positive, indicating that the novel ferroptosis-related gene signatures might be beneficial in developing individualized treatments, thereby improving the OS of HNSCC patients.
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Supplementary Figure 1 | Multivariable Cox regression analysis to construct a prognostic risk score model.

Supplementary Figure 2 | K-M survival analysis and ROC curves of risk prognostic model in internal and external validation. (A–C) K-M survival analysis of risk prognostic model of HNSCC patients in internal, entire, and external validated cohorts. (D–L) ROC curves analysis of risk prognostic model of HNSCC patients at 1, 3, and 5 years in internal, entire, and external validated cohorts.

Supplementary Figure 3 | Representative results of GO and KEGG analyses. (A) The GO analysis of the 10 screened genes. (B) The potential signaling pathway of the 10 screened genes.

Supplementary Figure 4 | Independent prognostic parameter identification in HNSCC patients. (A) The univariate Cox regression analysis of clinical parameters in HNSCC patients. (B) The multivariate Cox regression analysis of clinical parameters in HNSCC patients.

Supplementary Figure 5 | The validation of nomogram in internal and external cohorts. (A–C) ROC curves to assess nomogram accuracy to predict 1-, 3-, and 5-year OS in internal cohort. (D–F) ROC curves to assess nomogram accuracy to predict 1-, 3-, and 5-year OS in entire cohort. (G–I) ROC curves to assess nomogram accuracy to predict 1-, 3-, and 5-year OS in external cohort.

Supplementary Figure 6 | The analysis between risk score and different clinical parameters in HNSCC patients. (A) The difference of risk score is significant in HNSCC patients with different stage. (B) The difference of risk score is significant in HNSCC patients with different N stage. (C) The difference of risk score is significant in HNSCC patients with different lymphovascular invasion. (D) The difference of risk score is significant in HNSCC patients with different perineural invasion.

Supplementary Figure 7 | The different immune infiltration in the high- and low-risk HNSCC patients. (A,B) The expression of eight immune cell types is higher in the low-risk group compared with that of the high-risk group. (C) The expression of four cell types is higher in the high-risk group compared with that of the low-risk group.

Supplementary Figure 8 | The different immune checkpoint genes in the high- and low-risk HNSCC patients. (A,B) The expression of 10 immune checkpoint gene types is higher in the low-risk group compared with that of the high-risk group. (C) The expression of two immune checkpoint gene types is higher in the high-risk compared with that of the low-risk group.

Supplementary Figure 9 | The correlations between the immune checkpoint genes and risk score. (A–J) The immune checkpoint genes were negatively correlated with the risk score in HNSCC patients. (K,L) The immune checkpoint genes were positively correlated with the risk score in HNSCC patients.

Supplementary Table 1 | Univariate COX regression analysis of differentially expressed ferroptosis-related genes in HNSCC patients.
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The dysregulation of iron homeostasis has been explored in malignancies. However, studies focusing on the association between the serum iron level and prognosis of patients with early-stage triple-negative breast cancer (TNBC) are scarce. Accordingly, in current study, 272 patients with early-stage TNBC treated at Sun Yat-sen University Cancer Center (SYSUCC) between September 2005 and October 2016 were included as a training cohort, another 86 patients from a previous randomized trial, SYSUCC-001, were analyzed as a validation cohort (SYSUCC-001 cohort). We retrospectively collected their clinicopathological data and tested the serum iron level using blood samples at the diagnosis. In the training cohort, patients were divided into low-iron and high-iron groups according to the serum iron level cut-off of 17.84 μmol/L determined by maximally selected rank statistics. After a median follow-up of 87.10 months, patients with a low iron had a significantly longer median disease-free survival (DFS) of 89.13 [interquartile range (IQR): 66.88–117.38] months and median overall survival (OS) of 92.85 (IQR: 68.83–117.38) months than those in the high-iron group (median DFS: 75.25, IQR: 39.76–105.70 months, P = 0.015; median OS: 77.17, IQR: 59.38–110.28 months, P = 0.015). Univariate and multivariate Cox analysis demonstrated the serum iron level to be an independent predictor for DFS and OS. Then, a prognostic nomogram incorporating the serum iron level, T stage and N stage was developed for individualized prognosis predictions. It had good discriminative ability with a C-index of DFS (0.729; 95% CI 0.666–0.792) and OS (0.739; 95% CI 0.666–0.812), respectively. Furtherly, we validated the predictive model in the SYSUCC-001 cohort, which also showed excellent predictive performance with a C-index of DFS (0.735; 95% CI 0.614–0.855) and OS (0.722; 95% CI 0.577–0.867), respectively. All these suggested that the serum iron level might be a potential prognostic biomarker for patients with early-stage TNBC, the predictive model based on it might be served as a practical tool for individualized survival predictions.
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INTRODUCTION

Triple-negative breast cancer (TNBC), lacking the expression of estrogen receptor (ER), progesterone receptor (PR), and human epidermal growth factor receptor 2 (HER-2), accounts for about 10–15% and is the most aggressive molecular subtype of all breast tumors (Sung et al., 2021; Wang et al., 2021). Due to its invasiveness, early relapse, strong heterogeneity and limited therapeutic options, TNBC patients usually have distant metastasis at the diagnosis and worse long-term clinical outcomes compared with patients with other subtypes of breast cancer (Gadi and Davidson, 2017; Vagia et al., 2020). In recent years, advances in the landscape of diagnosis and treatment have elicited survival benefits for patients with TNBC. Nevertheless, TNBC remains a huge threat to life due to its recurrence and relatively high mortality (Dent et al., 2007; Bianchini et al., 2016; Garrido-Castro et al., 2019). Thus, identification of novel, accurate biomarkers, and exploration of individualized therapeutic targets for women with TNBC is very necessary.

Iron is a critical trace element for the activity of many proteins and enzymes. Iron is involved in cell respiration, oxygen transport, energy metabolism, DNA repair, and different signaling pathways (Torti et al., 2018). It is essential for human health, but excess iron or iron overload due to disorders of iron metabolism can induce severe toxicity even tumorigenesis in humans (Wu et al., 2004; Adams, 2015).

Increasing studies have demonstrated an association between consumption of red meat, intake of heme iron, or dietary intake of iron and initiation of breast cancer (Ferrucci et al., 2009; Guo J. et al., 2015; Inoue-Choi et al., 2016). Also, dysregulation of systemic iron homeostasis is a risk factor for the initiation, growth, progression, and metastasis of tumor cells (Bingham et al., 2002; Radulescu et al., 2012; Guo et al., 2015). Besides, iron accumulation has an important role in multiple cell-death pathways, including iron-dependent cell death, i.e., ferroptosis, which suggests a potential therapeutic target to inhibit tumor development in cancer patients (Dixon et al., 2012; Basuli et al., 2017). Several preclinical/clinical studies have explored the anti-tumor activity and safety of depleting iron overload in tumors by means of iron chelators (Nutting et al., 2009; Yamasaki et al., 2011; List et al., 2012; Neufeld et al., 2012; Kalinowski et al., 2016). Targeting an increased iron level instead of iron chelators could also be a novel treatment option (Stockwell et al., 2017; von Hagens et al., 2017). Usually, researchers obtain values for iron by measuring circulating levels of iron-bound proteins (e.g., transferrin, ferritin) (Hambidge, 2003; Fonseca-Nunes et al., 2014; Morales and Xue, 2021). However, direct measurement of iron is more accurate to reflect the iron level in the body, but is poorly understood.

Thus, we explored the association between the baseline serum iron level at the diagnosis and clinical prognosis of women with early-stage TNBC. We aimed to establish a model on basis of direct measurement of the serum iron level for individualized prognosis predictions and treatment guidance.



MATERIALS AND METHODS


Study Design and Patient Eligibility

We retrospectively analyzed the prognostic value of the serum iron level in women newly diagnosed with TNBC between September 2005 and October 2016 at Sun Yat-sen University Cancer Center (SYSUCC) in Guangzhou, China. Approval for our study protocol was obtained from the Ethics Committees of SYSUCC (2021-FXY-140). The requirement for written informed consent from patients were waived due to the retrospective nature of our study. We processed all personal data anonymously following the Helsinki Declaration 1964 and its later amendments.

The inclusion criteria were: (i) age ≥ 18 years; (ii) breast cancer diagnosed by pathology; (iii) hormone receptor-negative [<1% or 0 by immunohistochemical (IHC) staining in nuclei] according to American Society of Clinical Oncology (ASCO)/College of American Pathologists (CAP) guideline (Allison et al., 2020) and HER2-negative (scored as 0, 1 +, or 2 + by IHC analyses without amplification of the ERBB2 gene on fluorescence in situ hybridization) disease; (iv) patients were restaged at T1-4N0-3M0 according to the seventh version of the American Joint Committee on Cancer (AJCC 2010); (v) complete clinicopathological information and blood samples obtained within 1 week of the diagnosis.

Patients were excluded if they met the following criteria: (i) local relapse or distant metastasis at the diagnosis (i.e., brain, lung, bone, liver); (ii) pregnancy; (iii) previous malignancy including breast cancer; (iv) severe or uncontrolled complications.



Data Collection and Measurement of Serum Iron Level

We retrieved the clinicopathological information of enrolled patients from the electronic medical records system of SYSUCC. We obtained their blood samples within 1 week of initiation of any anti-cancer treatment from the Tumor Resource Library of SYSUCC. Measurement of the serum iron level of participants was conducted using the Iron (Fe) Assay Kit (PAESA Chromogenic Method) of the Cobas 8000 system (Roche Diagnostics, Basel, Switzerland).



Follow-Up and Endpoints

Follow-up data were obtained using the outpatient electronic records of SYSUCC or telephone interviews. Patients were evaluated every 3 months within 2 years of the diagnosis, then every 6 months until 5 years and, subsequently, annually. The assessment comprised routine hematology and laboratory tests, menopausal status, ultrasound (breast, abdomen) or computed tomography. Radiography and bone scintigraphy were undertaken annually.

The primary endpoint was disease-free survival (DFS), which was defined as the time from the diagnosis to the first disease progression or death due to any cause. The second endpoint was overall survival (OS), which was defined as the time from the diagnosis to death due to any cause.



Statistical Analysis

Age is shown as the median with interquartile range (IQR). Categorical variables are listed as frequencies with percentages. The cutoff for the serum iron level was determined by maximally selected rank statistics using the “maxstat” plugin (R Institute of Statistical Computing, Vienna, Austria). We stratified patients with early-stage TNBC into low- and high-iron groups. Survival curves of these two groups were estimated by the Kaplan–Meier method and compared using the log-rank test. If P < 0.05 was achieved in the univariate Cox regression model, factors could be analyzed further in the multivariate Cox proportional hazards analysis. Factors were examined according to the Schoenfeld residuals (Wileyto et al., 2013), and their corresponding hazard ratios with 95% confidence interval (CIs) were estimated. Subsequently, a prognostic nomogram incorporating the serum iron level with other independent clinicopathological indicators was developed. The discrimination performance of the predictive nomogram was assessed by the Concordance Index (C- index), calibration curves, and time-dependent receiver operating characteristic (ROC) curves in the training cohort and validation (SYSUCC-001) cohort. P < 0.05 (two-sided) was considered significant. Statistical analyses were conducted using R 4.0.1.



RESULTS


Patients Clinicopathologic Characteristics in the Training Cohort

After excluding 75 women due to incomplete data (30 without the Ki67 Index; 38 without the histology grade; four without lymphovascular invasion; three without the T stage). Finally, a total of 358 patients with early-stage TNBC were eligible: 272 in the training cohort and 86 in the SYSUCC-001 cohort. The clinicopathological characteristics of patients are listed in Table 1.


TABLE 1. Characteristics of eligible patients.

[image: Table 1]In the training cohort, the median age was 48.0 (IQR 41.0–49.2) years. A total of 174 (63.8%) women were premenopausal and 98 (36.2%) were postmenopausal. Most patients (76.8%) had Ki-67 Index ≥ 30%. Also, 92 (33.8%), 151 (55.5%), 23 (8.5%), and 6 (2.2%) patients had a pathological stage of T1, T2, T3, and T4, respectively. In addition, 156 (57.4%) had the N0 stage, whereas N1, N2, and N3 stages accounted for 63 (23.2%), 28 (10.3%), and 25 (9.1%), respectively.



Optimal Cut-Off Value of Serum Iron Level in the Training Cohort

We defined 17.84 μmol/L as the optimal cutoff of the serum iron level to stratify patients into two different iron groups according to maximally selected rank statistics (Figure 1). Eighty-eight (32.4%) women were classified into the high-iron group with serum iron > 17.84 μmol/L, and the other 184 (67.6%) patients had serum iron ≤ 17.84 μmol/L (Table 1).
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FIGURE 1. Definition of the cutoff of 17.84 μmol/L for the serum iron level according to maximally selected log-rank statistics.




Survival Outcomes in the Training Cohort

The median duration of follow-up was 87.10 months. In the training cohort, compared with patients with a low serum iron level, patients with early-stage TNBC in the high-iron group achieved significantly shorter median DFS (89.13, IQR: 66.88–117.38 months vs. 75.25, IQR: 39.76–105.70 months, P = 0.015) (Figure 2A) and median OS (92.85, IQR: 68.83–117.38 months vs. 77.17, IQR: 59.38–110.28 months, P = 0.015) (Figure 2B), respectively.
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FIGURE 2. Survival curves estimated by the Kaplan–Meier method and compared with log-rank tests in different groups of serum iron level in the training cohort. (A) Disease-free survival (DFS) curve. (B) Overall survival (OS) curve. Low iron: ≤ 17.84 μmol/L; high iron: > 17.84 μmol/L.




Development of the Prognostic Model

Table 2 shows results of the univariate Cox analysis for DFS in the training cohort. Variates achieved the predetermined significance (P < 0.05) in the univariate Cox regression model. Hence, age, menopausal status, lymphovascular invasion, T stage, N stage, and serum iron level were entered into the multivariate Cox analysis. The latter demonstrated that the N stage and serum iron level continued to be related significantly to DFS in patients with early-stage TNBC (Figure 3A). Then, a prognostic model incorporating the T stage, N stage, and serum iron level was established to predict DFS individually (Figure 4A).


TABLE 2. Univariate Cox regression analysis of overall survival and disease-free survival in women with breast cancer in the training cohort.
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FIGURE 3. Results of stepwise multivariate Cox models in the training cohort are showed as forest plots. (A) Forest plot of disease-free survival (DFS). (B) Forest plot of overall survival (OS).
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FIGURE 4. Establishment and validation of a model for individualized prediction of disease-free survival (DFS). (A) Nomogram of this predictive model for patients with early-stage triple-negative breast cancer. (B) Calibration plots of 1−, 3−, and 5-year DFS predictions in the training cohort. (C) Calibration plots of 1−, 3−, and 5-year DFS predictions in the SYSUCC-001 validation cohort. (D) Time-dependent receiver operating characteristic (ROC) curves in the training cohort. (E) Time-dependent ROC curves in the SYSUCC-001 cohort.


Age, menopausal status, lymphovascular invasion, T stage, N stage, and serum iron level were recognized as independent predictors of OS for patients with early-stage TNBC (Table 2). Subsequently, the T stage, N stage, and serum iron level continued to be independent indicators for OS in patients with early-stage TNBC according to the multivariate Cox regression model (Figure 3B). On basis of the three independent prognostic factors stated above, we developed a model for individualized prediction of OS (Figure 5A).
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FIGURE 5. Establishment and validation of a model for individualized prediction of overall survival (OS). (A) Nomogram of this predictive model for patients with early-stage triple-negative breast cancer. (B) Calibration plots for predicting OS at 1−, 3−, and 5-year in the training cohort. (C) Calibration plots for predicting OS at 1−, 3−, and 5-year in the SYSUCC-001 validation cohort. (D) Time-dependent receiver operating characteristic (ROC) curves in the training cohort. (E) Time-dependent ROC curves in the SYSUCC-001 cohort.




Evaluation of Predictive Performance of the Prognostic Model

The discriminative accuracy and prognostic ability of the prognostic nomogram of DFS were very good. It achieved a good C-index of 0.729 (95%CI 0.666–0.792) in the training cohort and 0.735 (95%CI 0.614–0.855) in the SYSUCC-001 cohort, respectively. Calibration plots for 1−, 3−, and 5-year DFS showed satisfactory consistency between the actual DFS and nomogram-predicted DFS in the training cohort and SYSUCC-001 cohort (Figures 4B,C). Time-dependent ROC curves suggested that the prognostic value of this nomogram for DFS was much better than that using the traditional tumor-node-metastasis (TNM) staging system in the training cohort (Figure 4D) and SYSUCC-001 cohort, respectively (Figure 4E).

The predictive nomogram of OS also had good discrimination with a satisfactory C Index of 0.739 (95%CI 0.666–0.812) in the training cohort and 0.722 (95%CI 0.577–0.867) in the SYSUCC-001 cohort, respectively. Good agreement between the observed 1−, 3−, and 5-year OS and nomogram-predicted 1−, 3−, and 5-year OS was documented in the calibration plot (Figures 5B,C). Moreover, compared with traditional TNM staging, the prognostic accuracy of this predictive nomogram in OS was more accurate based on the time-dependent ROC curves in the training cohort (Figure 5D) and SYSUCC-001 cohort, respectively (Figure 5E).



DISCUSSION

In this study, we determined a cut-off value of 17.84 μmol/L for the serum iron level to stratify heterogeneous female with early-stage TNBC into low- and high-iron groups according to maximally selected rank statistics. Patients in the high-iron group had a significantly shorter median survival than those in the low-iron group. Multivariate Cox regression analysis revealed that a high serum iron level continued to be an independent predicator of poor survival in patients with early-stage TNBC. Then, a prognostic model combining the serum iron level and two clinicopathological factors (T stage, N stage) was established and represented graphically as a nomogram. The latter showed satisfactory discriminative accuracy and good predictive consistency between the actual survival probability and nomogram-predicted clinical outcome in the training cohort and SYSUCC-001 cohort, respectively.

Iron is essential for the activity or inhibition of various proteins and enzymes involved in many biological processes (Adams, 2015; Torti et al., 2018). However, iron also contributes to oxidative stress, which can result in damage to DNA. Increasing numbers of studies have demonstrated that homeostatic dysregulation of iron metabolism and changes in distribution of iron in serum are found in different types of cancers, including breast cancer (Galaris and Pantopoulos, 2008; Torti et al., 2018). Excess iron or iron overload due to dysregulation of iron homeostasis can promote the development, progression, and metastasis of tumor cells (Bingham et al., 2002; Radulescu et al., 2012; Guo W. et al., 2015).

The main source of biologically available iron comes from dietary intake. More and more studies have explored a positive relationship between the intake of red meat, heme iron, and initiation of breast tumors (Ferrucci et al., 2009; Guo J. et al., 2015; Inoue-Choi et al., 2016). Also, iron accumulation might have a significant role in multiple pathways of programmed cell death, including apoptosis, necroptosis, ascorbate-mediated death, and ferroptosis (Dixon et al., 2012; Basuli et al., 2017; Torti et al., 2018). Therefore, iron chelators, because of depleting iron levels in the body, have been investigated as a potential therapeutic strategy with promising outcomes for cancer patients (Nutting et al., 2009; Yamasaki et al., 2011; List et al., 2012; Neufeld et al., 2012; Kalinowski et al., 2016).

Excess iron can lead to lipid peroxidation, DNA/protein damage, as well as the initiation and progression of tumors (Galaris and Pantopoulos, 2008; Radulescu et al., 2012; Guo W. et al., 2015; Torti et al., 2018). Conversely, the toxicity of iron accumulation can promote lethal damage to tumor cells by peroxidation of membrane lipids, subsequently, contribute to interruption of tumorigenesis and tumor development (Wang et al., 2018; Chang et al., 2019). Hence, iron overload or iron depletion might provide potential targets for anti-tumor treatment. Therefore, exploring the relationship between iron levels in the body and cancer is a rational approach.

Most studies have assessed iron levels in the body by measuring circulating levels of iron-bound proteins (e.g., transferrin, ferritin) (Hambidge, 2003; Fonseca-Nunes et al., 2014; Morales and Xue, 2021). However, this strategy might generate errors in reflecting the actual iron level, and few studies have measured the iron level directly (Torti et al., 2018). In current study, we creatively measured the serum iron level rather than levels of transferrin or ferritin to represent the iron level in the body, and explored the prognostic value of serum iron levels, on which researches remain not to reach a consensus up to date. Feng et al. evaluated trace element levels in serum for patients with different types of cancer, they failed to find a significant difference of serum iron between liver, kidney tumors and normal tissues (Yang et al., 2021). Others researchers demonstrated that, compared with normal cells, tumor cells were more dependent upon iron, and that they remodeled iron-metabolism pathways to acquire, store, and efflux iron during their development and replication (Wang et al., 2018). Patients with cancer suffering from anemia due to cachexia or therapeutic drugs tend to have a low serum iron level. This phenomenon has been explored in several tumor types, including breast cancer (Torti et al., 2018; Yang et al., 2021). In this study, we collected baseline blood samples < 1 week of the diagnosis, and defined an optimal cutoff of 17.84 μmol/L for the serum iron level. Based on the latter, we stratified patients with early-stage TNBC into two groups with significantly different survival outcomes.

Based on classification of the serum iron level, a prognostic model incorporating the serum iron level as well as the traditional T stage and N stage was developed. The common 21-gene recurrence score, 70-gene MammaPrint Assay, and the PAM50 prognostic model are limited to a specific subtype or lymph node-negative breast cancer or patients at high clinical risk from breast cancer with limited predictive accuracy of the C-index (Gnant et al., 2015; Wallden et al., 2015; Ibraheem et al., 2020; Poorvu et al., 2020). Our predictive nomogram was accurate, cost-efficient, convenient, and readily available in hospitals in developing countries. The TNM staging system is used commonly for risk stratification and therapeutic recommendations. However, TNM criteria are based on a limited number of clinical factors, and their discriminative accuracy is limited due to differences between patients (Bareche et al., 2018; Grosselin et al., 2019). According to our time-dependent ROC curves, the predictive accuracy of our prognostic model was higher than that of the traditional TNM staging system in the training cohort and SYSUCC-001 cohort, which suggests that our nomogram might be a potential supplement to the traditional TNM staging system. Besides, except from the TNM staging system, a series of prognostic models based on inflammatory status, tumor marker, stromal tumor-infiltrating lymphocytes, and kinds of gene signature have been explored with C-index ranging 0.69–0.77 (Shi et al., 2019; Yang et al., 2019; Zheng et al., 2020), compared with them, our prognostic models achieved a comparative predictive accuracy, and was more cost-efficient and convenient. As far as we know, our study is the first to propose a predictive model integrating the impact of trace element iron with clinicopathological features. But it should be noted that a further exploration about the preliminary mechanisms is warrant.

Our study had three main limitations. First, a retrospective study will have a selection bias. Nevertheless, we tried our best to enroll all eligible TNBC patients to minimize a selection bias, and validated our prognostic models in a cohort from previous randomized trial SYSUCC-001. Second, we measured only the baseline serum iron level at the diagnosis. It would have been preferable to monitor the dynamic change in the serum iron level during therapy and adjust the therapeutic strategy. Third, we included early-stage TNBC patients only from China. Hence, the availability and predictive accuracy of our prognostic nomogram to women from other geographic regions are required to be warrant in future study.



CONCLUSION

We proposed a cutoff of the serum iron level to stratify patients with early-stage TNBC into high- and low-iron groups. On basis of the serum iron level, we established a predictive model for individualized survival prediction and validated it in the SYSUCC-001 cohort. The prognostic nomogram showed good predictive performance and satisfactory consistency compared with the actual clinical outcome.
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Pancreatic cancer is one of the malignant tumors with the worst prognosis in the world. As a new way of programmed cell death, ferroptosis has been proven to have potential in tumor therapy. In this study, we used the TCGA-PAAD cohort combined with the previously reported 60 ferroptosis-related genes to construct and validate the prognosis model and in-depth analysis of the differences in the function and immune characteristics of different RiskTypes. The results showed that the six-gene signature prognostic model that we constructed has good stability and effectiveness. Further analysis showed that the upregulated genes in the high-risk group were mainly enriched in extracellular matrix receptor-related pathways and other tumor-related pathways and the infiltration of immune cells, such as B, T, and NK cells, was suppressed. In short, our model shows good stability and effectiveness. Further studies have found that the prognostic differences between different RiskTypes may be due to the changes in the ECM-receptor pathway and activation of the immune system. Additionally, ICI drugs can treat pancreatic cancer in high-risk groups.
Keywords: pancreatic cancer, ferroptosis, prognostic, immune, ECM
INTRODUCTION
Pancreatic adenocarcinoma (PAAD) is one of the most aggressive and malignant tumors in humans. The prognosis of PAAD patients is inferior, with a median survival time of less than 6 months (Maisonneuve, 2019). Although pancreatic cancer is not common, owing to its high mortality rate, PAAD has become the seventh leading cause of cancer-related death worldwide, and the incidence of PAAD increases yearly (Rahib et al., 2014; Guarneri et al., 2019). Although surgical treatment, radiotherapy, and chemotherapy have made significant progress in decades, the prognosis of PAAD patients is still not optimistic because the molecular mechanism of this cancer has not been studied clearly (Jeune et al., 2019; Springfeld et al., 2019). Therefore, it is urgent to explore the pathogenic mechanism of PAAD from the molecular and genetic level and to find new therapeutic targets.
Ferroptosis is a new type of iron-dependent programmed cell death that is different from apoptosis, necrosis, and autophagy (Dixon et al., 2012). The primary mechanism of ferroptosis is that under the action of divalent iron or esteroxygenase, unsaturated fatty acids highly expressed on the cell membrane undergo liposomal peroxidation, thereby inducing cell death (Stockwell et al., 2017; Hassannia et al., 2019). Because of the unique role of ferroptosis in controlling programmed cell death, the role of ferroptosis in cancer and cancer treatment has been intensively investigated (Yuan et al., 2016; Liang et al., 2019). Studies have reported that the depletion of the intracellular iron storage prevents the oxidative stress induced by sorafenib in HCC cells, thus affecting the antitumor effect of sorafenib (Louandre et al., 2013; Louandre et al., 2015). Additionally, Sun et al. proved that heat shock protein β-1 (HSPB1) is a negative regulator of ferroptosis in cancer cells. Heat shock pretreatment and HSPB1 overexpression inhibited erastin-induced ferroptosis. In short, the unique role of ferroptosis in cancer is widely accepted by researchers (Friedmann Angeli et al., 2019). Dozens of genes related to ferroptosis have been identified (Louandre et al., 2015; Sun et al., 2016). However, the overall role of these genes in the progression of PAAD and their effect on prognosis are still unclear.
This study collected 60 ferroptosis-related genes (FRGs) previously reported in the literature and used the TCGA-PAAD cohort to construct a prognostic model of FRGs. A validation of internal and external datasets confirms the validity and stability of our model. Subsequently, various functional enrichment analyses were conducted to determine the underlying mechanism of the ferroptosis gene in PAAD. Additionally, we analyzed immune differences in models and explored the role of immunity in the differential prognosis caused by ferroptosis. Thus, we believe that this study plays a unique role in fully understanding the role of FRGs in PAAD and finding potential therapeutic targets.
MATERIALS AND METHODS
Source of Expression Profile Data
The latest RNA-Seq data and clinical follow-up information were from the TCGA-PAAD cohort, and the download time was January 30, 2021. The GEO data were downloaded from Gene Expression Omnibus (GEO). GSE57495 and GSE71729 chip datasets with survival time were selected. The download time was January 30, 2021.
Data Preprocessing
We processed the RNA-Seq data of TCGA-PAAD in the following steps:
1) Remove samples without clinical follow-up information, 2) remove samples without survival time, 3) remove samples without survival status, 4) convert Ensembl to gene symbol, and 5) take the median expression of genes with multiple gene symbols.
The following steps were processed for the GEO dataset:
1) Remove samples without clinical follow-up information, 2) remove samples without survival time and survival status, 3) convert the probe to gene symbol, 4) if one probe corresponds to multiple genes, remove the probe needle, and 5) take the median expression of genes with multiple gene symbols.
After preprocessing the three sets of data, we obtained 176 samples in TCGA-PAAD, 123 samples in the GSE71729 dataset, and 63 samples in GSE57495.
Construction of a Prognostic Risk Model Based on Ferroptosis-Related Gene
We divide the 176 samples in TCGA-PAAD into a training set and validation set. To avoid the bias of random allocation affecting the stability of subsequent modeling, we prerandomize all samples 100 times without replacement and proceed according to the ratio of the training set: validation set = 1:1. The most suitable training set and validation set were selected according to the following conditions: 1) The two groups were similar in age distribution, gender, follow-up time, and the proportion of patient deaths; 2) after clustering the gene expression profiles of the two randomly grouped datasets. The number of samples in the two categories is close. Finally, we determined the best training set (n = 88) and validation set (n = 88). The sample information of the training set and the validation set was tested using the chi-square test (Table 1). The results showed that our grouping was reasonable, and there was no significant difference between the groups (p > 0.05). Subsequently, the single-factor and LASSO analysis of the training set was conducted. On the basis of the risk score, we constructed a risk model.
TABLE 1 | Differences in clinical characteristics between training set and validation set.
[image: Table 1]Functional Enrichment Analysis
Differentially expressed genes were determined on the basis of the limma package. KEGG pathway analysis and GO functional enrichment analysis were conducted using R software package WebGestaltR (v.0.4.2), and the Gene set enrichment analysis (GSEA) analysis was based on the R software package GSVA for a single sample. GSVA is a popular R package, which was extensively utilized in cancer-related studies (Liu et al., 2021a; Liu et al., 2021b). All steps are shown in Supplementary Figure S1.
RESULTS
Identification of Differentially Expressed FRGs With Prognostic Differences
We collected existing literature on ferroptosis and obtained 60 FRGs (Supplementary file S1) (Stockwell et al., 2017; Bersuker et al., 2019; Doll et al., 2019; Hassannia et al., 2019). Subsequently, for each FRG, the training set and survival data were used to construct a univariate Cox proportional hazard regression model using the R package survival coxph function, and p < 0.05 was considered a significant difference. As a result, seven differentially expressed FRGs with prognostic significance were identified: CD44, FANCD2, MT1G, PTGS2, SAT1, TFRC, and STEAP3.
Regression Analysis of Least Absolute Shrinkage and Selection Operator
The above seven genes were identified as related to the prognosis of PAAD patients. To further screen for key genes associated with the development and prognosis of PAAD, LASSO regression analysis was used to screen the above seven FRGs using the R software package “glmnet.” The trajectory of the coefficient of each gene with a value of −ln (lambda) is shown in Figure 1A. With the gradual increase in the lambda value, the number of coefficients of FRGs tending to 0 also gradually increased. We built the model by fivefold cross-validation, and the confidence interval under each lambda is shown in Figure 1B. The model was optimal when lambda = 0.033. Thus, we chose six genes when lambda = 0.033 as the model’s gene signature. Multifactor COX analysis on six genes was performed, and it calculated the risk coefficient of each gene and obtained the risk score calculation formula as follows:
[image: image]
[image: Figure 1]FIGURE 1 | LASSO based on ferroptosis-related genes and prediction effect in the training set. (A) The changing trajectory of each independent variable; the horizontal axis represents the log value of the independent variable lambda, and the vertical axis represents the coefficient of the independent variable. (B) The confidence interval of each lambda. (C) RiskScore, survival time and status, and six-gene expression trend in the training set. (D) ROC curve of the prognostic model. (E) KM survival curve of the six-gene signature model in the training set.
Construction of a Prognostic Model Based on LASSO
We calculated the risk score of each sample based on the expression levels of the six genes identified by LASSO and plotted the distribution of risk scores (Figure 1C). Most samples in the training set had high-risk scores. The distribution of the survival status also showed that higher risk scores were associated with more death events. Interestingly, as the risk score increased, the expression levels of these six genes had a significant upward trend. Combined with the above formula, these results verified the tumor-promoting effect of FRGs in PAAD and the effectiveness of the six genes that we screened.
Further, we used the R software package timeROC to perform ROC analysis of prognostic predictions on the risk scores of the training set. The classification efficiency of prognostic predictions of 1, 2, and 3 years was analyzed (Figure 1D). The prediction performance of the classification model reached 0.66 (1 year), 0.78 (2 years), and 0.77 (3 years), which shows that our model had good classification performance.
To verify further the effectiveness of our model, we performed Z-score on risk score, divided the training set samples into high-risk groups (risk score >0) and low-risk groups (risk score <0), and showed the survival curve between the groups (Figure 1E). The results showed that the high-risk group had a significantly lower survival probability (p = 0.00076).
The Validation Set in TCGA Verifies the Robustness of the Prognostic Model
To verify the robustness of the six-gene signature model, we calculated the risk score of each sample in the TCGA verification set based on the same model and coefficients as the training set and plotted the RiskScore distribution. Similar to the training set, higher risk scores correspond to more death events. The expression trends of these six genes were consistent with the training set (Figure 2A). ROC analysis showed that the model’s 1-, 2-, and 3-years AUCs in the validation set were 0.62, 0.6, and 0.79, respectively (Figure 2B). Finally, the prognosis of the high-risk group was significantly worse than that of the low-risk group (p = 0.036, Figure 2C).
[image: Figure 2]FIGURE 2 | Validation of the prognostic model of the internal dataset. (A) RiskScore, survival time and status, and six-gene expression trend in the validation set. (B) ROC curve of the prognostic model in the validation set. (C) KM survival curve of the six-gene signature model in the validation set. (D) RiskScore, survival time and status, and six-gene expression trend in all sample sets (TCGA, 176 samples). (E) ROC curve of the prognosis model in all samples. (F) KM survival curve of the six-gene signature model in all samples.
We verified the above results in all samples of the TCGA-PAAD cohort. As we expected, as the risk score increased, the deaths of patients increased, and the expression levels of the six signature genes increased consistently (Figure 2D). The 1-, 2-, and 3-years AUCs of this model in all samples were 0.66, 0.69, and 0.77, respectively, showing an excellent long-term survival rate prediction (Figure 2E). The prognosis of the high-risk group was significantly worse than that of the low-risk group (p = 0.0032, Figure 2F). 106 samples were classified as high-risk groups, and 70 samples were classified as low-risk groups.
External Dataset Verifies the Robustness of the Six-Gene Signature Model
To determine further the validity and stability of our model, we conducted model verification on the GSE57495 and GSE71729 datasets. All parameters and tools were consistent with those in the training set. The RiskScore distribution of the independent verification dataset GSE57495 is shown in Figure 3A. Like the TCGA-PAAD cohort, most samples have high-risk scores, and these high-scoring samples have more death events and higher expression of the six signature genes. ROC analysis showed that the 1-, 2-, and 3-years AUCs of this model in GSE57495 were 0.55, 0.57, and 0.83, respectively, showing a good long-term survival prediction performance (Figure 3B). Survival analysis showed that consistent with the above results, there was a significant prognostic difference between the two groups (Figure 3C).
[image: Figure 3]FIGURE 3 | Validation of the prognostic model of the external dataset. (A) RiskScore, survival time and status, and six-gene expression trend in GSE57495. (B) ROC curve of prognosis model 1, 2, and 3 years. (C) KM survival curve of the six-gene signature model in GSE57495. (D) RiskScore, survival time and status, and six-gene expression trend in GSE71729. (E) ROC curve of prognosis model 1, 2, and 3 years. (F) KM survival curve of the six-gene signature model in GSE71729.
Subsequently, we conducted the above analysis in the GSE71729 dataset. The analysis results showed that the survival status of PAAD patients had an obvious relationship with the risk score, and the expression trends of the six signature genes have a strong consistency (Figure 3D). ROC analysis indicated that the 1-, 2-, and 3-years AUCs in the GSE71729 dataset were 0.7, 0.65, and 0.6, respectively (Figure 3E). Meanwhile, the survival analysis of the high-risk group and the low-risk group also showed significant differences. Like the performance in other datasets, the prognosis of the high-risk group was significantly worse (Figure 3F). However, most patients in this dataset had low-risk scores, perhaps due to the batch effect.
Correlation Between Risk Score and Clinical Characteristics
To explore further the characteristics of the risk score, we conducted an exploratory analysis of the risk score and clinical features. The results showed that there was no significant relationship between the risk score and T stage, M stage, gender, and age, and patients with different N stage, Stage, and grade have significantly different risk scores (Figures 4A–G). There was a clear trend here: higher risk scores were associated with a higher stage, and more differentiated samples have higher risk scores. Stage III and Grade 4 are inconsistent with other stages mainly because of the small sample size of these two stages, which results in large deviations.
[image: Figure 4]FIGURE 4 | Correlation between RiskScore and clinical characteristics, and single-factor and multifactor analysis. (A) Correlation between RiskScore and T. stage. (B) Correlation between RiskScore and N. stage. (C) Correlation between RiskScore and M. stage. (D) Correlation between RiskScore and Stage. (E) Correlation between RiskScore and Grade. (F) Correlation between RiskScore and Gender. (G) Correlation between RiskScore and Age. (H) Clinical features and RiskScore’s single-factor analysis results. (I) Clinical features and RiskScore’s multivariate analysis results.
Single-Factor and Multivariate Analysis of Six-Gene Signature
To identify the independence of the six-gene signature model in clinical application, we performed single-factor and multifactor Cox regression analysis based on the clinical follow-up information of the TCGA database. These clinical indicators include age, gender, T stage, N stage, M stage, stage, grade, and our RiskType grouping information. Single-factor cox analysis results showed that T stage, N stage, and RiskType (p = 0.004, HR = 1.95) were significant risk factors for prognosis (Figure 4H). Multifactor Cox regression analysis showed that RiskType was an independent risk factor for prognosis (p = 0.01, HR = 1.52, Figure 4I). The above results indicate that our model has good predictive power in predicting the clinical prognosis of PAAD patients.
Identification of Differentially Expressed Genes and Functional Enrichment Analysis
We identified DEGs between the groups to understand the underlying mechanism of high- and low-risk groups with different prognoses. A total of 1,287 upregulated genes and 42 downregulated genes were identified in the high-risk group (Figure 5A). DEGs in the high-risk group were mainly upregulated expressed genes.
[image: Figure 5]FIGURE 5 | Functional enrichment analysis between RiskTypes. (A) Volcano plot of differentially expressed genes between high- and low-risk groups; the red dots represent upregulated genes in the high-risk group. (B) Top 10 BP terms of differentially upregulated genes between RiskTypes. (C) Top 10 CC terms of differentially upregulated genes between RiskTypes. (D) Top 10 MF terms of differentially upregulated genes between RiskTypes. (E) Top 10 KEGG pathways of differentially upregulated genes between RiskTypes.
Subsequently, functional enrichment analysis on DEGs was performed using the R software package WebGestaltR (v0.4.2). With FDR <0.05 as the threshold, 1057 GO terms were annotated to biological processes (BP), 62 terms were annotated to molecular functions (MF), and 126 terms were annotated to cellular components (CC). The results showed that multiple pathways related to cell migration and tumor progression were enriched, including angiogenesis and epidermal development. Interestingly, pathways such as cell–cell and cell–substrate junctions were enriched in multiple categories. This may mean that the connection between tumor cells and cells or tissues is disturbed, which affects the tumor’s ability to migrate. Additionally, KEGG pathway enrichment analysis results showed that tumor-related pathways such as ECM-receptor interaction, focal adhesion, and PI3K-Akt signaling pathway were significant. We respectively showed the 10 most significantly enriched terms in each category (Figures 5B–E).
GSEA of DEGs
We performed GSEA on the high-risk and low-risk groups, and the thresholds for the enrichment pathway selection were p < 0.05 and FDR <0.25 (Figure 6A). As we expected, multiple tumor-related pathways were enriched in the high-risk group, such as MISMATCH_REPAIR, NOTCH_SIGNALING_PATHWAY, CELL_CYCLE, and PANCREATIC_CANCER, which may imply that the poor prognosis of the high-risk group was a combination of multiple tumor pathways.
[image: Figure 6]FIGURE 6 | RiskScore-related pathways and GSEA results. (A) GSEA results between high-risk and low-risk groups. (B) Clustering correlation coefficients between the KEGG pathway and RiskScore with correlation >0.5.
Gene Expression Difference in Tumor-Related Pathways Between Groups
Furthermore, we performed a single-sample GSEA on the TCGA-PAAD cohort samples and calculated the ssGSEA score of each sample on different pathways. Correlation analysis of ssGSEA and risk scores was performed, and pathways with a correlation coefficient >0.5 were displayed (Figure 6B). A total of 32 pathways were screened, of which the ssGSEA of 29 pathways was positively correlated with the risk score, and the remaining three pathways were negatively correlated with the risk score. After consulting related literature, we found that multiple tumor-related pathways, including KEGG_PROSTATE_CANCER, KEGG_ECM_RECEPTOR_INTERACTION, and KEGG_FOCAL_ADHESIO, increased with the increase of RiskScore score whereas KEGG_SNARE_INTERACTIONS_IN_VESICULAR_TRANSPORT, KEGG_OLFACTORY_TRANSDUCTION, and KEGG_CARDIAC_MUSCLE_CONTRACTION had an opposite trend. Interestingly, the ECM-receptor pathway has been identified in multiple functional enrichment analyses. The expression of related genes in this pathway tended to increase as the risk score increased. Thus, the ECM-receptor pathway may be potentially linked to FRGs.
Differences in Immune Infiltration Between Groups
To explore the differences in immune infiltration between the high-risk and low-risk groups that we identified, we assessed the differences in overall immune infiltration and immune cells using ESTIMATE, MCPcounter, and CIBERSORT tools. The results showed no significant differences in Stromal Score, Immune Score, and ESTIMATE Score between groups (Figure 7A). However, in the MCP method, monotypic lineage and neutrophils were significantly increased in the high-risk group (p < 0.05), which implies that the high-risk group has a stronger inflammatory response (Figure 7B). In the results of CIBERSORT, native B cells, activated NK cells, and Tregs infiltrate in the high-risk group were lower than those in the low-risk group, which implies that compared to low-risk group, the specific and nonspecific immune responses of the high-risk group were suppressed (Figure 7C).
[image: Figure 7]FIGURE 7 | Differences in immune infiltration characteristics between RiskTypes. (A) Differences in Stromal Score, Immune Score, and ESTIMATE Score among RiskTypes. (B) Differences in 10 immune cells assessed by MCPcounter among RiskTypes. (C) The difference of 22 immune cell scores between RiskTypes using COBERSORT. (D) Differences in immune checkpoint genes between high- and low-risk groups.
Subsequently, we compared the expression differences in some immune checkpoints in the high- and low-risk groups. As we expected, almost all immune checkpoint genes were upregulated in the high-risk group. CD274, CD276, CD44, CD80, IDO1, and PDCD1LG2 had significant statistical differences (Figure 7D). This indicates that immune checkpoint-related pathways play an essential role in the poor prognosis of the high-risk group, suggesting that immune checkpoint inhibitors (ICIs) are effective for this type of pancreatic cancer.
Comparison of Risk Models and Existing Models
To verify further the effectiveness of our model, by consulting relevant literature, we compared the predictive performance of three prognostic-related risk models (seven-gene signature (Cheng), six-gene signature (Stratford), and nine-gene signature (Xu)) and our model. To make the models comparable, we calculated the Z-score risk score of each PAAD sample based on the signature genes in these three models using the same method and divided the samples into the high-risk (risk score >0) and low-risk (risk score <0) groups. The ROC results of the seven-gene signature (Cheng) risk model showed that the 1-, 2-, and 3-years AUCs of the model were 0.72, 0.68, and 0.68, respectively (Figure 8A) (Cheng et al., 2019). The AUCs of the six-gene signature (Stratford) risk model were 0.61, 0.67, and 0.73, respectively (Figure 8C), and the AUCs of the nine-gene signature (Xu) risk model were 0.67, 0.69, and 0.74, respectively (Figure 8E) (Stratford et al., 2010; Xu et al., 2021). The prognosis of the three models is significantly different between the groups (Figures 8B,D,F). We found that the 1-, 2-, and 3-years AUCs of these three models on the TCGA data were lower than those of our model, indicating that our model had a good predictive performance.
[image: Figure 8]FIGURE 8 | Comparison of the risk model and existing model. (A–B) ROC of seven-gene signature (Cheng) risk model and KM curve of high/low RiskTypes (Cheng). (C–D) ROC of the six-gene signature (Stratford) risk model and KM curve of high/low RiskTypes. (E–F) ROC of the nine-gene signature (Xu) risk model and KM curve of high/low RiskTypes.
DISCUSSION
Owing to the unique cell death mechanism of ferroptosis and its potential therapeutic prospects in cancer, ferroptosis has attracted the attention of many researchers (Yang et al., 2014; Conrad et al., 2016). Although the execution of ferroptosis requires the oxidation of polyunsaturated fatty acids, the underlying mechanism of the sensitivity of carcinogenic mutations and other noncarcinogenic cancer-related states to ferroptosis remains largely unclear. The latest research suggests that the tumor suppressor genes p53 and BCRA may be associated with increased sensitivity to ferroptosis (Li et al., 2012; Jiang et al., 2015; Wang et al., 2016). Additionally, Liu et al. found that in clear cell renal cell carcinoma, the deletion of the von-Hippel-Lindau gene makes this type of tumor sensitive to ferroptosis caused by glutathione depletion (Yang et al., 2014; Miess et al., 2018). Additionally, reports have pointed out that ferrophilic cancer cells may release immunomodulatory signals, such as lipid mediators, to attract immune cells, such as macrophages, for effective phagocytosis (Elliott and Ravichandran, 2016; Kloditz and Fadeel, 2019; Liu et al., 2021c). Although we have made positive progress in the mechanism that drives ferroptosis, ferroptosis in tumors and its regulatory mechanism are still contradictory (Friedmann Angeli et al., 2019). It is necessary to identify further the difference between ferroptosis that inhibits tumor growth and ferroptosis that drives cancer progression.
In this study, we used the TCGA-PAAD cohort to perform univariate cox regression combined with the previously reported 60 FRGs and identified seven prognostic-related ferroptosis genes. Subsequently, the LASSO algorithm was used to reduce dimensionality and construct a six-gene signature prognostic model. We verified the effectiveness of the model in the training set, the validation set, and all samples. The model’s long-term prognosis predicted that AUC reached 0.79. Additionally, to verify the stability of the model on different sequencing platforms, we confirmed it in GSE57495 and GSE71729. The results showed that whether it is an internal dataset or an external dataset, the model showed convincing stability and effectiveness. Subsequently, we analyzed the correlation between different risk groups and clinical characteristics. There were significant differences in N stage, Stage, and Grade between the risk groups. Additionally, there was a trend that the high-risk group has a higher degree of differentiation. Both univariate and multivariate COX regression analyses showed that RiskType was significantly related to prognosis. To validate further the prognostic model, three pre-existing PAAD prognostic models were compared with our model. The 1-, 3-, and 5-years AUCs of these three models on the same dataset were lower than those of our model. This also verifies that our model has prognostic prediction ability.
Further functional enrichment analysis showed that the ECM-receptor pathway and the cell–cell and cell–matrix connection pathways were enriched by multiple categories. The extracellular matrix (ECM) is composed of a complex mixture of structural and functional macromolecules and plays a vital role in the formation of tissues and organs and the maintenance of the structure and function of cells and tissues (Mohan et al., 2020). Cells interact with ECM through ECM receptors to control cell migration, differentiation, and apoptosis (Eble and Niland, 2019; Mohan et al., 2020). A study by Brown et al. found that ECM detachment is an essential factor in triggering the ferroptosis of cancer cells (Buchheit et al., 2014; Brown et al., 2017; Dixon, 2017). The activation of Src mediated by α6β4 contributes to resistance to ferroptosis. In the absence of α6β4, cell ECM detachment is prone to ferroptosis. Our research results corroborate this conclusion. However, there is also evidence that ECM detachment can increase intracellular reactive oxygen species (ROS) and cause ROS-dependent cell death (Schafer et al., 2009). It is essential to determine the difference between apoptosis and ferroptosis, which may determine the outcome of the cell, which requires more rigorous experiments.
Additionally, ferroptosis regulates the antitumor response of the immune system. There is evidence that different types of ferritic cancer cells can release HMGB1, a damage-related molecule, in a ferroptosis-dependent manner, and can then obtain the characteristics of immune stimulation and act as an adjuvant (Yamazaki et al., 2014; Yu et al., 2015; Wen et al., 2019). This molecule can promote the activation of innate and adaptive immune systems by binding with pattern recognition receptors. This conclusion is consistent with our research results (Liu et al., 2021d). We found that various immune cells, including B cells, helper T cells, and NK cells, were upregulated in the low-risk group. This implied that compared to the high-risk group, samples from the low-risk group could activate the specific and non-specific immune systems through the above pathways, then stimulate the anti-tumor response of immune system. Interestingly, we found a significant difference in the expression of immune checkpoints between the high-risk group and the low-risk group. Almost all immune checkpoint genes were upregulated in the high-risk group. This may mean that pancreatic cancer in the high-risk group suppresses the immune response by “hijacking” the immune checkpoint pathway to obtain immune escape (Liu et al., 2021e). This suggests that ICIs is an effective treatment for this type of pancreatic cancer with a worse prognosis.
Although many studies have explored the mechanism of ferroptosis and the biological processes that it causes, it cannot be ignored that ferroptosis is a kind of programmed cell death induced by multifactorial stress. We should explain this phenomenon from multiple perspectives. In our pancreatic cancer research, FRGs are involved in various tumor-related pathways. The differential prognosis of our model is the result of multiple tumor-related pathways, including the ECM-receptor pathway and tumor immune regulation. These results lay the foundation for further exploration of the role and mechanism of ferroptosis in pancreatic cancer.
CONCLUSION
We constructed a six-gene signature prognostic model based on FRGs. After extensive verification, this model has been proven to be stable and effective in predicting the prognosis of pancreatic cancer. Further research showed that the prognostic differences between different RiskTypes may be due to the changes in the ECM-receptor pathway and activation of the immune system. ICI drugs can treat pancreatic cancer in the high-risk group in our model.
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Background: Vitamin D deficiency associates with high risk of breast cancer (BRCA) and increased cellular iron. Vitamin D exerts some of its anti-cancer effects by regulating the expression of key iron regulatory genes (IRGs). The association between vitamin D and cellular iron content in BRCA remains ambiguous. Herein, we addressed whether vitamin D signaling exerts a role in cellular iron homeostasis thereby affecting survival of breast cancer cells.

Methods: Expression profile of IRGs in vitamin D-treated breast cancer cells was analyzed using publicly available transcriptomic datasets. After treatment of BRCA cell lines MCF-7 and MDA-MB-231 with the active form of vitamin D, labile iron content, IRGs protein levels, oxidative stress, and cell survival were evaluated.

Results: Bioinformatics analysis revealed several IRGs as well as cellular stress relates genes were differentially expressed in BRCA cells. Vitamin D treatment resulted in cellular iron depletion and differentially affected the expression of key IRGs protein levels. Vitamin D treatment exerted oxidative stress induction and alteration in the cellular redox balance by increasing the synthesis of key stress-related markers. Collectively, these effects resulted in a significant decrease in BRCA cell survival.

Conclusion: These findings suggest that vitamin D disrupts cellular iron homeostasis leading to oxidative stress induction and cell death.

Keywords: vitamin D, breast cancer, iron, oxidative stress, cell death


INTRODUCTION

It is well-established that potent forms of vitamin D, mainly 1,25-dihydroxycholecalciferol, play important roles in human development and physiology, especially in bone metabolism and the regulation of calcium and phosphorus levels. Moreover, numerous studies elaborated that vitamin D has a role in the development, progression, and treatment of numerous disease states including cardiovascular diseases, autoimmunity, and cancer (Jeon and Shin, 2018). Previous work showed that deficiency of vitamin D is highly associated with a high risk of breast cancer (BRCA) development (Eliassen et al., 2016; Iqbal and Khan, 2017) as it has anti-neoplastic effects against the disease (Eliassen et al., 2016). It was previously reported that there is a strong negative correlation between vitamin D levels and BRCA incidence in postmenopausal women (Abbas et al., 2009; Edlich et al., 2009). Moreover, patients with BRCA were shown to have lower vitamin D levels relative to healthy individuals (Hatse et al., 2012). When the level of vitamin D in BRCA patients is < 20 ng/mL, it is often associated with poor prognosis, metastasis (>90% of cases), and death (>70% of cases) (Imtiaz et al., 2012). Vitamin D and its mechanism of action as an anti-cancer agent were supported by different studies (Honma et al., 1983; Krishnan et al., 2012; Miseta et al., 2015). For example, it was reported that vitamin D can upregulate the expression of p21WAF 1/Cip 1 and p27Kip 1 which are the cell cycle regulators thus limiting the proliferative potential of cancer cells (Gartel and Tyner, 2002; Audo et al., 2003). It was also reported to prompt retinoblastoma (Rb) protein dephosphorylation leading to cell cycle arrest in multiple cancer cells in vitro (Audo et al., 2003). In vitro studies stated that vitamin D has the ability of BRCA cell lines inhibition as well as induction of apoptosis by upregulating the expression of p21WAF1/Cip, p53, and Bax (caspase activator) genes and by reducing the expression of Bcl-2 (anti-apoptotic mediator) (Calvert et al., 1998; Gartel and Tyner, 2002; Audo et al., 2003).

Iron is an essential nutrient that is intricately involved in the various metabolic processes including cellular respiration and bioenergetics and cell growth and proliferation among others (Winterbourn, 1995). Although iron availability is essential for cells and organisms, excess iron could result in the production and propagation of reactive oxygen species (ROS) by Fenton chemistry (Dixon et al., 2012; Miseta et al., 2015). That would lead to cell damage, generation of oxidative stress, and death by apoptosis and ferroptosis (Mancias et al., 2014; Yang et al., 2014; Hou et al., 2016). Increased cellular iron content in BRCA has been previously reported to associate with poor prognosis and chemoresistance (Habashy et al., 2010). Differential expression of key iron regulatory genes (IRGs) including HAMP, ferroportin (FPN; SLC40A1), and transferrin receptor 1 (TFRC; CD71) has been widely reported as significant biomarkers in BRCA (Pinnix et al., 2010). For example, reduction in the expression of FPN, high ferritin, hepcidin, transferrin receptor (TfR1; CD71) expression, and high labile iron content (LIP) are consistent with the findings associated with breast cancer (Habashy et al., 2010; Pinnix et al., 2010).

Vitamin D was previously reported to reverse iron-mediated oxidative stress (Uberti et al., 2016) and to differentially alter HAMP expression in a tumor type-specific manner (Welsh et al., 2002). Vitamin D treatment in hepatocellular carcinoma was reported to reduce hepcidin and ferritin production and increase in FPN (Bacchetta et al., 2014). Additionally, previous reports have indicated that vitamin D can exert some of its anti-cancer effects by regulating the IRGs expression (Zughaier et al., 2014), suggesting that the treatment effectiveness of BRCA cellular iron metabolism with vitamin D remains ambiguous. In this context, previous work also suggested that vitamin D could exert an anti-growth effect on BRCA cells by modulating several metabolic pathways (Swami et al., 2003). Additionally, preliminary in silico data seems to suggest that treatment with calcitriol resulted in a significant decrease in the viability of BRCA cells. In relation to these findings, we have hypothesized that treatment with vitamin D may enhance cell death in BRCA cells by reducing cellular iron content. To address this issue, labile iron content, expression of IRGs at the protein level, oxidative stress, and cell survival were evaluated in both MCF-7 and MDA-MB-231 cells post-vitamin D treatment.



MATERIALS AND METHODS


Bioinformatics Analysis of Publicly Available Transcriptomic Data Resources

We searched for transcriptomic datasets available from National Center for Biotechnology Information (NCBI0 Gene Expression Omnibus (GEO),1 which is a free public genomics database. The search terms Vitamin D/Cholecalciferol/Calcitriol and breast cancer cells were used to identify datasets for human breast cancer cell lines treated with vitamin D. We selected the dataset GSE53975, which included MCF-7 and MDA-MB-231 cells treated with calcitriol or DMSO (n = 3 for each group; n = 6 per cell line and n = 12 in total) using the Affymetrix Human Exon 1.0 ST platform. The gene expression profiles were downloaded, and the raw data were processed using R statistical software (version 3.5.1). According to the expression profiling data, relative mRNA expression in calcitriol-treated samples vs. DMSO-treated controls was identified using the Limma package (available at http://www.bioconductor.org/packages/release/bioc/html/limma.html) in Bioconductor package version 1.0.2. A log2 fold-change (log2FC) was calculated to present differentially expressed genes (DEGs) and an adjusted p-value < 0.05 using classical t-test was applied. Gene set enrichment analysis was performed using several ontologies resources on DEGs to identify the underlying pathways using pathfinder tool. Gene ontology (GO) terms with a p-value < 0.01, a minimum count of 3, and an enrichment factor > 1.5 (the enrichment factor is the ratio between the observed counts and the counts expected by chance) were collected and grouped into clusters based on their membership similarities.



Cells and Treatment Protocols

In this study, both MCF-7 and MDA-MB-231 human BRCA cell lines were used from American Type Culture Collection (Manassas, VA, United States). Dulbecco’s Modified Eagle’s Medium (DMEM) was used to maintain the cells at 37°C and 5% CO2 as it was supplemented with 4 mM glutamine, 2 μg/mL insulin, 10% fetal calf serum, 1 mM of sodium pyruvate, 1 mM of non-essential amino acids, and penicillin/streptomycin antibiotics. Cells at 0.5–1 × 105 cells/mL were seeded using 25 cm flasks and the treatment with different concentrations of calcitriol (25 hydroxyvitamin D; the active form of vitamin D) from (Abcam) was performed at a confluency of ∼70% for different time points. Control cells were left untreated or treated with DMSO.



Calcitriol Treatment and MTT Cell Viability Assay

Cell viability was determined in cells treated with vitamin by using a colorimetric assay MTT (3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide (Sigma-Aldrich), 104 cells of vitamin D treated and untreated control cells were grown in 96-well plates with 0.2 mL culture media and were cultured for 24, 48, and 72 h. After that MTT salt was added and mixed with the cells then kept for 2 h incubation in a humidified incubator at 37°C and 5% CO2. Product of MTT formazan was dissolved in DMSO and then reading of absorbance was taken at 570 nm using a microplate reader.



Quantitative Real-Time PCR

The cDNA was synthesized from 1 μg of total RNA using the QuantiTect Reverse Transcription Kit (Qiagen) according to the manufacturer’s protocol. qPCR was performed using 1:l of complementary DNA (cDNA), specific primers for each genes as listed, SYBR® Green I, and an iCycler Thermal Cycler. Expression levels of target human genes: hepcidin gene expression were (forward: 5′-CTGTTTTCCCACAACAGACG-3′, reverse: 5′-CAGCACATCCCACACTTTGA-3′) and ferroportin (forward: 5′-CAGTTAACCAACATCTTAGC-3′, reverse: 5′-AAGCTCATGGATGTTAGAG-3′) were normalized to GAPDH expression (forward: 5′-CCAGGTGGTCTCCTCTGACTTC-3′, reverse: 5′-TCATACCCAGGAAATGAGCTTGACA-3′).



Western Blot Analysis

Post-vitamin D treatment both MCF-7 and MDA-MB-231 cells were collected and lysed using NP-40 lysis buffer (1.0% NP-40, 150 mM of NaCl, 50 mM of Tris–Cl, pH 8.0) containing protease cocktail inhibitor tablets (Sigma, Germany). Protein quantification was performed using the standard Bradford method. After that protein lysates were separated on 12% sodium dodecyl sulfate–polyacrylamide gel electrophoresis (SDS-PAGE), proteins were transferred into nitrocellulose membrane using semi-dray and/or wet transfer method. Membranes were blocked in 5% skimmed milk for 1 h at room temperature. Proteins of interests were detected using the following different types of primary monoclonal antibodies (anti-TfR1, anti-TfR2, anti-hepcidin, anti-survivin, and anti-HIf1-α all from Abcam, United Kingdom, anti-γH2AX from Millipore, Billerica, MA, United States, and anti-FTH1 from LSBio, United States) diluted at 1:1,000 and kept overnight at 4°C on the shaker. For oxidative stress enzymes, we used anti-HO-1 (Thermo Fisher Scientific, United States), anti-catalase (Abcam, United Kingdom). Secondary labeled anti-mouse and anti-rabbit antibodies from (Cell Signaling) were reacted with the membrane for 1 h at room temperature. Detection of chemiluminescence was performed using an ECL kit (Bio-Rad, United States). Bio-Rad Image Lab software (ChemiDocTM Touch Gel and Western Blot Imaging System; Bio-Rad) was used to quantify protein bands and β-actin was used as the normalization control. Control sample values were defined as 1.00 and the protein level changes of treated samples were quantified relative to the control.



Labile Iron Measurement

Labile iron content was measured and assessed as it was previously described but a slight modification was performed where deferoxamine was used as a chelator instead of deferiprone (Prus and Fibach, 2008). In brief, cells were washed two times with PBS then 0.5 × 106 was incubated with 0.125 μM calceinacetoxymethyl ester (Cat. No. 56496, Sigma Aldrich) for 15 min at 37°C. Two times washing was performed, and cells were kept for 15 min incubation with 100 mM DFO. Flow cytometry analysis was performed (The BD FACSAriaTM III, Becton-Dickinson) applying a 488-nm laser beam for excitation. As a minimum number of events was 50,000 that were collected/sample and percentage of positively stained cells was computed to the 99% level of confidence. Mean fluorescence intensity (MIF) was presented and as it represents the geometric mean fluorescence intensity of a log-normal distribution of fluorescence signals. MFI level increases as the content of free iron decrease; ΔMFI is a qualitative measurement of LIP changes (MFICA-AM/DFO-MFICA-AM alone). If ΔMFI > 0, this would indicate LIP availability while ΔMFI <0 indicates depletion of LIP.



Reactive Oxygen Species Measurement

Antioxidant related enzymes were measured using the ROS-Glo H2O2 Assay Kit (Promega, Cat No. G8820, United States) in both MDMBA-321 and MCF-7 cells, 5,500 cells/well were seeded using a 96-well plate and treated with calcitriol substrate as per manufacturer’s instructions to assess ROS production for 3 and 6 h; cells that were plated and left untreated before ROS quantification served as controls.



Proteome Profiler Array

Human Cell Stress Array Kit (R&D system, Cat No. ARY018, United States) was used to detect 26 different cell stress related proteins in both cell lines. After protein quantification by using the standard Bradford method, four nitrocellulose membranes, each containing 26 different capture antibodies, were blocked for 1 h by Array Buffer 6 at room temperature on a shaker. Cell lysate that contains 300 μg of protein was prepared with Array Buffer 4 and 20 μL of detection antibody cocktail. Samples were loaded onto the membrane overnight at 2–8°C. Chemiluminescence was detected by Streptavidin-HRP methods using the dilution factor suggested by the manufacturer. A Bio-Rad Image Lab software (ChemiDocTM Touch Gel and Western Blot Imaging System; Bio-Rad) was used for protein dot quantification. Reference spots were used as a normalization control and control sample values were defined as 1.00 and the values of treated samples were quantified relative to the control.



Cell Cycle Progression Analysis

Analysis of a cell cycle progression was performed by using Propidium Iodide Flow Cytometry Kit (Abcam, United Kingdom). Briefly, cells were seeded at a density of 1 × 106 cells/mL. After indicated treatment time points, cells were harvested and washed with PBS, cells were then resuspended in 0.5 mL ice-cold PBS and fixed for 48 h with 4 mL of ice-cold 70% ethanol at −20°C. The cell pellet was washed again twice with ice-cold PBS, resuspended, and incubated with 0.2 mL of staining buffer that is supplemented with stain solution containing RNase and propidium iodide (PI) at room temperature in the dark. Phases of the cell cycle with different DNA contents were determined by performing flow cytometry (The BD FACSAriaTM III; Becton Dickinson and Company). The cell cycle platform of the FlowJo software was used to analyze the distribution of the cell cycle and percentage of cells in sub-G1, G1, S, and G2/M phases in addition to the Watson pragmatic model (Tree Star).



Annexin-V Staining for Apoptosis Detection

Cell apoptosis was performed using Annexin V-FITC Apoptosis Staining/Detection Kit protocol from (Abcam, United States). In brief, 1 × 106 cells/mL were seeded, treated, and harvested then washed with PBS two times. Cells were kept for 20 min with 0.2 mL staining buffer annexin-V/PI in the dark at room temperature. Cell apoptosis was analyzed using flow cytometry (The BD FACSAria III; Becton Dickinson and Company) with an excitation wavelength of 488 nm; a 530/30 nm band pass filter for fluorescein detection and a long pass filter of 670 nm was used. Apoptotic and necrotic cells were analyzed as the following: PI only positive cells were counted and indicated necrosis, cells which were counted as annexin V positive and PI negative were indicated as early apoptotic cells, and cells which were counted as annexin V positive and PI positive were indicated as late apoptotic cells. FlowJo software with the Watson pragmatic model (Tree Star, Ashland OR, United States) was used for data analysis of the flow results.



Statistical Analysis

Graph prism Pad 5 software (GraphPad Software Inc., La Jolla, CA, United States) was used for data analysis of cell viability and iron regulation. Other data paired t-test was used for p-values generation to compare between groups in each data set.



RESULTS


Subsection


Vitamin D Differentially Alters the Expression Profile of Iron Regulatory Genes

To investigate the effect of vitamin D on breast cancer cells, we first performed in silico analysis of a publicly available expression array dataset of breast cancer cells treated with 40–50 μM of calcitriol. Both breast cancer cell types, MCF-7, and MDA-MB-231, showed more than 5000 DEGs (Figure 1A, significantly up/downregulated, p < 0.05). Disruption of iron metabolism and induction of oxidative stress is known to induce a deleterious effect on cancer cells. Therefore, we aimed to explore if the DEGs in vitamin D-treated breast cancer cells included iron metabolism-related and oxidative stress-related genes. Utilizing the DEGs common to both MCF-7 and MDA-MB-231 cell lines treated with vitamin D, we performed pathway enrichment analysis. The results showed a significant enrichment of GO pathways related to response to iron ion and response to oxidative stress (Figure 1B, GO:001039, GO:0006979, p < 0.01). Other significantly enriched genes set in these treated breast cancer cells included metalloproteases, porphyrin-containing compound metabolic process, and response to nutrient levels.
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FIGURE 1. In silico analysis to investigate the effect of vitamin D treatment on breast cancer cells. (A) Volcano plot showing more than 5,000 genes were significantly up-/downregulated in MCF-7 and MDA-MB-231 cells. (B) Pathway analysis of differentially expressed genes showing enrichment of pathways related to the response to iron ion and oxidative stress. (C) Bar graph plot showing the mean expression values of iron metabolism and oxidative stress-related genes for both cell lines treated with calcitriol compared with DMSO-treated cells.


Next, the mean expression values were plotted of those genes for both cell lines treated with calcitriol compared with DMSO-treated cells. We found that 56 genes related to iron metabolism and oxidative stress were significantly dysregulated in MCF-7 cells but only 26 of those genes were dysregulated in MDA-MB-231 cells (Figure 1C). Few of the critical IRGs, such as CP, FTH1, SLC11A2, SLC40A1, and SLC39A14, were upregulated, and TFR2 was downregulated upon calcitriol treatment in both types of cell lines. Additionally, SIRT3 and HMOX, key oxidative stress markers, were also found upregulated in both calcitriol-treated cell lines. Nevertheless, only a few other key IRGs, such as HAMP and FTL, were upregulated only in calcitriol-treated MCF-7 cells. This suggested us to further investigate the protein expression of few of these iron metabolism and oxidative stress on cancer cell survival in vitamin D-treated breast cancer cells.



Vitamin D Reduces Breast Cancer Cell Viability

BRCA cell viability was examined post-treatment to test the effect of vitamin D in both MCF-7 and MDA-MB-231 by using the MTT assay. In Figure 2, it is shown that cell viability was significantly reduced in cultures that were treated with 0.001, 0.01, 0.1, 1, and 10 μM of vitamin D for 24, 48, and 72 h; this was true for MCF-7 and MDA-MB-231 cells. There is a significant reduction in cell viability at 24 (72%), 48 (65%), and 72 (50%) h treatment of MCF-7 cells with 10 μM vitamin D as is shown in Figure 2A. There was more pronounced reduction in MDA-MB-231 cell viability when treated with 10 μM vitamin D for 72 h (79%; Figure 2B).
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FIGURE 2. Assessment of BRCA cell viability following vitamin D treatment. Percentage cell viability of (A) MCF-7 and (B) MDA-MB-231 cells treated with 0.001, 0.01, 0.1, 1, and 10 μM vitamin D for 24, 48, and 72 h as measured by the MTT assay. **Represents statistically significant change (P < 0.01) in cell survival between calcitriol-treated and untreated controls at each time point tested.




Vitamin D Differentially Disrupts Cellular Iron Metabolism in Breast Cancer Cells

A significant depletion of cellular iron was observed in the treatment of MCF-7 and MDA-MB-231 with 10 μM vitamin D and it differentially affected key IRGs expression. After calcitriol treatment, both MCF-7 and MDA-MD-231 cells showed reduction in hepcidin gene expression and protein levels (Figures 3A,B), and there was a significant increase of FPN levels in both cell types (Figures 3A,B). Additionally, in MCF-7 cells TFR1 expression showed a drop at 24 and 48 h post-treatment and in MDA-MB-231 cells at 48 h (Figure 3B). Changes were not significant in TFR2 expression following vitamin D treatment (Figure 3B). LIP content was tested in both MCF-7 and MDA-MB-231 cells following treatment with 10 μM vitamin D for 24 and 48 h to test if the reduction in hepcidin and increase in FPN would result in increased cellular iron efflux. As shown in Figure 4A, depletion of LIP (ΔMFI < 0) was evident in both cell types post-treatment with vitamin D; MCF-7 at 24 h and MDA-MB-231 at 48 h. Lysates were obtained from control and treated cells to evaluate ferritin expression. As shown in Figures 4B,C, significant changes in ferritin protein synthesis were observed in MCF-7 following vitamin D treatment at 24 h; no clear change in ferritin synthesis was evident in vitamin D-treated MDA-MB-231 cells at 24 or 48 h post-treatment.
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FIGURE 3. Vitamin D disrupts cellular iron metabolism in BRCA cells. The status of hepcidin, FPN, TfR1, and TfR2 in vitamin D treated MCF-7 and MDA-MB-231 cells. (A) Gene expression was analyzed in from MCF-7 and MDA-MB-231 cells treated with vitamin D 10 μM and cultured for 6 h. (B) Cell lysates were prepared from MCF-7 and MDA-MB-231 cells treated with vitamin D 10 μM and cultured for 24 and 48 h. Shown data are representative of three separate experiments. (C) Quantitative analysis of relative protein band density after normalization to β-actin and compared to the control. **Represents statistically significant change (P < 0.01).
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FIGURE 4. Vitamin D depletes labile cellular iron in BRCA cells. (A) Calcein-based flow cytometry method was used to assess labile iron pool (LIP) content in MCF-7 and MD-MBA-231 cells treated with 10 μM vitamin D. Difference in mean fluorescence intensity (ΔMFI) between calcein + chelator and calcein only is an indirect measurement of LIP content; the smaller the ΔMFI value, the lower the LIP content. (B) Ferritin expression was assessed in cell lysates of MCF-7 and MDA-MB-231 cells at 24 and 48 h post vitamin D treatment; untreated cells served as controls. The data shown are the mean MFI ± SEM of four separate experiments. (C) Quantitative analysis of relative protein band density after normalization to β-actin and compared to the control. *Represents statistically significant change (P < 0.05) and **Represents statistically significant change (P < 0.01).




Vitamin D Induces Oxidative Stress and Alters the Redox Balance in Breast Cancer Cells

The observation that vitamin D disrupts cellular iron homeostasis raised the possibility that this could consequently influence the oxidative stress status in treated cells. To address this issue, we examined the ROS level in vitamin D-treated MCF-7 and MDA-MB-231 cells as shown in Figure 5A which indicate a significant increase in both cell lines post 3 and 6 h vitamin D treatment. Furthermore, we confirmed redox balance disturbance by assaying for the expression of several stress-related markers including catalase, γ-H2AX, HIF-1α, and HO-1. A significant increase of γ-H2AX was observed in MCF-7 treated at 24 and 48 h and in MDA-MB-231 treated at 24 h (Figure 5B, top panel). Likewise, catalase activity in vitamin D-treated MCF-7 cells at 24 and 48 h and in MDA-MB-231 cells at 24 h was significantly increased (Figures 5C,D, first panel from top). Compared to the control, HIF-1α was highly increased in MCF-7 and MDA-MB-231 (Figure 5C, second panel from top). The expression level of Heme Oxygenase 1 (HO-1) protein was significantly upregulated in both cell lines at both time points following vitamin D treatment (Figure 5C, third panel from top).


[image: image]

FIGURE 5. Vitamin D alters the redox balance in BRCA cells in favor of oxidative stress. (A) ROS level expression following 3 and 6 h post vitamin D treatment. Expression of (B) the DNA damage sensor, g-H2AX, and (C) the redox balance regulators proteins catalase, Hif-1α and OH-1 levels in MCF-7 and MDA-MB-231 cells following at 24 and 48 h post-treatment with vitamin D. The data shown are representative of three separate experiments. (D) Quantitative analysis of relative protein band density after normalization to β-actin and compared to the control. **Represents statistically significant change (P < 0.01) and ***Represents statistically significant change (P < 0.001).


Oxidative stress/redox balance was further investigated in treated cells, the proteome profiler for human cell stress markers was employed. In Figure 6A, MCF-7 cells treated at 24 h show that there is a significant increase in phosphor-HSP27, Cited-2, FABP-1, HIF-2α, HSP60, HSP70, p27, PON3, and SOD2. A significant increase in FABP-1, HIF-2α, p21/CIP-1, p27, and PON1 stress markers was observed in MDA-MB-231 at 24 h after treatment with vitamin D (Figure 6B).
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FIGURE 6. Proteome profiling of cell stress regulators in vitamin D-treated BRCA cells. Expression status of key cell stress regulators in (A) MCF-7 and (B) MDA-MB-231 cells using cell lysates prepared from cells at 24 h post-treatment with vitamin D. *Denotes the presence of statistically significant changes (p < 0.05) in protein expression in treated vs. control samples. **Represents statistically significant change (P < 0.01), ***Represents statistically significant change (P < 0.001).




Vitamin D Disrupts Cell-Cycling in MCF-7 and MDA-MB-231 Cells

Treatment of vitamin D resulted in a significant disruption in cellular iron metabolism and cell redox balance, we next measured the percentage of cells/cell cycle phases in vitamin D-treated vs. control cells to evaluate the treatment effects on cell cycling. Treatment of MCF-7 with vitamin D for 48 h resulted in a G1/S phase arrest prior to cell cycle analysis (Figure 7). At both 24 and 48 h MCF-7 treated cells, the percentage of G1 phase was higher in relative to untreated controls (79.2% vs. 59.1%) and 48 h (75.7% vs. 62.5%);% of treated vs. untreated MDA-MB-231 at G1 phase was (75.2% vs. 66.3%) at 24 h and (73.6% vs. 66%) at 48 h. Moreover, the expression of cyclin D1 in MCF-7 and MDA-MB-231 at 24 and 48 h post-treatment was significantly downregulated. These findings notwithstanding, a significant decrease in cdk4 and cdk6 in vitamin D-treated MCF-7 and MDA-MB-231 cells at 48 h post-treatment (Figure 7B).
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FIGURE 7. Vitamin D treatment leads to cell cycle arrest at G1/S phase arrests in BRCA cells. (A) Cells treated with 10 μM vitamin D for 24 and 48 h as well as PI stain were used for untreated controls and analyzed. (B) cdk4 (U/mg protein), cdk6 (U/mg protein), and cyclin D1 (U/mg protein) were assayed for control, and MCF-7 and MDA-MB-231 cells treated with 10 μM of vitamin D for 24 and 48 h. (C) Quantitative analysis of relative protein band density after normalization to β-actin and compared to the control. **Represents statistically significant change (P < 0.01).




Vitamin D Induces Apoptosis and Decreases Cell Growth Potential in Breast Cancer Cells

Annexin V/PI flow cytometry-based method was used to assess the rate of cells growth; percentage of apoptotic cells MCF-7 and MDA-MB-231 treated with vitamin D was significantly increased relative to controls, especially at 48 h where it was 11.3% vs. 1.04% in MCF-7 cells and 7.88% vs. 1.49% in MDA-MB-231 (Figure 8A). Moreover, the expression levels of antiapoptotic protein surviving were assessed in cell lysates of both vitamin D-treated cells and untreated controls by western blotting. Survivin expression showed a significant reduction in MCF-7 and MDA-MB-231 treated cells at 24 and 48 h (Figure 8B).
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FIGURE 8. Vitamin D effect on apoptosis and cell survival in BRCA cells. (A) The Annexin V/PI flow cytometry-based method used to assess the percentage of apoptotic and pro-apoptotic in MCF-7 and MDA-MB-231 cells treated with 10 μM of vitamin D for 24 or 48 h. (B) Survivin expression was assessed in 10 μM of vitamin D-treated cell lysates and from untreated controls at 24 and 48 h post-culture. (C) Quantitative analysis of relative protein band density after normalization to β-actin and compared to the control. **Represents statistically significant change (P < 0.01).




DISCUSSION

Data presented here clearly show that vitamin D precipitates significant anti-cancer effects in BRCA cells. This effect is based on disruption of cellular iron metabolism, increasing in oxidative stress, induction of cell cycle arrest, enhancement of apoptosis, and reduction in cell growth potential in two distinct BRCA cell lines, MCF-7 and MDA-MB-231. Our data showed that the expression of key IRGs was modulated after vitamin D by causing a disruption in cellular iron metabolism, vis-à-vis reducing hepcidin synthesis, increasing HIF-1α and FPN expression, and decreasing TFR1 expression. Moreover, vitamin D treatment resulted in a transient LIP and FT depletion. Collectively, this suggests that vitamin D treatment induces an iron release phenotype in BRCA cells. The expression of high HIF-1α protein after vitamin D treatment is in positive agreement with previously published data (Jiang et al., 2010). Moreover, reduction of hepcidin synthesis and increasing of HIF-1α expression is in agreement with the other findings. HIF-1α can negatively regulate the synthesis of hepcidin to enhance cellular iron export to increase systemic demand for iron (Nemeth et al., 2004). A previous study observed that vitamin D binding to the vitamin D receptor reduces hepcidin mRNA expression levels in PBMC monocytes and this is consistent with our finding of vitamin D ability to reduce hepcidin synthesis, THP1 cells, and HepG2 cells (Bacchetta et al., 2014). Proinflammatory cytokines and hepcidin were reported to be significantly downregulated in vitamin D THP-1 treated cells (Zughaier et al., 2014) and to significantly reduce plasma hepcidin concentrations in healthy adults (Smith et al., 2017). Together, these findings are consistent with our results of vitamin D treated breast cancer cells have low hepcidin expression (Figure 3).

Our data showed that reduced hepcidin synthesis paralleled a significant increase in FPN expression. This is consistent with the negative impact of hepcidin on FPN expression and the fact that reduced hepcidin synthesis maintains FPN integrity (Zughaier et al., 2014). Given that TfR1 is a key player in iron import to cells (Wan et al., 2019), suppressed TfR1 expression following vitamin D treatment would likely result in reduced cellular iron content or LIP. Collectively, therefore, reduced hepcidin and TfR1 expression along with increased FPN expression are all consistent with an iron release phenotype as evidenced by decreased LIP content (ΔMFI < 0).

Interestingly and perhaps surprisingly, vitamin D treatment disrupted the redox balance as demonstrated by the high levels of ROS and the increased expression of stress-related markers like γ-H2AX, HIF-1α, and HO-1. This is indicative that vitamin D treatment decreased cellular LIP content, which would be expected to reduce rather than increase oxidative stress. Increasing oxidative stress in treated cells was confirmed by the overexpression of the antioxidant HO-1 (Abo El-Magd and Eraky, 2020) and increased expression of HIF-1α. The ability of vitamin D to inhibit cell growth in BRCA cells by generating ROS and causing DNA damage was observed in previous research (Marchionatti et al., 2009; Bohl et al., 2017). Our findings are consistent with the ability of vitamin D-treated cells to induce DNA disruption as proven by the transitory increased expression of γ-H2AX (Figure 6).

Proteome profiling, which further probed the oxidative stress status in vitamin D-treated cells and which revealed overexpression of cell cycle modulators p21 and p2, may help explain suppressed BRCA growth and proliferation following vitamin treatment. Previous work has reported that calcitriol increases the levels of p21WAF 1/Cip1 and p27Kip1 cell cycle regulators which inhibits the ability of cancer cells to proliferate (Gartel and Tyner, 2002; Audo et al., 2003). Our results also demonstrated a significant increase in catalase expression in vitamin D-treated BRCA. Given that the catalase enzyme is an antioxidant that catalyzes hydrogen peroxide neutralization, its increase further suggests that vitamin D treatment puts cells under significant oxidative stress which triggers antioxidant systems like catalase as means of oxidative stress and cellular damage. It is worth noting here that high metabolic rates in tumor cells associate with increased production of ROS and oxidative stress (Marklund et al., 1982; Sandstrom and Buttke, 1993; Glorieux and Calderon, 2017). Therefore, the ability of vitamin D to target and capitalize on this precarious pathway in cancer cells merits further examination as a potential therapeutic target. In this context, our data showed that vitamin D induced G1/S phase cell cycle arrest associating with downregulated cdk4, cdk6, and cyclin D1 expression (Figure 7) and induced apoptosis which is associated with reduced expression of survivin (Figure 8). These findings are consistent with previous research that further founded that vitamin D supplementation inhibited cell proliferation throughout multipotent mesenchymal cells and arresting cell cycling (Artaza et al., 2010). Additionally, previously published data have suggested that vitamin D induced apoptosis in different types of cancers including breast cancer, colon cancer, and glioma cell lines (Welsh, 1994; Sergeev, 2014). Increasing evidence suggests an important antiproliferative and apoptotic effects of vitamin D in cancer. Importantly, however, new treatment strategies are needed to reverse the multidrug resistance in many cancer types by using vitamin D in combination with different drugs and investigating the related pathways.



CONCLUSION

In conclusion, as shown in Figure 9, our findings highlighted the complex relationship between vitamin D and cellular iron metabolism suggesting that vitamin D could have significant anti-cancer effects by disrupting cellular iron homeostasis. The molecular pathway of vitamin D ability to alter the expression of key IRGs requires additional conformational work.
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FIGURE 9. Schematic illustration of study conclusion. Created with BioRender.com.
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Iron is an essential trace element for the human body, and its deficiency or excess can induce a variety of biological processes. Plenty of evidences have shown that iron metabolism is closely related to the occurrence and development of tumors. In addition, iron plays an important role in cell death, which is very important for the development of potential strategies for tumor treatment. Here, we reviewed the latest research about iron metabolism disorders in various types of tumors, the functions and properties of iron in ferroptosis and ferritinophagy, and new opportunities for iron-based on treatment methods for tumors, providing more information regarding the prevention and treatment of tumors.
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Introduction

Iron (Fe) is one of the most abundant elements in the earth’s crust (1). The oxidation-reduction reaction mainly involves electron transfer between two chemicals. Iron, as a transition-metal, can exhibit a wide range of oxidation states, which makes it a multifunctional participant in redox reactions. Therefore, iron is an indispensable trace element to maintain life (2). This element plays a vital role in various cellular processes, such as cellular respiration (e.g., cytochrome c oxidase, ferredoxin, cytochrome, and Rieske protein), energy metabolism (e.g., aconitase, citrate synthase, succinate dehydrogenase, and isocitrate dehydrogenase), DNA replication, DNA synthesis and nucleic acid repair (e.g., the catalytic subunit of replicative DNA polymerases, DNA helicase and ribonucleotide reductase), and iron-dependent signaling (3, 4). Iron is also used in the synthesis of heme and iron–sulfur clusters (ISC), which are incorporated into proteins that carry out the citric acid cycle, oxidative phosphorylation, and many other essential functions (5, 6). However, although iron is essential for the normal physiological function of the human body, it may also be toxic in that it generates a large number of free radicals in the presence of hydrogen peroxide (7). For example, in the well-known Fenton reaction, ferrous iron (Fe2+) reacts with hydrogen peroxide to be oxidized to ferric iron (Fe3+) while generating hydroxyl radicals. When superoxide is present, the Fe3+ produced by the Fenton reaction can be reduced to Fe2+, and then the Fenton reaction will proceed again, which called Haber-Weiss reaction (8). Both the Fenton reaction and Haber-Weiss reaction can produce a large number of hydroxyl radicals. Hydroxyl radical is one of the most important oxidant found in human body, which can lead to peroxidation and apoptosis by attacking protein, lipids, nucleic acids, and carbohydrates (9, 10). In addition, excessive free radicals in the human body can lead to cell and tissue organ damage, and these processes are closely related to tumorigenesis.

Therefore, iron is not only an essential nutrient element, but also potentially toxic. Both aspects play important roles in the occurrence and development of tumors. This article mainly discusses iron metabolism disorders in tumors, ferroptosis, ferritinophagy, and the role of iron in tumor treatment.



Physiological Mechanisms of Iron Regulation

Homeostasis of iron metabolism is a physiological process that needs to be strictly controlled. Iron is mainly present in the oxidized state (Fe3+) and is divided into dietary iron and environmental iron. Dietary iron primarily exists as either nonheme bound iron or heme (11). Heme iron has a higher absorption rather than nonheme bound iron. Iron in the diet is mainly reduced to Fe2+ in the duodenum by duodenal cytochrome B (DCYTB) and absorbed into intestinal epithelial cells under the synergistic effect of divalent metal transporter 1 (DMT1) (1). Heme iron is also absorbed by intestinal cells through an unknown mechanism and is metabolized by heme oxygenase-1 (HO-1) to release Fe2+. Heme iron is absorbed by intestinal cells through an unknown mechanism and degraded by heme oxygenase-1 (HO-1), releasing Fe2+, which is transported out of the cells by the iron efflux pump ferroportin (FPN1) on the basal side of the intestinal epithelial cells, and consequently oxidized into Fe3+ by hephaestin (HEPH) (1); then Fe3+ binds to transferrin (TF) and enters the circulation through the portal vein. Each transferrin in blood can bind two Fe3+ to form TF- [Fe3+]2 complex, which binds to transferrin receptor (TFR1) on the cell surface and is absorbed into cells to form endosome (12). Subsequently, it is reduced to Fe2+ by six-transmembrane prostate epithelial antigen 3 (STEAP3), which is then transported into cytoplasm by DMT1 to exert physiological functions or constitute the cytoplasmic labile iron pool (LIP) (1, 13). LIP can be taken up by non-hematopoietic cells causing parenchymal iron deposition which can result in free radical damage (14) (Figure 1).




Figure 1 | Iron metabolism.



Intracellular iron homeostasis is mainly regulated through an iron-dependent protein network including iron-responsive element binding proteins (IRPs), in which both IRP1 and IRP2 are important components (15). It is noteworthy that thioredoxin family proteins are important mediators in iron metabolism since these proteins regulate the expression of IRPs (5). To ensure iron homeostasis, IRP binds to the corresponding iron responsive element (IRE) on the untranslated region of messenger RNA encoding the protein essential for cellular iron regulation (TFR1, DMT1), thereby participating in iron uptake (TFR1), storage (FT), redistribution, and efflux (FPN1) (2). In the absence of intracellular iron, IRP can inhibit the translation of FPN1 and FT, but increase the protein synthesis of TFR1. In contrast, when the intracellular iron is abundant, the synthesis of FPN1 and FT is increased due to the instability of IRP, while the degradation of TFR1 is promoted (16). IRP1/2 are key iron regulators for the maintenance of cellular iron homeostasis. IRP1 is cytosolic aconitase, an enzyme containing a [4Fe-4S] cluster. When absence of intracellular iron, there is insufficient iron for Fe-S biogenesis leaving an incomplete [3Fe-4S] cluster. The enzymatic activity of aconitase is lost and this protein then initiates its IRP activity, as IRP1. When the protein contains the [3Fe-4S] cluster it can bind to IREs (17, 18). Through these mechanisms, IRP can not only meet the metabolic needs of cellular iron, but also minimize the toxic effects of excessive iron (Figure 2).




Figure 2 | Cellular iron metabolism. (A) When the cellular iron levels are low, IRPs bind to the 5’ IREs of FPN1 and FT mRNA, resulting in translation repression. Additionally, IRPs bind to 3’ IREs in TFR1 mRNA to stabilize the DMT1 mRNA and increase TFR1 protein synthesis. These two effects can increase intracellular iron. (B) When the cellular iron levels are high, IRP1 converts to cytosolic aconitase and IRP2 is degraded, preventing IRP1 and IRP2 from binding to the IREs of these mRNAs. This permits unimpeded translation of FPN1 and FT and fosters degradation of DMT1 and TFR1 mRNA, leading to decreased cytosolic iron.



The excess iron is mainly stored in liver, which also acts as an iron-sensing organ and controls systemic iron through the secretion of the peptide hormone hepcidin (19). Hepcidin is a 25-amino acid short peptide produced by the liver and encoded by the HAMP (20). FPN1, which is mainly expressed in the cell membrane and cytoplasm, is the only known 571-amino acid transmembrane protein in vertebrates that transports iron from intracellular to extracellular (21). When the intracellular or circulating iron level is relatively high, Hepcidin is generated from hepatocytes and secreted into the circulation system through a bone morphogenetic protein (BMP6) - mediated pathway (1, 22). Hepcidin can trigger the internalization and subsequent lysosomal degradation of FPN1 via binding to the basal side of the intestinal epithelium and to the FPN1 on the macrophage surface, preventing iron absorption from the digestive tract and iron circulation from the body, respectively (23). Conversely, the reduction of iron modulators causes FPN1 to absorb iron and increases systemic iron levels (24) (Figure 1). Therefore, FPN1 and ferritin are essential for maintaining iron homeostasis in the body.



Iron Metabolism in Cancer

A large number of studies have shown that abnormal iron homeostasis is one of the markers of cancer (Table 1). As the metabolism and proliferation rate of tumor cells are generally higher than that of normal cells, so their demand for iron is also significantly higher than that of normal cells, this leading to the exceeding oxidative stress; however, tumor cells can exert a concomitant upregulation of antioxidant defenses for survival, such as activating antioxidant transcription factors and promoting the expression of various antioxidant genes (57). Conversely, since tumor cells are strongly dependent on iron for their growth/proliferation, they are more sensitive to iron depletion than normal cells. This imbalance in cancer is mainly manifested as increased iron metabolism, iron affinity, iron input, and inhibition of its output, thereby completing iron accumulation.


Table 1 | Iron regulators in cancer.




Iron Uptake


TFR1

As early as 1980, studies have shown that TFR1 is significantly up-regulated in breast cancer (27). Subsequent studies have confirmed that TFR1 is highly expressed in various cancers such as glioma, leukemia, breast cancer, and ovarian cancer (25, 26, 28, 29). Recent studies have shown that Beclin 1 inhibits the proliferation of breast cancer cells by regulating the endocytosis transport and degradation of EGFR and TFR1 (58). Bajbouj et al. found that estrogen inhibited the synthesis of ferritin and enhanced the efflux of intracellular iron. Meanwhile, combining with doxorubicin, estrogen significantly reduced TFR1 expression and enhanced the sensitivity of breast cancer cells to doxorubicin (59). Using Gene Expression Profiling Interactive Analysis (GEPIA) database analysis, Xiao et al. found that TFR1 was significantly up-regulated in hepatocellular carcinoma tissues and hepatocellular carcinoma stem cells (31), and knocking down TFR1 reduced iron accumulation, reactive oxygen species (ROS) accumulation induced by erastin, and maintained mitochondrial function, thereby inhibiting tumor development (31). Additionally, a higher expression of TFR1 is closely related to the activation of ERK signaling pathway in thyroid cancer, leading to the disorder of genes involved in abnormal accumulation of intracellular free iron and drug resistance (33).

Other studies have shown that targeting TFR1 can suppress tumor progression, such as MiR-107 can inhibit the proliferation, migration, and invasion of SW620 cells by targeting TFR1 (34); MiR-148a could reduce the proliferation of liver cancer cells by targeting TFR1 (32); EGFR regulates cellular iron homeostasis by regulating the redistribution of TFR1, and promotes the development of non-small cell lung cancer (60). Similarly, knock-down of ST6GALNACIII can down-regulate TFR1 and delay A549 cell proliferation (61). And Hui et al. found that TFR1 level was significantly up-regulated in non-small-cell lung cancer (NSCLC) by Fusaricide, which is a novel iron chelating agent and can efficiently inhibit the proliferation of a variety of human NSCLC cell lines (62). In addition, TFR1 is highly expressed in activated lymphocytes and malignant cells, and TFR1 antibody ch128.1/IgG1 effectively inhibits the activation, growth, and immortalization of EBV+ human B cells as well as the development of these cells into lymphoma-like tumors in immunodeficient mice (63). Chlorogenic acid inhibits the growth of pancreatic ductal adenocarcinoma cells by targeting the c-Myc-TFR1 axis, perhaps chlorogenic acid is a promising compound for pancreatic ductal adenocarcinoma therapy (64). However, although TFR1 is highly expressed in colorectal cancer tissues, the authors demonstrated that down-regulation of TFR1 promoted rectal cell migration and invasion through the JAK/STAT pathway (35). These results demonstrate that TFR1 might hold tumor-specific roles.



DMT1

DMT1 is highly expressed in various cancers, such as colorectal cancer and ovarian cancer (30, 38). Q. Wang et al. found that DMT1, TFR1, and ferritin were highly expressed in ovarian cancer cell spheres, and overexpression of DMT1 promoted the progression of ovarian tumor (30). In SDHB-Mutated Pheochromocytoma, iron accumulation caused by significant up-regulation of iron transport-related proteins, such as DMT1, TF, TFR2, can increase oxidative stress to some extent (37). In colorectal cancer, DMT1 can be induced through hypoxia-inducible factor 2α-dependent transcription (38). However, in hepatocellular carcinoma, patients with a lower expression of DMT1 displayed a worse disease-free survival, this effect was more significant in patients with advanced hepatocellular carcinoma (65). Notably, the carcinogenic activity of DMT1 is tightly correlated with its iron-transport activity, which is characterized by the evidence that tumor in DMT1-knocked out mice was weakened when being fed with a high-iron diet. Additionally, Desferoxamine (DFO) increases iron concentration by up-regulating the expression of DMT1 and TFR1, thereby promoting the migration of breast cancer cells (66). Similarly, the latest research by Chen et al. has revealed that the up-regulation of DMT1 and TFR1 is related to the activation of the IL-6/PI3K/AKT signaling pathway in triple-negative breast cancer cells, and enhance iron absorption (67). Consistently, targeting DMT1 can be used to potentially suppress tumor progression. For example, DMT1 inhibitors can selectively target stem cells in primary cancer cells and circulating tumor cells to inhibit the occurrence and development of tumors (68); Propofol, which is widely used in clinical practice for intraoperative general anesthesia and postoperative sedation, regulates DMT1 expression by modifying Ca2+-permeable α-amino-3-hydroxyl-5-methylisoxazole-4-propionic acid receptors (CPARs), thereby inhibiting tumor oxidative stress and glioma tumor growth (69).



STEAPs

The expression STEAPs also exhibits an upregulation in tumors and they can promote tumor cell proliferation as well as suppress apoptosis (70–73), for example, STEAP3 promotes glioma cell proliferation, invasion, and spheroid formation by inducing mesenchymal transformation, promoting TFR1 expression, and activating the STAT3-FoxM1 axis (39); In colorectal cancer, STEAP3 expression is significantly higher in tumor than that in colonic mucosa (74). However, they recently found that silencing lncRNA STEAP3-AS1(the antisense transcript of STEAP3) inhibited the proliferation, migration, and arrested colon cancer cells at the G0–G1 phase cancer cells through upregulation STEAP3 (75). Additionally, Z. Wang et al. found that among Burkitt’s lymphoma, the rarely studied iron reductase CYB561A3 was essential for Burkitt proliferation, but lymphoblastoid B cells with the EBV latency III program depended on STEAP3 iron reductase instead (76). Similarly, STEAP2 accelerates prostate cancer progression by promoting proliferation, migration, and invasion by regulating the transcriptional profiles of some genes involved in metastasis. And Burnell et al. proved that reducing the expression of STEAP2 inhibited the proliferation, migration, and invasion in prostate cancer cells (77).




Intracellular Iron Regulation

IRP1 or IRP2 can increase intracellular iron and abnormal activation of them is closely related to many cancers. Compared with normal colonic mucosa, IRP2 is overexpressed in colorectal cancer, and is positively correlated with TFR1 expression. In addition, the expression of IRP2 is associated with mutations of BRAF, which primarily occur in the early stages of colorectal cancer and are often associated with poor prognosis (36). IRP1 and IRP2 are strictly regulated in tumors, and preferably modulate tumor progression in an iron-engaged signaling pathways, such as IRP2 is regulated by ubiquitin ligase FBXL5, which mediated IRP2 ubiquitination and degradation under the condition of sufficient iron; Dysregulation of FBXL5 has been associated with a poor prognosis of human hepatocellular carcinoma (78); A recent study demonstrated that FBXL5 is stabilized and increases iron levels when iron is at low levels, facilitating the production of [2Fe2S] cluster, which can serve as an FBXL5 cofactor, and by incorporating into the C-terminal LRR domain of FBXL5, and only when oxygen level is high enough to maintain the [2Fe2S] cluster in its oxidized [2Fe2S]2+ state could the SCFFBXL5 E3 ligase recruits IRP2 as a substrate for polyubiquination and degradation. This IRP2-FBXL5 interaction might help release IRP2 from IREs to alter the translation of iron metabolism genes (79). IRP2 is also regulated by the deubiquitinating enzyme OTUD1, which promotes TFR1-mediated iron transport via deubiquitinating and stabilizing IRP2, leading to increased ROS production, and the downregulation of OTUD1 has been found to be highly correlated with poor prognosis of colorectal cancer (80); A study linking a clinical trial of JBR.10 (n = 131) with a sample of patients from the University of Toronto Health Network (n = 181) indicated that the effect of the 15q25 mutation on lung cancer risk was associated with increased expression of IREB2 (40); Another large-scale case-control study confirmed that the miRNA binding site SNP rs1062980 in the IREB2 3’ UTR might potentially alter IREB2 expression to reduce the risk of lung cancer by regulating the binding of miR-29a (41). Additionally, the specific cause of dysregulation of IRP1/2 may be related to inhibition of TAp63 and activation of MDM2 (81, 82).Notably, chemotherapy and targeted-therapy may work together to disrupt IRP-mediated iron regulation, like Horniblow et al. found that the MEK inhibitor trimetinib consistently inhibited IRP2 expression in four colorectal cell lines, resulting in decreased TFR1 expression and increased ferritin expression (83); Miyazawa et al. found that cisplatin bound to Cys512 and Cys516 of human IRP2 and destroyed its function, based on which DFO combined with cisplatin resulted in increased iron consumption and reduced tumor growth in a mouse xenograft model of colonic adenocarcinoma (84); Yao et al. confirmed that erastin and RSL3 increased the expression of IRP1 and IRP2, knockdown of which conversely inhibited erastin- or RSL3-induce cell death, and IRP2 could enhance the promoting effect of IRP1 in melanoma cells (85).



Iron Efflux in Cancer


Ferroportin

FPN1, the only iron export protein, is involved in the regulation of intracellular iron concentration, and its abnormal downregulation is also observed in most tumors (29, 47, 86, 87). The suppressive roles of FPN1 have been established in tumors, such as in prostate cancer cell lines, a low FPN1 level caused by up-regulation of ferritin promoted proliferation, migration, and apoptotic resistance, and overexpression of FPN1 induced p53 and autophagy, and reduced tumor growth in vivo (42); Overexpression of FPN1 decreased proliferation, colony formation, and tumor growth, as well as liver metastasis in breast cancer (88). In consistent, various studies have indicated that FPN1 regulates tumor progression via destroying iron homeostasis, as a study demonstrated that cadmium (Cd)-induced MDA-MB-231 cell proliferation, EMT, and migration were caused by inhibiting FPN1 expression and associated with destruction of iron homeostasis (89), and hepcidin secreted by thyroid cancer cells could decrease FPN1 and retain intracellular iron, thereby promoting cancer proliferation (44); another study showed that FPN1-mediated iron metabolism might play a role in chemosensitivity and treatment outcome of acute myeloid leukemia (90); Similarly, overexpression of ZNF217 promoted prostate cancer growth by inhibiting FPN1-conducted iron efflux (91); Xue et al. found that Nrf2, a transcription factor of FPN1, inhibited the proliferation and metastasis of prostate cancer cells by up-regulating FPN1, which was also related to the reduction of intracellular ferritin content (92), and Nrf2 was able to inhibit myeloma cell proliferation by promoting FPN1 transcription (43). Additionally, Geng et al. demonstrated that knockdown of FPN1 accelerated erastin-induced suppression of neuroblastoma by increasing the accumulation of iron-dependent lipid ROS, and FPN1 inhibitors might provide a new approach for the chemosensitization of neuroblastoma (93); Tang et al. verified that USP35 could maintain the stability of its protein by deubiquitinating FPN1, and reduce the iron disorder triggered by erastin/RSL3, thereby promoting lung cancer cell growth and tumor progression. Meanwhile, knockdown of USP35 enhanced the sensitivity of lung cancer cells to cisplatin and paclitaxel by targeting FPN1 in lung cancer (94). However, a study showed that matrix/macrophage expression of Lcn-2 was associated with tumor onset, lung metastasis, and recurrence, whereas FPN1 was not by analyzing the expression profiles of lipocalin-2 (Lcn-2) and FPN1 through a model of T-oncogene (PyMT) breast cancer in spontaneous polymerases and mining publicly available TCGA and GEO database from gene expression synthesis (95). Macrophages provide iron for the microenvironment of breast tumors via forcing secretion of Lcn-2-bound iron and increasing expression of FPN1 (95). Nevertheless, the reason why the matrix/macrophage expression of FPN1 is not associated with tumor onset, lung metastasis, and recurrence requires further investigation.



Hepcidin

Disorders of iron modulators in cancer cause changes in iron homeostasis. Hepcidin, a negative regulator of FPN1, is significantly up-regulated in various tumors, such as breast, colorectal, and prostate cancer (45–47). And numerous studies have shown the promoting effects of hepcidin on tumor progression, for example, Schwartz et al. found that compared with wild-type littermates, mice lacking hepcidin in colonic tumor epithelium significantly reduced the number, tumor burden and size in the sporadic model of colorectal cancer, whereas lacking of FPN1 led to intracellular iron accumulation and promoted tumor occurrence (96); Lopes et al. found that acute myeloid leukemia had a unique iron component, mainly manifested as a low expression of transferrin, and high expression of ferritin and hepcidin; notably, these characteristics were not related to inflammation or blood transfusion (50); Zhao et al. confirmed that hepcidin enhanced the proliferation, migration, and anti-apoptotic capabilities of prostate cancer cells by reducing the expression of FPN1 and increasing intracellular iron level (48); Additionally, Zhou et al. identified that the synthesis of hepcidin is regulated by SOSTDC1, the BMP4/7 antagonist, providing a new mechanism for cellular iron dysfunction via the E4BP4/G9a/SOSTDC1/hepcidin pathway in the thyroid gland, which can inhibit the secretion of hepcidin and proliferation of thyroid cancer cells (44).

In addition to the iron modulators synthesized by cancer cells, systemic iron disorders in cancer patients can also be observed (88, 97, 98). Serum hepcidin is elevated in many cancer patients, including prostate cancer, breast cancer, multiple myeloma, and non-Hodgkin’s lymphoma (48, 49, 51, 52).A study of 456 cases of primary gastric adenocarcinoma and 900 matched controls with an average of 11 years of follow-up showed a significant negative correlation between gastric cancer risk and serum hepcidin level, which was mainly caused by ferritin level (99). Additionally, treatment with morotinib was found to decrease serum hepcidin and improve iron metabolism and erythropoiesis in a Phase 2 clinical trial of morotinib for bone marrow fibrosis (100). Similarly, a retrospective study, including 38 patients suffering from upper urinary tract urothelial carcinoma (UUTUC), 94 patients Suffering from Renal Cell Carcinoma (RCC), and 21 patients without infections or cancer, showed that serum hepcidin level was significant increased compared to sera of controls in patients with UUTUC and RCC, and high serum hepcidin was associated with cancer recurrence and metastasis (53).

Interestingly, liver cancers showed a drastic reduction of hepcidin expression compared to benign liver tissues (101, 102). Furthermore, in patients of the White race with no history of alcohol consumption, down-regulation of hepcidin is associated with rapid cancer progression and poor disease-specific survival. Hepcidin expression is positively correlated with BMP6/interleukin -6 (IL6) cytokines and cytotoxic immune infiltration in liver cancer tissues (54). In addition, blocking hepcidin with its antagonist furthiomine could moderately reduce sorafenib-induced apoptosis in HepG2 and Huh7 cells (54). In consistent, HAMP, the coding gene for hepcidin is mainly expressed in benign liver tissues but significantly reduced in hepatocellular carcinoma tissues (54, 55). Similarly, Z. Wang et al. found that HAMP was decreased and associated with the chemokine CCL16 in Cholangiocarcinoma (CHOL), the second common malignant tumor in the liver, indicating that HAMP may contribute to the immune activation in CHOL microenvironment (56).

Heme has been indicated to promote cell proliferation in leukemia and lung cancer, and increase HO-1 activity promotes invasion and migration of breast cancer cells (103–105). Up-regulation of BMP, which induces cancer cells to secrete hepcidin, has also been observed in various tumors, including breast, prostate, and bladder cancers (47, 106, 107).

In conclusion, cancer cells usually increase the input of iron and inhibit its output, thereby achieving iron accumulation. However, it is not entirely clear how they respond to the increased instability.





Iron and Cell Death


Iron and Ferroptosis

In recent years, non-apoptotic cell death has attracted a widespread attention in tumor therapy, among which ferroptosis is defined as iron-dependent regulatory necrosis caused by membrane damage mediated by massive lipid peroxidation (108–110) (Figure 3). Upon being experienced ferroptosis, cells show unique signs such as cell membrane rupture, cytoplasmic swelling, cytoplasmic organelle swelling, mitochondrial membrane density increase, mitochondrial cristae reduction/disappearance, mitochondrial outer membrane rupture, etc. Ferroptosis can occur through two main pathways: the external or transporter-dependent pathway, and the internal or enzyme-regulated pathway (111). Ferroptosis is caused by the redox imbalance between the production of oxidants and antioxidants, which is driven by the abnormal expression and activity of numerous redox active enzymes that produce or detoxify free radicals and lipid oxidation products (109, 111).




Figure 3 | Ferroptosis.



As the center of metabolism, mitochondria are an important source of ROS in most mammalian cells. Earlier studies showed that mitochondrial-mediated ROS production was not necessary for ferroptosis (108). However, recent studies have shown that mitochondrial-mediated ROS production, DNA stress, and metabolic reprogramming are necessary for lipid peroxidation and induction of ferroptosis (112–114). Readers can obtain a more comprehensive understanding of ferroptosis by referring to other relevant documents (111, 115–118). Here we focus on recent research, aiming to clarify the possible novel mechanisms of ferroptosis in cancer.

The previous study suggested that the stability of IRP2 protein was mainly regulated by E3 ubiquitin ligase FBXL5 (78), while Terzi et al. confirmed a new regulatory mechanism of IRP2, which senses the absence of ISC synthesis, and ISC defects could enhance the binding of IRP2 to target mRNA ignoring the changes in IRP1, IRP2, and FBXL5 protein levels. ISC are made up of iron and sulfur ions to form [1Fe-0S], [2Fe-2S], [3Fe-4S] and [4Fe-4S] clusters (6, 119). Suppressing ISC synthesis can activate IRP2 and promote ferroptosis sensitivity (120); in line with this finding, insufficient ISC maintenance has been shown to robustly activate the iron-starvation response and trigger ferroptosis (121). Notably, inorganic sulfur is first produced from the cysteine by the cysteine desulfurase NFS1 and ISC is formed on the ISC assembly enzyme (ISCU) with the help of frataxin (FXN) (122),Which was indicated to be localized in the mitochondrial matrix and participated in the biosynthesis of ISC and FXN deficiency accelerates erastin-activated ferroptosis (123). Furthermore, overexpression of ISCU significantly attenuated Dihydroartemisinin-induced ferroptosis by regulating iron metabolism, rescuing the mitochondrial function and increasing the level of GSH (124). Additionally, FXN could activate NFS1 and accelerate a rate-limiting sulfur transfer step of ISC assembly, and suppression of NFS1 make cancer cell be sensitive to ferroptosis (121, 125). Besides, Chafe et al. identified a novel synthetic lethal interaction between carbonic anhydrase IX (CAIX) and NFS1 by elucidating the important role of CAIX in redox homeostasis and the prevention of ferroptosis through pH regulation, which may facilitate researchers to develop new strategies for the treatment of solid tumors (126).

The latest research provides more possibilities that targeting ferroptosis may be a new strategy for tumor treatment. For example, Mao et al. identified a ferroptosis-defensive mechanism mediated by Dihydroorotate dehydrogenase (DHODH) in the mitochondria, which works with mitochondrial glutathione peroxidase 4 (GPX4) to reduce ubiquinone to panthenol, thereby inhibiting ferroptosis in mitochondrial inner membrane, while Brequinar (a DHODH inhibitor) selectively inhibits the proliferation of tumor cells with low GPX4 expression by inducing ferroptosis, thus it can occur synergistically to induce ferroptosis and inhibit the growth of tumor cells with high GPX4 expression by the combined use of Brequinar and sulfasalazine (ferroptosis inducers) (127); Subsequently, Ding et al. demonstrated that DMOCPTL induced ferroptosis and apoptosis primarily through GPX4 ubiquitination in triple-negative breast cancer cells (128); Additionally, D. Chen et al. confirmed that IPLA2β inhibited ferroptosis by cleaving through lipid peroxide for detoxify without depending on GPX4, and that the absence of iPLA2β had no significant effect on the normal development or cell viability of normal tissues, thus, iPLA2β may become a new target for ferroptosis-targeted therapy for tumor (129); Furthermore, X. Wang et al. demonstrated that SOX2 promoted SLC7A11 transcription by binding to SLC7A11 promoter, and oxidation at Cys265 of SOX2 inhibited its activity and decreased the self-renewal capacity of lung cancer stem cell-like cells. This suggests that oxidation of SOX2 could be a potential target for ferroptosis-targeted treatment for cancer (130). Moreover, as cell density-dependent E-cadherin and Merlin/Neurofibromin (NF2) loss can induce ferroptosis, Bao et al. found that NF2-inactivated meningioma cells were sensitive to Erastin-induced ferroptosis by analyzing 35 meningioma samples (10 NF2 loss and 25 NF2 wildtype), and further confirmed that myoenhancer factor 2C (MEF2C) acted as a promoter of NF2 and CDH1, thereby inhibiting ferroptosis-related lipid peroxidation and meningioma cell death (131). Notably, Kremer et al. indicated that aspartate aminotransferase (GOT1) could damage mitochondrial oxidative phosphorylation and promote catabolism, resulting in the increase of unstable iron pool and susceptibility to ferroptosis, this effect suggests that inhibiting GOT1 could destroy the redox balance and proliferation in pancreatic ductal carcinoma, and establishes a biochemical link between GOT1 and ferroptosis (132). Few studies reported the direct crosstalk between ferroptosis and antitumor immunity, until Wang et al. reported that CD8+ T cells induce ferroptosis in tumor cells, which is the direct evidence of the connection between ferroptosis and antitumor immunity (133). They found that interferon gamma (IFNγ) released from CD8+ T cells downregulated the expression of SLC3A2 and SLC7A11, impaired the uptake of cystine by tumour cells, and promoted ferroptosis. Thus, T cell-promoted tumour ferroptosis is an anti-tumour mechanism, and targeting this pathway in combination with checkpoint blockade is a potential therapeutic approach.

Furthermore, studies also demonstrated that activating ferroptosis and apoptosis immensely increased chemotherapy sensitivity, which might provide strategies for the combination therapy for cancers. For example, Ye et al. found that the synergy of apoptotic activator and ferroptosis inducer could significantly enhance the cytotoxic effect of gemcitabine in pancreatic cancer, providing a new strategy for pancreatic cancer treatment (134); Hong et al. unveiled a novel treatment strategy for ovarian cancer through a combined use of Poly (ADP-ribose) polymerase S (PARP) inhibitor and ferroptosis inducer (135); Sun et al. identified that QSOX1 (Quiescin sulfhydryl oxidase 1) enhanced sorafenib-induced ferroptosis by promoting the ubiquitination degradation of EGFR and inhibiting EGFR activation and thus inhibiting NRF2, providing QSOX1 as a new candidate target for a sorafenib-based combination therapy in advanced hepatocellular carcinoma or EGFR-dependent tumor types (136).

There are also some new discoveries focusing on the relationship between lipid peroxidation and ferroptosis. Tan et al. found a hypoxia-inducible factor-dependent adipokine chemerin, which could prevent fatty acid oxidation and lead to escape from ferroptosis, and targeting chemerin reduced lipid storage and tumor growth (137); Lang et al. demonstrated that supplementing unsaturated fatty acids while inhibiting the biogenesis of lipid droplets could induce ferroptosis in acidic cancer cells (138); Additionally, Dierge et al. found that a diet rich in n-3 long-chain unsaturated fatty acids significantly inhibited tumor growth in mice, indicating that supplementation of dietary unsaturated fatty acids can serve as a selective adjuvant anti-tumor approach (139); Furthermore, supplementation of dietary unsaturated fatty acids may serve as a selective adjuvant anti-tumor approach. W. Liu et al. verified that dyslipidemia affected the occurrence and development of tumors by selectively resisting ferroptosis, which primarily due to the continued expression of GPX4 in the metabolism of 27- hydroxycholesterol-resistant cells (140); In consistent, Beatty et al. identified conjugated linoleic acids, including α-eleostearic acid (αESA), acted as inducers of ferroptosisby acyl coenzyme a synthetase long-chain isomer 1 and interfering with the biosynthesis of triglycerides inhibited αESA-induced ferroptosis, but not GPX4-inhibited ferroptosis (141).

Notably, many extracts from plants and herbs also exhibit anti-tumor effects by inducing ferroptosis. Z.X.Wang et al. found that quercetin could promote the degradation of lysosomal-dependent ferritin and the release of free iron, this effect and quercetin-induced ROS production synergistically led to lipid peroxidation and ferroptosis (142). C.Y. Wu et al. found that Dihydroisotanshinone I (Radix Salviae Miltiorrhizae extract) could induce ferroptosis in lung cancer cells by blocking the expression of GPX4 protein (143). And Wen et al. confirmed that 18-β-glycyrrhetinic acid could promote the production of ROS and RNS by activating NADPH oxidase and iNOS, and reducing GSH and GPX activities in triple-negative breast cancer cells, thereby accelerating lipid peroxidation and leading to ferroptosis (144).



Iron and Ferritinophagy

Ferritinophagy is a type of cell selective autophagy, in which the ferritin (mainly ferritin heavy chain 1) is degraded in autophagosomes mediated by nuclear receptor coactivator 4 (NCOA4), leading to the ferritin-bound iron to be released as free iron (145, 146) (Figure 4). Ferritinophagy contributes to the initiation of ferroptosis through degradation of ferritin, which triggers labile iron overload (IO), lipid peroxidation, membrane damage, and cell death (147), and plays a certain role in tumorigenesis.




Figure 4 | Ferritinophagy.



Ferritin is a complex that can hold 4,500 Fe3+ and is widely present in mammalian cells. The ferritin complex is assembled by the heavy chain (ferritin heavy chain 1, FTH1) and the light chain (ferritin light chain, FTL) (148). FTH1 has a ferrous oxidase activity and can catalyze the oxidation of Fe2+ to Fe3+, thereby reducing a large number of Fe2+-produced free radicals participating in the Fenton reaction, and the damage of free radicals to tissues and organs (149, 150). Iron combines with each other through ferritin iron pores and Fe2+ is further oxidized to Fe3+ by FTH1 in the ferritin cage, resulting in the inert deposition of Fe3+, which cannot use or generate ROS in cells (151).The main way of ferritin to release iron is selective autophagy mediated by NCOA4, which binds to ferritin and is transported to lysosomes, where ferritin is degraded and iron is released for cell use (145). NCOA4 selectively interacts with FTH1 subunit of ferritin through its conserved C-terminal domain and key residues on FTH1 (152). Notably, NCOA4 is regulated by HECT and the RLD domain containing E3 ubiquitin protein ligase2 (HERC2) (153).

Mechanistically, when cellular iron level is high, NCOA4 and HERC2 have an iron-dependent effect, resulting in the degradation of NCOA4 through ubiquitin proteasome system, thereby reducing the release of iron and facilitating the storage of ferritin. On the contrary, under low cellular iron conditions, the interaction between NCOA4 and HERC2 is reduced, leading to an increase of NCOA4 level, which increases the degradation of ferritin and iron autophagy flux to supplement cellular iron (154, 155). Thus, a proper amount of ferritinophagy can maintain the balance of iron in cells. However, an excessive activation of ferritinophagy can lead to disease induced by iron overload. Importantly, studies have found that there is a close link between iron release caused by ferritinophagy and ROS damage in ferroptosis (115, 156, 157). Under certain conditions, iron release caused by ferritinophagy is a component of ferroptosis, and may be a direct driving factor of ferroptosis (115, 156, 157). The role of ferritinophagy-related genes in cancer progression has been confirmed (158–164). Here, we focus on clarifying the new discovers of NCOA4 and FTH1 in cancer.

The expression of NCOA4 is lower in Clear cell renal cell carcinoma (ccRCC) tissues compared with normal tissues, and low NCOA4 expression is closely related to high-grade malignant tumors and advanced TNM staging (165, 166). Some studies have indicated the critical role of NCOA4-mediated ferritinophagy in tumor progression, such as knockdown of COPZ1 leads to an increase in NCOA4, resulting in the degradation of ferritin, and ultimately ferroptosis in glioblastoma (167); Vara-Pérez et al. found that melanoma cells lacking BNIP3 showed increased intracellular iron levels caused by NCOA4-mediated increase in ferritinophagy (168). Nevertheless, NCOA4-mediated ferritinophagy is not effective in all tumors as Hasan et al. found that the destruction of ferritinophagy by NCOA4 knockout resulted in minor differences in growth under basal and iron-restricted conditions in colon cancer cells; Additionally, NCOA4 does not engage in cell death induced by 5-fluorouracil and erastin (169).

Furthermore, FTH1 is also another important gene involved in ferritinophagy. Hayashima et al. demonstrated that in glioblastoma cells, cystine deprivation rather than L-buthionine sulfoximine treatment caused ferroptosis, although they both lead to depletion of cellular GSH, and NCOA4-mediated degradation of FTH1 was observed in cystine-deprived cells but not in L-buthionine sulfoximine -treated cells. Besides, inhibition of FTH1 degradation suppressed cystine deprivation-induced ferroptosis. This suggests that cystine deprivation-induced ferroptosis required not only GSH depletion, but also intracellular iron accumulation, and ferritinophagy plays an essential role in cystine deprivation-induced ferroptosis (170). Notably, due to insufficient FTH1, Erastin or RSL3 induces ferroptosis in neuroblastoma N2A cells, but fails to induce normal nerve cell death, indicating that ferroptosis may be a promising therapeutic target for neuroblastoma (171).




Iron in Cancer Therapeutics


Iron in Cancer Prognosis

Because iron is essential at all stages of tumor development, survival, proliferation, and metastasis, we analyzed the prognostic value of iron and iron regulatory genes. It has shown that serum ferritin has prognostic value in various cancers, and elevated serum FT levels are associated with poor prognosis (46, 172–175). However, the increase of serum ferritin are not necessarily associated with upregulated iron level in the body, this means that iron level is regulated by other stimuli, such as inflammation (2). Therefore, we hereby summarize the association between factors related to iron metabolism and prognosis (Table 2).


Table 2 | Iron regulators in cancer prognosis.



In view of the important role of TFR1 in iron uptake, TFR1 has been identified as a prognostic marker for many tumors, such as TFR1 expression in ER- tissue was significantly higher than that in ER+ tissue (188); Compared with adjacent non-cancer tissues, the mRNA expression level of TFR1 in hepatocellular carcinoma tissues is remarkably increased, and the expression of TFR1 and TFR2 is negatively correlated with tumor differentiation (176, 177); Furthermore, patients with a high TFR1 expression have a high risk of recurrence and death after hepatectomy (177); Similarly, TFR1 is significantly overexpressed in ovarian cancer and glioblastoma, and TFR1 expression may be related to tumor staging, progression or the short survival time (29, 180). Additionally, the activation of EGFR induces cell redistribution of TFR1, and the highly expressed TFR1 is closely related to the progression of lung cancer (178). The assessment of 178 gastric cancer tissues revealed a negative correlation between TFR1 expression and patient prognosis, and the TFR1 positive sorting cells showed a strong proliferative capacity; however, the TFR1-negative cells showed a more aggressive tumor features (179). In contrast, although TFR2 is also significantly up-regulated in glioblastoma, but its up-regulation predicts a good prognosis for glioblastoma (181). Notably, in colorectal cancer, patients with a low expression of TFR1 have a shorter survival compared with patients with positive TFR1 expression (182). These results suggest that the roles of TFR1/2 in tumor prognosis might be tumor-specific.

Similarly, FPN1 has been identified as a favorable prognostic marker for many tumors (189). In a gene expression profile of approximately 800 breast cancer patients, it was reported that decreased FPN1 expression was significantly associated with reduced metastasis-free and disease-free survival (45). And FPN1 mRNA and protein expression are significantly down-regulated, and patients with a low FPN1 expression have a poor prognosis in lung cancer and adrenocortical carcinoma (ACC) (178, 183). Additionally, a similar effect was observed in multiple myeloma and ccRCC (43, 184). Furthermore, STEAP3 is highly expressed in glioblastoma and is closely related to the decreased overall survival rate (39); however, a survival analysis showed that breast cancer patients with high levels of STEAP1, STEAP2, and STEAP4 had an overall good prognosis (185).

Higher hepcidin is also reported to be associated with a shorter recurrence time of distant breast cancer, and hepcidin may be associated with a poor prognosis for breast cancer in obese women (186). Survival analysis showed that ovarian cancer patients with a high expression of FTL, DMT1 and HAMP showed a poor overall survival rate (190). IL-6 and BMP control hepcidin secretion in cancer and IL-6 level is elevated in lung cancer patients with poor prognosis (187).

The progression of breast cancer is negatively correlated with hemoglobin (Hb) and positively correlated with ferritin levels (191). Compared with the high-DMT1 group, liver cancer patients with a low DMT1 expression have a worse disease-free survival rate, which is particularly obvious in patients with advanced liver cancer (65).



Iron in Cancer Therapy

Many approaches have been constructed to treat cancer against intracellular iron metabolism disorders: one strategy is to deplete iron of tumor cells, such as iron chelator; another important one is to generate cytotoxic level of ROS or ferroptosis through excess iron in tumor cells (Table 3).


Table 3 | Iron in Cancer Therapy.




Iron Depletion

Iron chelators can change the metabolism of tumor cells by reducing the intake of iron. It has also been demonstrated that iron chelators inhibit ribonucleotide reductase activity and play important roles in various signaling pathways associated with tumor progression and metastasis (212, 213). In a study of patients with advanced hepatocellular carcinoma, 20% of patients responded to treatment with DFO (194); In another study of nine patients with neuroblastoma, seven patients had reduced bone marrow infiltration after DFO treatment (195). However, iron chelators appear to be effective only in specific tumors. Other studies have shown that DFO is ineffective in the treatment of hormone-reducing refractory prostate cancer and recurrent neuroblastoma (214, 215). Notably, other chelating agents, such as Triapine and Dp44mT, have entered clinical experiments (216, 217). After receiving Triapine treatment, 76% of patients with advanced hematological malignancies had a 50% reduction in white blood cell count (196). However, Triapine only showed the smallest overall response rate in metastatic renal cell carcinoma and recurrent and metastatic head and neck squamous cell carcinoma (218, 219). Additionally, Hui et al. confirmed that Fusaricide, a novel iron chelating agent, could induce apoptosis by activating Caspase-3 (62). Furthermore, iron chelators have been shown to alter macrophage polarization, and immune signaling. Prill et al. showed that DFO administration led to high iron efflux by decreasing ferritin expression in the tumor-associated macrophages (220). EC1 (a thiosemicarbazone chelator) treatment reversed the positive effect of macrophage-conditioned media on the proliferation and migration of cancer cells (221). Moreover, the safety and efficacy of iron chelators as cancer therapeutics have been tested in clinical trials, gastrointestinal symptoms and fatigue appear to be the most prevalent toxicities (194, 219, 222, 223).

The use of iron chelators in combination therapy has also been partially investigated. DFO was combined with many different chemotherapeutic drugs, such as cyclophosphamide, etoposide, cisplatin, carboplatin, and thiotepa (190, 224, 225). In a cohort of patients with advanced neuroblastoma and primitive neuroectodermal tumors, DFO was effective in combination with cyclophosphamide, etoposide, carboplatin, and thiotepa (224). In another study of 37 patients with accelerated myeloproliferative tumors and secondary acute myeloid leukemia, the combination of Triapine and fludarabine (a DNA synthesis inhibitor) showed 49% overall response rate and 24% complete response rate (226).

Gallium salts, which belong to the group IIIa metals and have common chemical properties with iron, are variants of the iron depletion strategy in tumor therapy. Therefore, gallium (Ga) is used to disrupt iron metabolism to mimic the behavior of iron. Gallium can be incorporated into protein and enzymes that use iron as a cofactor, such as ribonucleotide reductase, which inactivates enzymes that require iron to function and lead to an increase in mitochondrial reactive oxygen species (197). Thus, the gallium-based compound exhibits antitumor activity by disrupting iron-dependent tumor metabolism. The spectrum antineoplastic activity of gallium nitrate in the clinic was evaluated in Phase II clinical trials. Among a number of cancers examined, gallium nitrate displayed promising antineoplastic activity in patients with nonHodgkin’s lymphoma and bladder cancer (198, 227–229).The anti-cancer activity of newer gallium-ligands have been developed and are being undergone clinical evaluation, such as Tris (8-quinolinolato) Gallium (III) (KP46) and Gallium Mallotate, which may be more effective than the nitrate salt used in the original clinical formulation of gallium (198, 230).



Elevated Iron Levels

The strategy in contrast to iron depletion is to supply cells with excess iron. Excess iron combines with high levels of unstable iron in tumor cells to produce large amounts of ROS to eliminate tumor cells. For example, the metal-containing drugs Ferrocene derivatives are stable and exhibit favorable redox properties, inhibiting proliferative activity of tumor cell lines (199). Additionally, Ferumoxytol is an iron oxide nanoparticle approved by the FDA for the treatment of clinical iron deficiency, and studies have shown that ferumoxytol can produce excessive amounts of free iron, the reactive oxygen species produced by which can cause cell death, increase oxidative stress, and reduce tumor burden cells in mouse leukemia models and patients (200).

What’s more, ascorbic acid therapy is a variant of cancer treatment strategy by affecting the oxidation state of iron and increasing LIP levels, which is indicated for various tumors (201–203). Multiple clinical trials of this therapy are currently being pursued. Such as NCT02344355, NCT02420314, NCT02905578, NCT02905591, NCT03508726, NCT03602235, and NCT03799094 (https://clinicaltrials.gov/) (204, 205). However, it must be noted that if a large amount of divalent iron is oxidized to trivalent iron, you will suffer from methemoglobinemia. Furthermore, high levels of iron in the blood reduce our healthy years of life, and keeping these levels in check could prevent age-related damage (231).



Ferroptosis Inducers

The ferroptosis inducers can target the treatment of tumor by increasing the iron level of the tumor cells. Conversely, targeting ferroptosis inhibitors also have been shown to suppress tumor progression, for example, depletion of cystine or cystine by cyst(e)inase (an engineered enzyme that degrades both cystine and cysteine) in combination with checkpoint blockade synergistically enhances T cell-mediated anti-tumour immunity and induces ferroptosis in tumor cells (133); Cyst(e)inase also can synergize with thioredoxin reductase inhibition for suppression of pancreatic tumor growth (192); Additionally, administration of cyst(e)inase induces tumor-selective ferroptosis and inhibited pancreatic tumor growth (193). IFN-γ derived from immunotherapy-activated CD8+ T cells synergizing with radiotherapy-activated ataxia-telangiectasia mutated (ATM) suppresses SLC7A11, to induce cystine uptake, enhance tumor lipid oxidation and ferroptosis in human fibrosarcoma and melanoma cells (232). Notably, as we and others previously showed that that ferroptosis inducers target tumor stem cells to inhibit tumor proliferation and reduce metastasis (205, 233, 234). Several US Food and Drug Administration (FDA)-approved drugs have been shown to induce ferroptosis in tumor cells in preclinical models, but the clinical utility of these ferroptosis inducers require further investigation (2). Another study has shown that salinomycin derivatives can trigger the ferroptosis pathway in cancer stem cells (206). Furthermore, Andreea L Turcu et al. developed a DMT1 inhibitor that selectively targets cancer stem cells by blocking lysosomal iron translocation, leading to lysosomal iron accumulation, ROS production, and ferroptosis (68). However, it must be noted that ferroptosis inducers have potentially harmful side effects, mainly manifested as DNA damage and cell death in normal bone marrow cells and various tissues (235, 236).

In addition to the above two strategies, another strategy is to directly target proteins related to iron homeostasis disorders. Such as methods that target TFR1, which is commonly overexpressed in tumor cell species. W. Liu et al. developed endogenous human ferritin heavy-chain nanocages (HFn) to serve as the carrier of paclitaxel (PTX), which can specifically bind to blood-brain barrier and TFR1 widely overexpressed in glioma cells, and showed that HFn-PTX showed the best anti-tumor effect, and the median survival time was significantly longer than that of free PTX (207); additionally, doxorubicin-loaded ferritin heavy chain (DOX-FTH) can be taken up and induce apoptosis of cancer cells overexpressing TFR1 (208); and Cheng et al. indicated that HFn-Dox treatment could significantly improve the therapeutic effect of doxorubicin on gastric cancer, and increase overall survival rate of tumor-bearing mice (179).

Another possible new treatment strategy is to target miRNAs that regulate iron metabolism or to use miRNA in combination with chemotherapeutic drugs. Such as, our laboratory observed that miR-375 can trigger the ferroptosis through targeting SLC7A11, which is essential for miR-375-mediated inhibition on gastric cancer cell stemness (209); Overexpression of miR-148a can inhibit the proliferation of liver cancer cells by targeting TFR1 (32); MiR-184 can inhibit the occurrence and development of liver cancer by regulating the expression of HAMP (210); And overexpression of miR-200b can reduce ferritin levels in vitro and increase the sensitivity of cancer cells to doxorubicin (211).





Perspectives and Future Directions

Iron is necessary for normal cell metabolism, while as a redox active metal, iron can also produce active oxygen, which is a potentially toxic substance. In recent years, there has been an exPLoSive growth in the research of iron homeostasis in normal cells and iron metabolism disorders in cancer. In most tumors, cancer cells retain iron metabolism pathways similar to those of normal cells, but the levels of many proteins and enzyme activities are changed, which indicates that reprogramming of iron metabolism is an important aspect of tumor cell survival. The increase of iron levels in cancer cells promotes the activity of iron-dependent proteins, while avoids the damage caused by iron overload and achieves the “adjusted iron homeostasis” in line with tumor metabolism. However, the specific mechanism is not yet fully understood, such as is the iron metabolism of different types of tumor cells consistent? How to quantify the level of iron so as to specifically target tumor cells without harming normal cells?

It may be helpful to solve these problems by developing powerful quantitative methods to measure the metabolizable iron in the cytoplasm and organelles, as well as developing iron chelating agents for organelles. Additionally, currently, the main treatment is to trigger the apoptotic death of tumor cells with anticancer drugs. However, due to the intrinsic and acquired resistance of tumor cells to apoptosis, the therapeutic effect is limited, and drug resistance is still the main limiting factor for the cure of tumor patients. Therefore, using other forms of non-apoptotic cell death provides a new therapeutic strategy. Importantly, abnormal lipid metabolism, ROS accumulation, and iron addiction are the physiological differences between malignant tumor cells and normal cells, and these differences happen to be the key regulatory factors of ferroptosis. Therefore, compared with normal cells, tumor cells are more sensitive to ferroptosis. From our own perspectives, ferroptosis inducers could have a worthwhile therapeutic index. However, based on different metabolic states and expression levels of key regulatory proteins, different tumor cells might have different sensitivity and response to ferroptosis. Notably, increasing evidences showed that combined use of ferroptosis inducer and other treatments, such as chemotherapy, radiotherapy, and immunotherapy, is a good treatment strategy, especially for cancer stem cells and drug-resistant cells. Thus, it is expected that cancer cell iron addiction will be successfully used as an effective cancer treatment in the next few years, such as: introducing drugs that induce ferroptosis into the clinic, transforming the unique iron metabolism characteristics of cancer stem cells into therapeutic advantages, and developing more targeted and effective anti-cancer iron chelating agents.
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Background: New biomarker combinations have been increasingly developed to improve the precision of current diagnostic and therapeutic modalities. Recently, researchers have found that tumor cells are more vulnerable to ferroptosis. Furthermore, ferroptosis-related genes (FRG) are promising therapeutic targets in breast cancer patients. Therefore, this study aimed to identify FRG that could predict disease-specific survival (DSS) in breast cancer patients.
Methods: Gene expression matrix and clinical data were downloaded from public databases. We included 960, 1,900, and 234 patients from the TCGA, METABRIC, and GSE3494 cohorts, respectively. Data for FRG were downloaded from the FerrDb website. Differential expression of FRG was analyzed by comparing the tumors with adjacent normal tissues. Univariate Cox analysis of DSS was performed to identify prognostic FRG. The TCGA-BRCA cohort was used to generate a nine-gene panel with the LASSO cox regression. The METABRIC and GSE3494 cohorts were used to validate the panel. The panel’s median cut-off value was used to divide the patients into high- or low-risk subgroups. Analyses of immune microenvironment, functional pathways, and clinical correlation were conducted via GO and KEGG analyses to determine the differences between the two subgroups.
Results: The DSS of the low-risk subgroup was longer than that of the high-risk subgroup. The panel’s predictive ability was confirmed by ROC curves (TCGA cohort AUC values were 0.806, 0.695, and 0.669 for 2, 3, and 5 years respectively, and the METABRIC cohort AUC values were 0.706, 0.734, and 0.7, respectively for the same periods). The panel was an independent DSS prognostic indicator in the Cox regression analyses. (TCGA cohort: HR = 3.51, 95% CI = 1.792–6.875, p < 0.001; METABRIC cohort: HR = 1.76, 95% CI = 1.283–2.413, p < 0.001). Immune-related pathways were enriched in the high-risk subgroup. The two subgroups that were stratified by the nine-gene panel were also associated with histology type, tumor grade, TNM stage, and Her2-positive and TNBC subtypes. The patients in the high-risk subgroup, whose CTLA4 and PD-1 statuses were both positive or negative, demonstrated a substantial clinical benefit from combination therapy with anti-CTLA4 and anti-PD-1.
Conclusion: The new gene panel consisting of nine FRG may be used to assess the prognosis and immune status of patients with breast cancer. A precise therapeutic approach can also be possible with risk stratification.
Keywords: breast cancer, ferroptosis, prognosis model, immune status, disease-specific survival
INTRODUCTION
Breast cancer (BRCA) has entered the era of precision treatment at the molecular level. The molecular hallmarks of BRCA, including ER, PR, HER2, Ki-67, and PD-1, and PD-L1, have been employed for personalized and individualized treatment (Harbeck et al., 2019; Waks and Winer, 2019). For instance, the endocrine therapy, HER2 targeted therapy, and immune checkpoint therapy are employed for ER/PR-positive, Her2-positive, and PD-1/PD-L1-positive BRCA tumors, respectively2.
Since the advancement of microarray and high-throughput sequencing, multi-gene prediction, such as the PAM50 signature (Cheang et al., 2015), 70-gene assay, and 21-gene recurrence score2, has been widely used to guide decision making in the therapeutic approach for various BRCA subtypes. Multi-gene prediction has been commonly used to predict the benefits of chemotherapy or to estimate patient’s prognosis. Thus, new biomarker combinations have been developed to improve the precision of current diagnostic and therapeutic modalities. Currently, researchers are looking for new therapeutic targets and biomarkers for BRCA treatment. Moreover, there is still an insurmountable therapeutic challenge for triple negative breast cancer (TNBC) because therapeutic targets and biomarkers have not yet been identified. A few previous studies found that several ferroptosis-related genes (FRG) could be promising therapeutic targets in BRCA (Hangauer et al., 2017; Zhang et al., 2019), especially for the TNBC subtype (Chen et al., 2017; Zhu et al., 2020; Ding et al., 2021; Zhang et al., 2021). Therefore, it is necessary to develop a panel involving FRG biomarkers for risk stratification and identification of new targets.
Ferroptosis refers to cell death resulting from iron-mediated lipid peroxidation and is characterized by intracellular accumulation of reactive oxygen species (ROS) (Supplementary Figure S3) (Dixon et al., 2012). According to preliminary data, ferroptosis inhibits tumor development and proliferation; hence, ferroptosis can be targeted for cancer therapy (Stockwell et al., 2017). Correspondingly, researchers have increasingly focused on the role of ferroptosis in BRCA, especially in TNBC and Her2-positive BRCA. Due to the high recurrence and metastatic rate, TNBC and Her2-positive BRCA have been regarded as refractory and aggressive BRCA subtypes (Foulkes et al., 2010; Cesca et al., 2020). Ma et al. (Dixon et al., 2012) found that siramesine and lapatinib induced ferroptosis more than other canonical ferroptotic reagents did, implying that lapatinib participated in modulating ferroptosis without targeting EGFR and HER2 (Ma et al., 2016). Moreover, a recent study discovered that neoadjuvant neratinib induced ferroptosis and prevented brain metastasis in Her2-positive BRCA (Nagpal et al., 2019). Furthermore, several studies reported that ferroptosis could be a useful therapeutic target in the treatment of TNBC (Chen et al., 2017; Zhu et al., 2020; Ding et al., 2021; Zhang et al., 2021). It has been found that through the stimulated GCN2-eIF2-ATF4 pathway, CHAC1 degradation of GSH increases cystine-starvation-induced ferroptosis in TNBC cells (Chen et al., 2017). The anti-TNBC impact of DMOCPTL was demonstrated in a cell death method test by triggering ferroptosis via GPX4 ubiquitination (Ding et al., 2021). Chen et al. found that treatment of TNBC cells with holo-Lf increased total iron concentration, boosted ROS production, increased the lipid peroxidation end product malondialdehyde, and improved ferroptosis (Zhang et al., 2021). In addition, chemotherapy, radiotherapy, and immunotherapy were all influenced by ferroptosis; thus, targeting both ferroptosis and the identified biomarkers could be an effective treatment strategy for BRCA (Chen et al., 2021).
The aim of this research was to develop a panel consisting of FRG that could be used to predict the disease-specific survival (DSS) of patients with BRCA and to develop a risk stratification system that could aid diagnosis and provide novel therapeutic strategies.
MATERIALS AND METHODS
An overview of our methodology is summarized in Figure 1.
[image: Figure 1]FIGURE 1 | An overview of our methodology is summarized.
Acquisition of the Gene, miRNA, and Genome Mutation Data; FRG; and Clinical Data
On January 30, 2021, 1,068 patients with BRCA were identified. Their gene, miRNA, genome mutation data (containing somatic mutations and copy number variations (CNV)), and clinical information were downloaded from the TCGA website. On the same day, the gene expression matrix and clinical data of 1,906 patients with BRCA were downloaded from the cBioPortal website. The patients whose data were obtained from both websites were the same patients involved in the Molecular Taxonomy of BRCA International Consortium (METABRIC) project. Since the data from both websites were open to the public, this study was exempted from obtaining the approval of the local ethics committee. The GSE3494 dataset were downloaded from the Gene Expression Omnibus (GEO) database. The current study adhered to the TCGA, METABRIC, and GEO data access and publishing policies. The exclusion criteria were as follows: male sex, incomplete clinical and gene expression data, and less than 30 days of DSS follow-up. Finally, we included 960, 1,900, and 234 patients from the TCGA, METABRIC, and GSE3494 cohorts, respectively. The baseline features of the three cohorts are presented in Table 1.
TABLE 1 | The baseline features of the TCGA, METABRIC and GSE3494 cohorts.
[image: Table 1]The list of FRG was downloaded from the FerrDb website. The website divided FRG into three categories: drivers, which stimulate ferroptosis, suppressors, which prevent ferroptosis, and biomarkers, which reveal the presence of ferroptosis (Zhou and FerrDb, 2020). We reviewed the existing literature to identify these genes, and we subsequently ruled out unrelated genes and added newly discovered genes that were related to this study. The immunohistochemistry (IHC) image data of prognostic ferroptotic proteins were downloaded from the Human Protein Atlas (HPA) database.
Identification of Differentially Expressed and Prognostic Genes
Running the “Limma” R package, the TCGA cohort was used to identify differently expressed FRG by comparing the expression levels in tumor and adjacent normal tissues (log FC > 0.5, FDR <0.05). We subsequently used univariate Cox analysis of DSS to identify prognostic FRG. For survival outcomes, DSS event was defined as death due to BRCA, while no event was defined as death due to causes other than BRCA or a living status. The intersect gene set was identified as the FRG that were both differentially expressed and prognostic. The LASSO process was used to pick and shrink the important variables in the regression panel by running the “glmnet” R package (Tibshirani, 1997; Wang and Liu, 2020). The DSS statuses of the TCGA cohort patients were the response variables in the regression, with the matrix of the intersect gene set as the independent variable. The panel’s penalty parameter was calculated using the cross validation, which was multiplied by ten, and the optimal parameter was the λ value that corresponded to the lowest deviation. The patients’ risk scores were calculated using each of the selected gene expressing values, which were multiplied by their coefficients. The formula was as follows:
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The patients were classified into the high- or low-risk subgroups according to the median cut-off value of the developed panel. PCA and t-SNE were used to investigate the distribution of the two subgroups by running the “Rtsne” R package. The optimal cut-off expressing values for each gene were determined by running the “survminer” R package. The “ggalluvial” R package was used to portray the Sankey map. The predictive ability of the developed panel was determined by time-dependent receiver operating characteristic (ROC) curves by running the R “timeROC” package. The area under curve (AUC) of the ROC curve was determined to show the sensitivity and specificity of the panel in providing a prognostic efficiency, which varied from 0.5–1. Values that were closer to 1 indicated a good prognostic ability.
To establish the miRNA-FRG regulatory network in BRCA. We put the FRG into the starBase database to identify potential miRNAs (Li et al., 2013). We then conducted an analysis in TCGA-BRCA and adjacent normal tissue to identify the different miRNAs. In addition, we sought candidate miRNAs that were only shared by the two databases to enhance the veracity of the prediction. Finally, the network was visualized using Cytoscape. (Supplementary Figure S2).
The “maftools” and “Rcircos” R packages were used for somatic mutations identification and CNV, respectively.
We looked for publications on m6A methylation regulators in the literature and found 23 of them, with 8 writers (METTL3, METTL14, METTL16, RBM15, RBM15B, WTAP, ZC3H13, VIRMA), 2 erasers (FTO and ALKBH5), and 13 readers (YTHDC1, YTHDC2, YTHDF1, YTHDF3, HNRNPC, FMR1, IGFBP3, RBMX, IGFBP1, YTHDF2, HNRNPA2B1, LRPPRC, and KIAA1429).
Function Enrichment Analysis, single-sample Gene Set Enrichment Analysis (ssGSEA), and immunophenoscore (IPS)
Based on the differentially expressed genes between the two stratified subgroups, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were performed by running.
the “clusterProfiler” R package. Differentially expressed genes between the high- and low-risk subgroups were identified (|log2FC| > 1, FDR <0.05). The Benjamini-Hochberg (BH) method was used to adjust the p values.
The “GSVA” R package was used to measure the infiltrating score of 16 immune cells and the activity of 13 immune-related pathways with ssGSEA (Rooney et al., 2015). The Wilcoxon test was also used to look at intergroup variations in putative immunological checkpoints, such as PD-L1, PD-1, and CTLA4. Furthermore, to predict the efficacy of immunotherapy, we downloaded an IPS file of immune checkpoint inhibitors (ICIs) from the Cancer Immunome database; the IPS is a good predictor for responsiveness to CTLA4 and PD-1, and predicts the intergroup differences in response to immunotherapy using CTLA4 and PD-1 blockers (Charoentong et al., 2017).
Statistical Analyses
The gene matrix of tumor and adjacent normal tissues was compared using the Student’s t-test. The Χ2 test was used to compare the proportional differences. The ssGSEA scores of immune cells or pathways were compared between the high- and low-risk subgroups using the Mann-Whitney test with p values that were adjusted by the BH method. The log-rank test was used to compare the DSS of different subgroups using the Kaplan-Meier analysis. The univariate and multivariate Cox regression tests were used to identify independent predictors of DSS. The R program (version 3.6.3) or Statistical Package for the Social Sciences (SPSS), version 20 was used for all statistical analyses. A p value of less than 0.05 was deemed statistically significant, unless otherwise stated, and all p values were two-tailed.
RESULTS
Identification of 177 Differentially Expressed FRG and 40 DSS Prognostic FRG
There were 177 FRG, which were differentially expressed between the tumor and adjacent normal tissues (all FDR <0.05, log FC > 0.5, Figure 2A). In addition, there were 40 FRG, which were associated with DSS (Figure 2A) in the univariate Cox regression study. Moreover, 15 genes were maintained in the intersection of the 177 differentially expressed and 40 prognostic FRG genes. Most of them were upregulated, except for the following genes: ACACB and ALDH3A2 (Figure 2B). CHAC1, SIAH2, MAPT, SFXN2, and ASNS were identified to be the hub genes in the interaction network among these genes. Figure 2D shows the relationship among these genes.
[image: Figure 2]FIGURE 2 | Identification of 177 differentially expressed genes (DEGs) and 40 DSS prognostic FRG. A venn diagram was used to identify overlapping genes (A). Heatmap showed that 15 FRG were differentially expressed in breast cancer tissues and non-cancer tissues (B) Forest plots demonstrated the hazard ratio of the univariate cox analyses in DSS (C). The correlation link of the selected genes in TCGA cohort (D). Lasso regression analysis reduced variable (E, F). Somatic mutations on a query of FRG from TCGA cohort (G) The CNV frequency of FRG from the TCGA cohort (H), red dots represent CNV amplification, while green dots represent CNV deletion.
Development of a Prognostic Panel With the TCGA Cohort, and Analysis of Nine FRG Genome Mutations
The expression values of the 15 overlapped genes were used to create a prognostic panel with the LASSO regression analysis. The following formula was used to measure the risk score. The optimum value of λ was used to identify a nine-gene signature (Figures 2E,F).
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According to the median cut-off value of the nine-gene panel, patients were classified into the high- (n = 480) and low-risk (n = 480) subgroups. In the TCGA cohort, the risk score was associated with the histological type; HER2, ER, and PR statuses; TNM stage, and molecular subtype (Table 2). Moreover, the high-risk subgroup was positively associated with an advanced TNM stage and Her2-positive and TNBC subtypes (Table 2; Figure 4C). All of these indicators were related to an unfavorable prognosis in BRCA patients (Waks and Winer, 2019). The PCA and t-SNE showed that the patients of these two subgroups were distributed in two directions (Figure 3G and Supplementary Figure S1G). The risk score of patients were positively associated with a higher death toll (Supplementary Figures S1A, 1D). The Kaplan-Meier curve consistently showed that the DSS of the high-risk subgroup was substantially shorter than that of the low-risk subgroup (Figure 3A, p = 0.001). The DSS predictive performance of the nine-gene panel was assessed by ROC curves, and the values of the AUC were 0.806, 0.695, and 0.669 in 2, 3, and 5 years, respectively, in the TCGA cohort (Figure 3D). The IHC staining results also provided the levels of seven (including G6PD, SQLE, CHAC1, ALDH3A2, SIAH2, SLC1A4, and SFXN5) of nine prognostic ferroptotic proteins between BRCA and adjacent normal tissues, consistent with the mRNA expression data (Figure 7).
TABLE 2 | Clinical features in different risk subgroups.
[image: Table 2][image: Figure 3]FIGURE 3 | Development the prognostic FRG panel in TCGA cohort (A, D, G). Validation the prognostic FRG panel in METABRIC cohort (B, E, H) and GSE3494 cohort (C, F, I). The Kaplan-Meier curve showed that the DSS of the high-risk subgroup was substantially shorter than that of the low-risk subgroup (A, B, C). AUC time-dependent ROC curves for DSS (D, E, F).
Analysis of Nine FRG Genome Mutations and Establishing the miRNA-Nine-FRG Regulatory Network
The somatic mutations and CNV of nine FRG in breast cancer were initially summarized. Only 18 of the 960 patients (1.88%) had mutations in the nine FRG, and the mutation frequencies were zero in eight of nine except FLT3 (1%; Figure 2G). We found that higher frequencies of CNV deletions were in ALDH3A2, FLT3 and CHAC1; conversely, higher probabilities of CNV amplification were in SQLE, SIAH2 and EGLN2 (Figure 2H). Cytoscape showed that the network contains four hub miRNAs (hsa-miR-23a-3p, hsa-miR-378a-3p, hsa-miR-146a-5p, and hsa-miR-146b-5p). (Supplementary Figure S2).
Validation of the Nine-Gene Panel With the METABRIC and GSE3494 Cohorts
The METABRIC and GES3494 cohorts were used to robustly validate the nine-gene panel using the same formula as that used for the construction of the panel using the TCGA cohort. Correspondingly, the nine-gene panel was also associated with the histological type, tumor grade; HER2, ER, and PR statuses; and TNM stage (Table 2). Similarly, the high-risk subgroup was positively associated with a high tumor grade; an advanced TNM stage; and Her2-positive and TNBC subtypes (Table 2). All of the above indicators were related to an unfavorable prognosis in patients with BRCA (Table 2). The death toll of the high-risk subgroup was also more than that of the low-risk subgroup (Figures 3B,C). The PCA and t-SNE analyses also indicated that the two subgroups were spread in discrete directions, which was consistent with the findings obtained from the TCGA cohort (Figures 3H,I and Supplementary Figures S1H, I). Patients in the high-risk subgroup consistently died from the tumor much sooner than those in the low-risk subgroup (Figures 3B,C), as determined by the Kaplan-Meier curve. Furthermore, the AUC of the ROC curve for the nine-gene panel was 0.706 after 2 years, 0.734 after 3 years, and 0.7 after 5 years in the METABRIC and were respectively 0.624, 0.599, and 0.631 in the GSE3494 cohort (Figures 3E,F).
The Nine-Gene Panel has an Independent Prognostic Significance
We conducted univariate and multivariate Cox analyses to test if the nine-gene panel was an independent predictor of DSS. The univariate Cox regression analysis was conducted to reveal obvious linkages between the nine-gene panel and DSS in both the TCGA and METABRIC cohorts (TCGA cohort: HR = 3.555, 95% confidence interval [CI] = 2.253–5.611, p < 0.001; METABRIC cohort: HR = 2.511, 95% CI = 2.075–3.04, p < 0.001; Figure 4A). After controlling other confounding variables in the multivariate cox regression study, the nine-gene panel remained an independent indicator of DSS (TCGA cohort: HR = 3.51, 95% CI = 1.792–6.875, p < 0.001; METABRIC cohort: HR = 1.76, 95% CI = 1.283–2.413, p < 0.001) (Figure 4B). The panel had a high predictive accuracy for DSS and was even better than the statuses of ER, PR, HER2, tumor size, and lymph nodes. It offered a more reliable predictor of 2 years DSS in the TCGA (AUC = 0.806) and the METABRIC cohorts (AUC = 0.706) (Figures 3D,E). As a result, the panel had an outstanding prognostic benefit for patients with BRCA.
[image: Figure 4]FIGURE 4 | The analysis nine gene panel of FRG based on TCGA. The hazard ratio of univariate and multivariate Cox regression analysis (A,B), (+/ -) means (positive/negative). A Sankey map demonstrated the relationship between FRG risk score and molecular subtypes (C).
Functional Studies Between the Stratified Subgroups
To explore the preliminary function of the nine-gene panel, KEGG pathway enrichment and GO function analyses were performed to compare the two stratified subgroups by running the ClusterProfiler R package (adjust p < 0.05, |logFC| > 1). The GO analysis showed that the genes were significantly enriched in immune-related functions (Figures 5A,B), such as humoral immune response, circulating immunoglobulin-mediated human immune response, complement activation, and classical pathways. These pathways functioned in antigen binding, immunoglobulin receptor binding, and chemokine activity. Furthermore, the KEGG analyses showed that the genes were enriched in the IL−17 signaling pathway, viral protein interaction with cytokine and cytokine receptor, and PPAR signaling pathway. IL−17 signaling transduction could regulate PD-1/PD-L1 and the infiltration of CD8+ T cells in patients with BRCA (Shuai et al., 2020), while the PPAR signaling pathway is activated in patients with TNBC (Lin et al., 2021). The PPAR pathway genes from KEGG analysis differentially expressed between two subgroups. Compared with the low risk subgroup, the expression of MMP1, FABP5, FADS2, FABP7, and ME1 were upregulated, UCP1, PLIN5, ADIPOQ, PLIN4, FABP4, and SLC27A2 were downregulated in high risk subgroup (Supplementary Figure S4). Study found that activating MMP1 expression could increases multi-drug resistance in breast cancer (Shen et al., 2017). The FADS2 activity associated with the aromatase drug letrozole in breast cancer cells (Park et al., 2021). The GO and KEGG analyses both showed that all pathways were immune-related.
[image: Figure 5]FIGURE 5 | The X-axis depicts adjust p values, whereas the Y-axis depicts the enriched mechanism or pathway (A). The X-axis depicts the gene ratio in the overall number of differential expression genes between two subgroups, whereas the Y-axis depicts the enriched mechanism or pathway (B).
Analysis of Immune Cell Enrichment
ssGSEA was used to quantify the scores of various immune cell subpopulations that corresponded to functions and pathways to further investigate the relationship between the nine-gene panel and immune status. Our findings revealed that the types of immune cells were significantly different between the two subgroups (Figures 6A,B). The high-risk subgroup had a significantly higher score than did the low-risk subgroup for most immune cells, including aDCs, CD8+ T, B, dendritic cells, natural killer cells, macrophages, plasmacytoid dendritic cells, T helper, Tfh, Th1 cells, Th2, TIL, and Treg cells, except for the score of mast cells, which was lower (Figures 6A,B). Furthermore, the high-risk subgroup had significantly higher scores for immune functions than did the low-risk subgroup. The immune functions were the check point, type I interferon response, T cell co-stimulation/inhibition, major histocompatibility class I, inflammation promotion, HLA, cytolytic activity, cytokine-cytokine receptor, parainflammation, and antigen presenting cell co-inhibition/stimulation (p < 0.05, Figures 6A,B). Analyses of both the TCGA and the METABRIC cohorts demonstrated that the results of the ssGSEA, GO, and KEGG analyses were consistent with the different immune functions and pathways of the two subgroups.
[image: Figure 6]FIGURE 6 | The role of nine-gene panel in immunotherapy based on TCGA cohort. Boxplots depict the scores of 16 immune cells (A) and 13 immune-related roles (B) in high and low risk subgroup by“ssGSEA”. Expression of immune checkpoints among high and low subgroups, such as CTLA4, PD-L1, PD-1 (C); The immunophenoscore (IPS) distribution was also compared between high and low risk subgroups (D–G). The gene expression levels of 22 m6A from TCGA cohort between two subgroups (H). (ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001; pos means positive; neg means negative).
Analysis of m6A Methylation Regulators
A review summarized m6A methylation (Zaccara et al., 2019) regulators that we used for analysis, with 8 writers (VIRMA, ZC3H13, WTAP, METTL14, METTL16, METTL3, RBM15B, and RBM15), two erasers (ALKBH5 and FTO), and 13 readers (YTHDC1, YTHDC2, YTHDF1, YTHDF3, HNRNPC, FMR1, IGFBP3, RBMX, IGFBP1, YTHDF2, HNRNPA2B1, LRPPRC, and KIAA1429). We found substantial variations in the expression of m6A regulators between high and low risk subgroups (Figure 6H). Compared with the low risk subgroup, the expression of IGFBP3,YTHDF1, HNRNPA2B1, RBM15, FMR1, and LRPPRC were upregulated, RBMX, ALKBH5, RBM15B, YTHDC2, FTO, YTHDC1, METTL3, METTL14, METTL16, and ZC3H13 were downregulated in the high risk subgroup.
The Risk Score Was Characterized by Distinct Immunotherapy Landscapes Circumstance
Targeting the immunological checkpoints CTLA4, PD-L1, and PD-1, has made significant progress in recent years in Her2-positive and TNBC patients. Our results showed that the high-risk subgroup was closely associated with Her2-positive and TNBC subtypes (Figure 4C; Table 2). As a result, we looked at the differences in immunological checkpoint expression between the two subgroups. The results showed that patients in the high-risk subgroup displayed a high abundance of PD-1, CTLA4, and PD-L1 (Figure 6C). Given the significant connection between the risk subgroups and immunological response, the response to ICIs treatment represented by CTLA4/PD-1 inhibitors was further examined in terms of immunotherapy across the two subgroups. Patients in the high-risk subgroup showed higher ICIs scores than those in the low-risk subgroup, when the CTLA4 and PD-1 statuses were both positive or negative (Figures 6D–F). This indicated that patients in the high-risk subgroup, whose CTLA4 and PD-1statuses were both positive or negative, demonstrated a substantial clinical benefit from combination therapy with anti-CTLA4 and anti-PD-1. Our results, taken together, clearly indicate that the nine-FRG panel is linked to immunotherapy response.
DISCUSSION
Cell death plays an essential role in the homeostasis of the body. An advantage of cell death is the prevention of the uncontrolled growth and proliferation of cancer cells, which have excessive energy demands to maintain their infinite self-renewal potential. Cancer is associated with alterations in energy metabolism, antioxidants, and intake of iron (Stockwell et al., 2017). Therefore, tumor cells are more vulnerable to iron-induced necrosis, which is also known as ferroptosis, due to their iron-dependent growth mechanism (Dixon et al., 2012).
A few study developed a similar model to predict BRCA prognosis and validated the FRG expression level using cell lines (Zhu et al., 2021a; Wu et al., 2021). However, it did not consider the molecular subtype and was not based on DSS. Further, only three genes in that model (G6PD, FLT3, and SLC1A4) overlapped with those in our DSS model. After the multivariate Cox regression analysis, the ferroptosis-related nine-gene panel that we discovered demonstrated an excellent prognostic prediction capability in the TCGA, METABRIC, and GSE3494 cohorts. The high-risk subgroup was significantly associated with a high tumor grade, an advanced TNM stage, and TNBC and Her2-positive subtypes, which were all related to poor survival and refractory treatment response. Conversely, the low-risk subgroup was positively associated with positive statuses of ER and PR and a negative HER2 status (Table2), which all corresponded to favorable survival outcomes in the traditional classification. Due to the high recurrence and metastatic rate, Her2-positive BRCA and TNBC have been regarded as refractory and aggressive subtypes (Foulkes et al., 2010; Cesca et al., 2020). Hence, researchers are focusing on exploring more therapeutic methods to fill this gap. Several studies suggested that targeting ferroptosis may be a useful therapeutic approach in the treatment of TNBC and Her2-positive BRCA (Chen et al., 2017; Nagpal et al., 2019; Zhu et al., 2020; Ding et al., 2021; Zhang et al., 2021).
The predictive capability of the nine-gene panel was more significant than those of traditional indicators (Figure 4A) in terms of tumor size, lymph node metastasis, and ER/PR and HER2 statuses, especially for TNBC and Her2-positive BRCA subtypes. This finding suggested that treatment could be escalated or de-escalated depending on patients’ risk stratification combined with canonical methods. However, the relationship between the nine genes and ferroptosis needs further exploration. The median follow-up of the TCGA was 2.5 years when the events was only 8% (Table 1), while METABRIC and GSE3494 cohorts were about 10 years, resulting in the AUC value for 3 years and 5 years DSS prediction is lower than the 2 years in TCGA. The nine-gene panel was a more reliable predictor of 2 years DSS in the TCGA (AUC = 0.806), METABRIC (AUC = 0.706), and GSE3494 cohorts (AUC = 0.624) (Figures 3D–F) because it had a high predictive accuracy for DSS, which was even better than those of the statuses of ER, PR, HER2, and lymph nodes as well as tumor size (Figures 4A,B).
A total of nine FRG constituted our panel. These FRG were ALDH3A2, SIAH2, G6PD, SLC1A4, FLT3, SQLE, EGLN2, SFXN5, and CHAC1. G6PD, SQLE, and CHAC1 were unfavorable genes for BRCA prognosis in this gene panel, and they were significantly overexpressed in the tumor compared with levels in the adjacent tissues (Figures 2B, 7). Contrastingly, the other genes were protective. A few studies have discovered that these nine genes are all associated with ferroptosis. The SQLE gene encodes squalene epoxidase to catalyze the oxidation of squalene that could change the lipid profile of tumor cells and protect them from ferroptosis (Garcia-Bermudez et al., 2019). In addition, it is one of the most significantly upregulated genes in many tumors, especially in BRCA (Xu et al., 2020). Moreover, Qin et al. (Shen et al., 2017) found that SQLE mRNA is stabilized by lnc030 in collaboration with poly (rC) binding protein 2(PCBP2), resulting in an increase in cholesterol synthesis. They suggested that targeting SQLE might be a potential mechanism of terbinafine in the treatment of BRCA (Qin et al., 2021). The G6PD gene encodes glucose-6-phosphate dehydrogenase, which produces NADPH to keep the glutathione (GSH) in balance to inhibit ferroptosis. In addition, G6PD eliminates ROS (Hao et al., 2018). Hence, the upregulation of G6PD facilitates cancer development and is thus associated with a poor prognosis in many forms of carcinomas (Ju et al., 2017; Chen et al., 2018; Zhu et al., 2021b). Likewise, the upregulated expression of CHAC1 could prognosticate unfavorable outcomes in BRCA (Goebel et al., 2012; Li et al., 2021). Additionally, CHAC1 has been discovered to decease intracellular GSH levels, enhancing tumor cell ferroptosis (Chen et al., 2017). Moreover, FLT3, ALDH3A2, and SIAH2 gene depletion or deficiency can result in ferroptosis (Kang et al., 2014; Hassannia et al., 2019; Chillappagari et al., 2020). A loss in ALDH3A2 triggers ferroptosis and cooperates with GPX4 inhibition (Yusuf et al., 2020). SIAH2-deficient cells exhibit increased vulnerability to ferroptosis, and re-expression of GPX4 can rescue these cells from ferroptosis (Chillappagari et al., 2020). Equally, EGLN2 knockdown inhibited ferroptosis in mice, researchers validated the mRNA level of prostaglandin-endoperoxide synthase two b y qPCR, it is as a marker for assessing ferroptosis in vivo; and EGLN2 gene could mediate HIF1A downregulation to promote ferroptosis (Yang et al., 2019). Only few researches have focused on SLC1A4 and SFXN5. However, they did not find an association between these genes and ferroptosis. Nonetheless, SLC1A4 may promote ferroptosis and may function as a marker of ferroptosis, according to the FerrDb website data. Moreover, SFXN5 may be involved in cellular iron ion homeostasis (Tifoun et al., 2021). These two genes need further study to confirm their relationship with ferroptosis. Further, these genes are all linked to the promotion or prevention of ferroptosis in various cancers via multiple mechanisms (Supplementary Figure S3); however, it is unclear whether these genes influence the prognosis of BRCA patients through ferroptosis.
[image: Figure 7]FIGURE 7 | The immunohistochemistry (IHC) of ferroptotic prognostic protein images from the HPA database. The G6PD, SQLE, CHAC1, ALDH3A2, SIAH2, SLC1A4, and SFXN5 proteins level in breast cancer and adjcent normal tissues were shown by the IHC staining.
Recently, researchers have been exploring the role of ferroptosis in tumor therapy. However, the possible regulation of tumor immunity and ferroptosis remains a mystery. The idea that immunity stimulates or inhibits cancer cells is widely known, and targeting the immune checkpoint has become a promising and potential therapeutic approach in recent years. Studies that involved the TCGA and METABRIC cohorts revealed that the majority of the types of immune cells in the high-risk subgroup had higher immune scores than did those in the low-risk subgroup, except for mast cells (Figure 6A). Furthermore, the high-risk subgroup also had excessively higher scores for most immune functions (Figure 6B). There may be a crosstalk between the ferroptosis of cancer cells and those of infiltrating immune cells. One theory is that ferroptotic cancer cells emit distinct signals, which cause phagocytosis and induce antigen presentation by dendritic cells (Friedmann Angeli et al., 2019). Meanwhile, the suppression of ferroptotic activity impairs the capacity of CD8+ T and natural killer cells to destroy cells in vivo (Wang et al., 2019).
The results of the GO analysis suggested that many immune-related pathways and biological processes, such as humoral immune response, circulating immunoglobulin-mediated human immune response, complement activation, and classical pathways were enriched. The enriched KEGG pathways were the IL−17 signaling pathway and the PPAR signaling pathway (Figures 5A,B). The IL−17 signaling transduction regulated the infiltration of CD8+ T cells and PD-1/PD-L1 in BRCA patients (Shuai et al., 2020), while the PPAR signaling pathway was activated in TNBC patients (Lin et al., 2021). Our results demonstrated that the TNBC subtypes (91% in TCGA, 98.7% in METABRIC, Figure 4C) were mostly found in the high-risk subgroup (Table2). The clinical trial of combination anti-PD-1/PD-L1 showed that the progression-free survival was significantly improved in TNBC patients with metastasis (Cortes et al., 2020). The mechanism of anti-PD-L1 antibodies was to trigger ferroptosis, which subsequently enhanced the efficacy of immunotherapy (Wang et al., 2019). The resistance to anti-PD-1/PD-L1 in TNBC cells inhibited ferroptosis and changed the proportion of macrophage cells (Jiang et al., 2021). Therefore, ferroptosis may be induced through changes in the immune system. According to our panel, BRCA patients are stratified into the high- and low-risk subgroups. The patients in the high risk subgroup, whose CTLA4 and PD-1statuses were both positive or negative, demonstrated a substantial clinical benefit from combination therapy with anti-CTLA4 and anti-PD-1 (Figures 6D,F). Therefore, the high-risk subgroup should be administered intensive treatment or immunotherapies, whereas the low-risk subgroup should be administered de-escalated treatment. The relationship between immunity and ferroptosis has not been thoroughly clarified. However, there might be a strong relationship between the immune microenvironment of the tumor and ferroptosis in BRCA patients. Thus, further research is needed to validate the above findings.
Our study has several limitations. First, since ferroptosis research is a new and rapidly expanding field, more FRG are likely to be discovered in the future. Second, because of the observed heterogeneity between different populations, the findings of this retrospective and cross-cohort research need validation by further prospective reviews involving multicenter cohorts. Third, since the data were downloaded from public databases, several important clinical details were not accessible. These inaccessible data included chemotherapy regimens, drug information, and tumor burden, and the lack of these data limited a more in-depth comparison among the TCGA, METABRIC, and GSE3494 data. Finally, since the results are based on RNA sequence, verification of protein expression in terms of immunohistochemistry is needed to conveniently apply our findings in clinical practice.
CONCLUSION
We constructed a DSS prognostic prediction panel involving nine FRG genes in BRCA. This panel was based on FRG and DSS events. In the TCGA, METABRIC, and GSE3494 cohorts, our panel was independently correlated with DSS prognosis. We also found that the tumor immune microenvironment and ferroptosis may have a strong inherent connection with BRCA. This panel could be used to evaluate prognosis and to select patients for escalation/de-escalation treatment. Our research provides a preliminary theory for clinically individualized therapy by targeting ferroptosis genes.
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Background: Altered copper levels have been observed in several cancers, but studies on the relationship between serum copper and early-stage triple-negative breast cancer (TNBC) remain scare. We sought to establish a predictive model incorporating serum copper levels for individualized survival predictions.
Methods: We retrospectively analyzed clinicopathological information and baseline peripheric blood samples of patients diagnosed with early-stage TNBC between September 2005 and October 2016 at Sun Yat-sen University Cancer Center. The optimal cut-off point of serum copper level was determined using maximally selected log-rank statistics. Kaplan-Meier curves were used to estimate survival probabilities. Independent prognostic indicators associated with survival were identified using multivariate Cox regression analysis, and subsequently, prognostic nomograms were established to predict individualized disease-free survival (DFS) and overall survival (OS). The nomograms were validated in a separate cohort of 86 patients from the original randomized clinical trial SYSUCC-001 (SYSUCC-001 cohort).
Results: 350 patients were eligible in this study, including 264 in the training cohort and 86 in the SYSUCC-001 cohort. An optimal cut-off value of 21.3 μmol/L of serum copper was determined to maximally divide patients into low- and high-copper groups. After a median follow-up of 87.1 months, patients with high copper levels had significantly worse DFS (p = 0.002) and OS (p < 0.001) than those with low copper levels in the training cohort. Multivariate Cox regression analysis revealed that serum copper level was an independent factor for DFS and OS. Further, prognostic models based on serum copper were established for individualized predictions. These models showed excellent discrimination [C-index for DFS: 0.689, 95% confidence interval (CI): 0.621–0.757; C-index for OS: 0.728, 95% CI: 0.654–0.802] and predictive calibration, and were validated in the SYSUCC-001 cohort.
Conclusion: Serum copper level is a potential predictive biomarker for patients with early-stage TNBC. Predictive nomograms based on serum copper might be served as a practical tool for individualized prognostication.
Keywords: serum copper level, early-stage triple-negative breast cancer, prognostic nomograms, maximally selected log-rank statistics, survival
INTRODUCTION
Triple-negative breast cancer (TNBC), characterized by the absence of estrogen receptor (ER), progesterone receptor (PR), and human epidermal growth factor receptor 2 (HER-2), is a heterogenic and aggressive subtype of breast cancer. TNBC is associated with a high risk of early relapse, a high degree of invasiveness, and poor prognosis (Kim et al., 2018; Wang et al., 2021). Early-stage TNBC, defined as staged at I-III according to the American Joint Committee on Cancer (AJCC) 2016 (eighth edition) staging criteria (Amin et al., 2017), accounts for 15–20% of all newly diagnosed cases of early breast cancer (Dawson et al., 2009), and its treatment mainly depends on chemotherapy. Despite recent therapeutic advances, nearly 30% of patients with early-stage TNBC remain to develop disease progression within 3–5 years after the diagnosis despite receiving standard chemotherapy (Haffty et al., 2006; Dent et al., 2007; Chaudhary, 2020). Therefore, the identification of effective prognostic markers and development of individualized therapeutic strategies for TNBC patients are critical and necessary.
Copper is an essential element involving in many biological functions, including protein formation, enzyme activation, oxidation-reduction reactions, immunity development, and signaling pathways (Denoyer et al., 2015; Setty et al., 2008; Bhattacharjee et al., 2017). Copper deficiency has been associated with multiple diseases, such as Menkes disease, mild occipital horn syndrome, and bone marrow suppression (Brewer et al., 2000; Tang et al., 2006; Kaler, 2011; Chan et al., 2017). In addition, excessive copper is also harmful and related to diseases like Wilson disease, lymphoma, breast, colon, and lung cancers (Terada et al., 1999; Gupte and Mumper, 2009; Juloski et al., 2020). Copper chelators have been explored to decrease cell proliferation, angiogenesis, tumor growth, and reverse epithelial-mesenchymal transition (Ishida et al., 2013; Brady et al., 2014; MacDonald et al., 2014; Chan et al., 2017). Furthermore, increased serum copper levels have been associated with disease progression or drug resistance in several malignancies, including advanced breast cancer (Mookerjee et al., 2006; Gupte and Mumper, 2009; Majumder et al., 2009; Kaiafa et al., 2012). These findings suggest that the serum copper level might be served as a biomarker for monitoring tumor progression and treatment efficacy. However, the clinical value of serum copper in patients with early-stage TNBC is poorly investigated.
To address this need, we aimed to explore the relationship between baseline serum copper levels and the survival prognosis of patients with early-stage TNBC in this study, furtherly, we hoped to develop prognostic models combining serum copper levels and clinicopathological factor for individualized survival predictions and personalized decision-making.
METHODS AND PATIENTS
Study Design and Patient Eligibility
This study retrospectively analyzed the relationship between serum copper levels and the prognosis of patients with newly diagnosed TNBC at Sun Yat-sen University Cancer Center (SYSUCC) between September 2005 and October 2016. The study was approved by the ethics committee of SYSUCC (Registration number: B2021-218-01), written informed consent from patients was waived because of the retrospective nature of current study and the anonymous processing of patient information. We covered all personal data confidentially and conducted this study in accordance with the Declaration of Helsinki.
Patients were eligible for inclusion in this study if they met the following criteria: 1) women with pathologically diagnosed breast cancer without distant metastasis (e.g. brain, bone, live, lung) at the time of diagnosis, 2) age ≥18 years old, 3) ER/PR-negative, which was considered as <1% positive cells by immunohistochemistry (IHC) staining; HER2-negative tumor, which was defined as a score of 0 or 1 + on IHC or a score of 2 + on IHC without ERBB2 gene amplification on fluorescence in situ hybridization, 4) early-stage tumor, i.e., T1-4N0-3M0 according to the AJCC 2016 criteria (eighth edition) (Amin et al., 2017), and 5) availability of complete clinicopathological data and peripheric blood samples obtained within 1 week of the diagnosis for serum copper detection. Key exclusion criteria included: 1) pregnancy or lactation, 2) a history of breast cancer and other primary tumors, 3) severe or uncontrolled infection, and 4) severe metabolic disorder.
Sample Collection and Serum Copper Measurement
Patients’ clinicopathological data were hand-retrieved from the electronic medical records system of SYSUCC. The peripheric blood samples collected at the time of diagnosis and before the initiation of any anti-cancer treatment were obtained from the tumor resource library of SYSUCC. The serum copper level of the participants was measured using the Copper Assay Kit (PAESA chromogenic method) of the Roche cobas 8,000 system (BSBE, Beijing, China).
Follow-Up and Endpoints
Patients were monitored every 3 months during the first 2 years, every 6 months during the subsequent 5 years, and once a year thereafter. The monitoring assessments included routine hematological and laboratory tests, menopausal status, breast and abdominal ultrasonography or computed tomography. X-ray and bone scans were performed annually.
The primary endpoint was disease-free survival (DFS), which was defined as the time from the date of diagnosis to the date of first sign of disease progression or death due to any cause. The secondary endpoint was overall survival (OS), which was defined as the time from the date of diagnosis to the date of death due to any cause.
Statistical Analysis
Age was listed as mean with range, and categorical variables were represented as frequencies with percentages. The optimal cut-off value of serum copper level was determined by the maximally selected log-rank statistics using the “maxstat” package of R software (Hothorn and Zeileis, 2008). X-tile analysis of the 10-years OS was also conducted using the survival data of patients in the training cohort to decide the best cut-off point for serum copper level (Camp et al., 2004). Survival curves were estimated using the Kaplan-Meier method and compared with the log-rank test between the copper-high group and copper-low group. Variables achieving a p value <0.05 in the univariate Cox regression analysis could enter the backward stepwise multivariate Cox proportional hazards model, which has been tested on basis of the Schoenfeld residuals (Wileyto et al., 2013), and their hazard ratios (HRs) with 95% confidence intervals (CIs) were estimated. A predictive model incorporating serum copper and other independent clinicopathological factors identified from the multivariate Cox regression analysis was established and graphically presented as a nomogram, its discriminative performance and predictive accuracy were evaluated using the concordance index (C-index), which ranges from 0.5 (random chance) to 1.0 (perfect prediction), and calibration curves, whose Y-axis represents the actual observation of the survival rate, X-axis represents the survival rate predicted by the established nomogram, in both the training cohort and theSYSUCC-001 cohort. A two-sided p value < 0.05 was considered statistically significant. All statistical analyses were performed using R software (“rms” package, version 4.0.1; Vanderbilt University, Nashville, TN).
RESULTS
Clinicopathological Characteristics of Patients in the Training Cohort
After removing 75 patients with incomplete information, including 30 patients without Ki-67 index data, 38 patients without histological tumor grades, 4 patients without lymphovascular invasion data, and 3 patients without T-stage information (Figure 1), a total of 350 women with early-stage TNBC were eligible in the final analysis, including 264 patients in the training cohort, 86 patients in the SYSUCC-001 cohort. Specific patient clinicopathological characteristics in the training and SYSUCC-001 validation cohorts are shown in Table 1. In the training cohort, the mean age was 48 years [interquartile range (IQR), 41–57 years]. 169 (64.0%) women were premenopausal. Majority patients (98.9%) were pathologically diagnosed with invasive ductal carcinoma, and over half patients (56.1%) had tumors with a histological grade of 3. T1, T2, T3, and T4 tumors were presented in 90 (34.1%), 145 (54.9%), 23 (8.7%), and 6 (2.3%) patients, respectively. More than half the women (58.0%) were staged at N0, while the N1, N2, and N3 stages were present in 60 (22.7%), 27 (10.2%), and 24 (9.1%) women, respectively. In the SYSUCC-001 cohort, the mean age was 43.5 years (IQR, 37–51 years). Premenopausal women accounted for 79.1% (68). All patients were pathologically diagnosed with invasive ductal carcinoma, and 69 (80.2%) patients were histologically graded at 3. T1, T2, T3, and T4 tumors were showed in 29 (33.7%), 53 (61.6%), 2 (2.3%), and 2 (2.3%) patients, respectively. 52 (60.5%) women were staged at N0, and the N1, N2, and N3 stages were present in 19 (22.1%), 6 (7.0%), and 9 (10.5%) women, respectively.
[image: Figure 1]FIGURE 1 | Flow chart of patient selection in this study.
TABLE 1 | Characteristics of patients eligible in this study.
[image: Table 1]Optimal Cut-Off Value of Serum Copper Level in the Training Cohort
Using maximally selected log-rank statistics, we determined that a cut-off point of 21.3 μmol/L for the baseline serum copper level would maximally divide patients into two copper-stratified groups (Figure 2), i.e., the copper-high group and the copper-low group. Consistently, the X-tile analysis based on the 10-years OS (Supplementary Figure S1) also resulted in a same cut-off serum copper level of 21.3 μmol/L (χ2 log-rank value, 11.5172). In the training cohort, the serum copper level was ≤21.3 μmol/L among 237 (89.8%) women and >21.3 μmol/L among 27 (10.2%) women. In the SYSUCC-001 cohort, 84 (97.7%) TNBC patients had a value ≤21.3 of the serum copper and 2 (2.3%) patients had the serum copper level >21.3 μmol/L.
[image: Figure 2]FIGURE 2 | Determination of the cut-off value of 21.3 μmol/L for serum copper level by using maximally selected log-rank statistics.
Survival Outcomes
After a median follow-up of 87.1 months (interquartile range, 67.6–113.4 months), we observed 64 DFS events and 51 deaths in training cohort, whose estimated 5-years DFS rates and 5-years OS rates were 79.6% (95% CI 74.8–84.6) and 83.7% (95% CI 79.3–88.4), respectively (Supplementary Figure S2).
In the training cohort, patients with high copper levels had significantly worse DFS (p = 0.002) and OS (p < 0.001) than patients with low copper levels (Figure 3). The estimated 5-years DFS rates in the copper-high and copper-low groups were 61.3% (95% CI: 45.0–83.4) and 81.6% (95% CI: 76.8–86.1), respectively (Figure 3A). The estimated 5-years OS rates in the copper-high versus copper-low groups were 69.4% (95% CI: 53.8–89.6) versus 85.3% (95% CI: 80.9–90.0) (Figure 3B).
[image: Figure 3]FIGURE 3 | Kaplan-Meier survival curves stratified based on the baseline serum copper level in the training cohort. (A) Kaplan-Meier estimates of disease-free survival (DFS) probability. (B) Kaplan-Meier estimates of overall survival (OS) probability. Copper-low level: ≤21.3 μmol/L, Copper-high level: >21.3 μmol/L.
Establishment of the Prognostic Model
The results of the univariate Cox regression analyses of DFS and OS in the training cohort are shown in Table 2, which identified following indicators associated with DFS among women with early-stage TNBC: age, lymphovascular invasion, T stage, N stage and serum copper level. Further multivariate Cox regression analysis demonstrated that N stage and serum copper level remained independent factors for DFS (Figure 4A). Based on the above two independent prognostic indicators, a prognostic model for individualized prediction of DFS was constructed and represented as a graphical diagram (Figure 5A).
TABLE 2 | Univariate Cox regression analysis of disease-free survival and overall survival in women with breast cancer in the training cohort.
[image: Table 2][image: Figure 4]FIGURE 4 | Results of final multivariate Cox regression analyses in the training cohort are represented as forest plots. (A) Forest plot of disease-free survival (DFS) probability. (B) Forest plot of overall survival (OS).
[image: Figure 5]FIGURE 5 | Development and validation of prognostic model for individualized prediction of disease-free survival (DFS). (A) Nomogram of current prognostic model for patients with early-stage triple-negative breast cancer. (B) Calibration curves for predicting DFS at 1-, 3-, and 5-years in the training cohort. (C) Calibration curves for predicting DFS at 1-, 3-, and 5-years in the SYSUCC-001 cohort.
Variates achieving the predetermined significance level (p < 0.05) in the univariate Cox regression analysis of OS in the training cohort (Table 2), including age, menopausal status, lymphovascular invasion, T stage, N stage and serum copper level, were furtherly analyzed in the multivariate Cox regression analysis (Figure 4B), which revealed that age, N stage and serum copper level were still significantly associated with OS. Using these three independent prognostic indicators, we developed a prognostic model for the individualized prediction of OS (Figure 6A). Through our nomogram models, clinicians and patients could individually predict patients’ prognosis, for example, patients with high serum copper levels assign a high score both on its point scale and on the total point scale, which determinates a poor prognosis, additional care and frequently monitoring are essential for them.
[image: Figure 6]FIGURE 6 | Development and validation of prognostic model for individualized prediction of overall survival (OS). (A) Nomogram of current prognostic model for patients with early-stage triple-negative breast cancer. (B) Calibration curves for predicting OS at 1-, 3-, and 5-years in the training cohort. (C) Calibration curves for predicting OS at 1-, 3-, and 5-years in the SYSUCC-001 cohort.
Evaluation of the Performance of the Prognostic Model
The prognostic nomogram of DFS showed excellent discriminative ability and predictive accuracy. The C-index after bootstrap correction was 0.689 (95% CI 0.621–0.757) in the training cohort and 0.704 (95% CI 0.577–0.831) in the SYSUCC-001 cohort. Calibration curves for the DFS probability at 1-, 3-, and 5-years in the training and SYSUCC-001 cohorts both demonstrated satisfactory consistency between the nomogram-predicted and actual survival (Figures 5B,C).
The prognostic nomogram of OS also showed satisfactory discrimination, with an excellent C-index of 0.728 (95% CI 0.654–0.802) in the training cohort and 0.653 (95% CI 0.487–0.819) in the SYSUCC-001 cohort. The calibration curves for the probability of OS at 1-, 3-, and 5-years (Figures 6B,C) also suggested good agreement between the observed and nomogram-predicted survival.
DISCUSSION
In current study, we found that patients with early-stage TNBC were a heterogeneous population with different serum copper levels. According to maximally selected log-rank statistics, we determined that 21.3 μmol/L was the best cut-off value of serum copper to stratify patients into two different groups. Moreover, multivariate Cox analysis identified high serum copper level as an independent factor influencing survival. Prognostic nomograms incorporating serum copper level and other clinicopathological factors were developed, which showed excellent discrimination and good consistency between the nomogram-predicted survival and actual observations in both the training and SYSUCC-001 cohorts.
As a catalytic cofactor and a structural component of various proteins and enzymes, copper is indispensable for organisms, and its homeostasis is crucial for many physiological functions (Denoyer et al., 2015; Setty et al., 2008; Bhattacharjee et al., 2017; Juloski et al., 2020; Shanbhag et al., 2019; Chan et al., 2020). Copper dysregulation and variations in copper metabolism-related proteins have been found in many tumors, including breast cancer (Terada et al., 1999; Gupte and Mumper, 2009; Hlynialuk et al., 2015; Juloski et al., 2020). The multifaceted effect of copper on carcinogenesis has been confirmed, it not only interrupts the initiation and progression of tumors but also promotes cell proliferation, angiogenesis, cell growth, and cell migration (Brady et al., 2014; Angelé-Martínez et al., 2017; Lelièvre et al., 2020). Thus, copper chelators or ionophores that deplete or increase the copper level in tumors have been explored in preclinical studies, and been reported to have promising clinical value (Chan et al., 2017; Xu et al., 2018; Chan et al., 2020; Cui et al., 2021).
In 1975, Schwartz firstly reported the potential value of copper in the diagnosis and prognostication of tumors (Schwartz 1975). Gupte and Mumper recently found increased serum copper levels and oxidative stress in multiple malignancies, these factors are the hallmarks of a range of cancers, and may thus provide a basis for the development of potential novel anti-cancer treatments, such as copper chelators (Gupte and Mumper, 2009). A study of patients with hematological malignancies demonstrated that serum copper levels declined and even normalized during tumor remission, but rebounded to the pre-treatment levels when relapses occurred (Kaiafa et al., 2012). High serum copper levels have also been confirmed to be associated with tumor progression, staging, and chemotherapy resistance among patients with metastatic colon, advanced breast, and lung cancers, serum copper levels among non-responders were approximately 130–160% of that in responders (Denoyer et al., 2015; Majumder et al., 2009; Lelièvre et al., 2020). Given the short half-life of copper (Lelièvre et al., 2020), and its central role in cancer development from tumorigenesis to metastasis, we think that serum copper level may be a promising biomarker for prognostication and the monitoring of treatment efficacy.
However, some studies on breast and colon cancers have reported that the serum copper level was lower in tumor tissues than in normal tissues (Lelièvre et al., 2020; Kucharzewski et al., 2003). Leila et al. also did not support the association between copper level and breast cancer in their meta-analysis, but the heterogeneity among the original studies enrolled in this meta-analysis should be noted (Jouybari et al., 2020), which is similar to other meta-analyses on Hodgkin lymphoma and lung cancer (Mahabir et al., 2010; Thompson et al., 2010). At present, there is no consensus on the relationship between serum copper level and cancers, and studies investigating this associations especially in early-stage TNBC remain rare. Thus, it is necessary to explore the relationship between serum copper and TNBC.
Based on the stratification of serum copper levels, we established prognostic models that incorporated the serum copper level and other clinicopathological factors, including age and N stage, which is an indicator of metastasis (Amin et al., 2017). Compared with the previous 21-gene, MammaPrint, and PAM50 predictive models, our nomograms are more economical and easily applicable in clinical practice. The 21-gene test is limited to lymph node-negative patients with early-stage ER+/PR+, HER2-breast cancer, its prognostic performance in other breast cancer subtypes and in lymph node-positive breast cancers is poorly understood (Poorvu et al., 2020). PAM50 was developed based on the mRNA levels of 50 genes in order to discriminate intrinsic breast cancer subtypes and stratify relapse risks, the C-index of its prognostic value is 0.63–0.67 (Gnant et al., 2015; Wallden et al., 2020). MammaPrint is a diagnostic assay based on 70 genes and evaluates the distant recurrence risk in early-stage breast cancer. This test has been validated in a real-world study, wherein it achieved a C-index of 0.614 (Ibraheem et al., 2020). These findings suggest that our prognostic models have a better predictive accuracy. Additionally, despite the TNM staging system, several predictive models were explored according to inflammatory status, tumor marker, stromal tumor-infiltrating lymphocytes, gene signature and so on with C-index from 0.69 to 0.77 (Shi et al., 2019; Yang et al., 2019; Zheng et al., 2020), compared with these models, our predictive nomogram achieved a comparative prognostic accuracy, and is more economic and convenient. Moreover, our study innovatively proposes a prognostic model in view of the impact of trace element copper with clinicopathological factors.
There are some limitations to our study. Firstly, as a retrospective study, selection bias and incomplete data were inevitable, an external validation rather than a same-institute validation might enhance the power of our predictive models. We minimized the risk of selection bias by enrolling all eligible patients to date and validating our results in a relatively separate cohort. Secondly, the serum cooper might be influenced by food, but we failed to obtain and explore information of patients’ dietary, so a prospective study to control these potential confounding factors and validate the prognostic value of our nomograms is warranted in future. Thirdly, we only explored the relationship between the baseline serum copper level at the time of diagnosis and early-stage TNBC. We did not measure the serum copper levels in healthy control subjects without TNBC, and monitor the dynamic changes in serum copper levels during the treatment of TNBC. Fourthly, this study was limited to patients from China, so the extension of our results to patients from other geographic regions or with other racial backgrounds should be done with caution. Finally, fundamental cytological studies and investigations of the underlying mechanisms are necessary to further explore the usefulness of serum copper levels in early-stage TNBC.
In conclusion, we proposed an optimal cut-off value of baseline serum copper levels to maximally distinguish women with early-stage TNBC into different risk groups in current study. Based on this serum copper level cut-off, we developed and validated prognostic models for personalized survival predictions, resulting in satisfactory discrimination and good agreement between the nomogram-predicted and actual survival for survival in training and validations cohorts.
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Supplementary Figure S1 | Determination of the cut-off value of serum copper level and survival analyses. X-tile analysis of 10-year OS was performed using the patients’ data to identify the best cut off value for serum copper level. The optimal cut-off points highlighted by the black circles in the left panels are shown as histograms of the entire cohort (middle panels), and Kaplan-Meier plots are displayed in the right panels. The optimal cut-off value for serum copper level was 21.3 μmol/L (χ2 = 11.5172, P = 0.0189).
Supplementary Figure S2 | Kaplan-Meier survival curves with log-rank test in the training cohort. A: Kaplan-Meier estimates of disease-free survival (DFS) probability. B: Kaplan-Meier estimates of overall survival (OS) probability.
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Objective: To establish a lncRNA panel related to ferroptosis, tumor progression, and microenvironment for prognostic estimation in patients with glioma.
Methods: LncRNAs associated with tumor progression and microenvironment were screened via the weighted gene co-expression network analysis (WGCNA). Overlapped lncRNAs highlighted in WGCNA, related to ferroptosis, and incorporated in Chinese Glioma Genome Atlas (CGGA) were identified as hub lncRNAs. With expression profiles of the hub lncRNA, we conducted the least absolute shrinkage and selection operator (LASSO) regression and built a ferroptosis-related lncRNA signature to separate glioma patients with distinct survival outcomes. The lncRNA signature was validated in TCGA, the CGGA_693, and CGGA_325 cohorts using Kaplan-Meier survival analysis and ROC curves. The ferroptosis-related lncRNA panel was validated with 15 glioma samples using quantitative real-time PCR (qRT-PCR). Multivariate Cox regression was performed, and a nomogram was mapped and validated. Immune infiltration correlated to the signature was explored using TIMER and CIBERSORT algorithms.
Results: The present study identified 30 hub lncRNAs related to ferroptosis, tumor progression, and microenvironment. With the 30 hub lncRNAs, we developed a lncRNA signature with distinct stratification of survival chance in patients with glioma in two independent cohorts (HRs>1, p < 0.05). The lncRNA signature revealed a panel of 14 lncRNAs, i.e., APCDD1L-AS1, H19, LINC00205, LINC00346, LINC00475, LINC00484, LINC00601, LINC00664, LINC00886, LUCAT1, MIR155HG, NEAT1, PVT1, and SNHG18. These lncRNA expressions were validated in clinical specimens using qRT-PCR. Robust predictive accuracies of the signature were present across different datasets at multiple timepoints. With univariate and multivariate regressions, we demonstrated that the risk score based on the lncRNA signature is an independent prognostic indicator after clinical factors were adjusted. A nomogram was constructed with these prognostic factors, and it has demonstrated decent classification and accuracy. Additionally, the signature-based classification was observed to be correlated with multiple clinical characteristics and molecular subtypes. Further, extensive immune cells were upregulated in the high-risk group, such as CD8+ T cell, neutrophil, macrophage, and myeloid dendritic cell, indicating increased immune infiltrations.
Conclusion: We established a novel ferroptosis-related lncRNA signature that could effectively stratify the prognosis of glioma patients with adequate predictive performance.
Keywords: long non-coding RNAs, prognostic signature, glioma, the cancer genome atlas, chinese glioma genome atlas
INTRODUCTION
Glioma is the most common intracranial malignancy, accounting for 80% of brain malignancies and 30% of brain tumors (de Robles et al., 2015). Adult diffused gliomas were classified into lower-grade glioma (LGG) and glioblastoma multiforme (GBM), as indicated in the 2016 World Health Organization (WHO) classification (Louis et al., 2016; Wen and Huse, 2017). While GBM presents an inferior prognosis with a median survival of 14.6 months (Lara-Velazquez et al., 2017), most LGG progresses to GBM, leading to an unfavorable overall survival rate (Ostrom et al., 2014; Claus et al., 2015; Lim et al., 2018; Kirby and Finnerty, 2020). Interestingly, patients with LGG could decease within months post-surgery while those with GBM lived for years in some cases, which indicates that the current classification of gliomas does not reflect the distinct survival outcomes (Chen et al., 2017). To evaluate prognosis and develop therapeutic strategies, molecular biomarkers including O6-methylguanine-DNA methyltransferase (MGMT) methylation, codeletion of chromosome 1 and 19 (1p/19q), mutations in isocitrate dehydrogenase (IDH) are under active investigation in patients with glioma (Molinaro et al., 2019). Although these molecular biomarkers are implicated in the regulation of cancer cell proliferation and death (Ceccarelli et al., 2016), it remains a challenge to inform individual prognosis and treatment. Therefore, novel biomarkers are warranted for prognostic stratification and therapeutic strategies.
Ferroptosis, a novel form of programmed cell death, is characterized by the aberrant accumulation of lipid peroxide related to iron metabolism (Dixon et al., 2012). Various types of cancer cells were observed to be sensitive to ferroptosis (Eling et al., 2015; Belavgeni et al., 2019; Carbone and Melino, 2019), which may alter the process of cancer development and therapies (Gan, 2019; Liang et al., 2019; Stockwell and Jiang, 2019). Additionally, genes with regulatory effects on ferroptosis, such as P53 (Junttila and Evan, 2009), DPP4 (Enz et al., 2019), and HSPB1 (Arrigo and Gibert, 2012), are associated with the development and progression of cancers. Besides, ferroptosis-related genes have shown potentials to be prognostic biomarkers in glioma (Liu et al., 2020; Zhuo et al., 2020), indicating the significance of ferroptosis in glioma.
Long non-coding RNAs (lncRNAs) are a type of transcripts with more than 200 nucleotides which does not code for proteins (Clark et al., 2012). lncRNAs are the major component of human transcriptome with a proportion up to 80% (Hong et al., 2020). Owing to the ubiquitous regulatory effect of lncRNAs, it is involved in tumorigenesis in numerous cancers. Moreover, dysregulation of lncRNAs has been reported to be associated with the pathogenicity of gliomas (Bhan et al., 2017). Further, there has been emerging reports of lncRNA signatures in predicting survival of glioma patients (Wang et al., 2018; Luan et al., 2019; Xia et al., 2020). A ferroptosis-related lncRNAs signature was observed to be associated with prognosis, tumor microenvironment, and response to radiotherapy in glioma (Zheng et al., 2021). However, the previous study used median risk scores for each dataset, leading to half-by-half classifications and potential false-positive results. In machine learning models, a consistent cutoff value for different datasets enhances generalizability, and thereby increasing applicability in real world.
In the present study, we sought to establish a ferroptosis-related lncRNA signature with transcriptomic and clinical data from the Cancer Genome Atlas (TCGA) and two cohorts from the Chinese Glioma Genome Atlas (CGGA). We analyzed the expression profiles of ferroptosis-related lncRNAs and fitted key lncRNAs into a prediction model, which was rigorously validated in three datasets with the same cutoff value. Our data indicate that the ferroptosis-related lncRNA signature is ready to serve as a novel prognostic panel, and therapies targeting these lncRNAs might yield effective results.
MATERIALS AND METHODS
Data Collection
RNA sequencing (RNA-seq) data and corresponding clinical information of 698 glioma samples were taken from TCGA (https://portal.gdc.cancer.gov), while the test datasets with 693 glioma samples (CGGA_693) as well as with 325 samples (CGGA_325) was retrieved from the CGGA (http://www.cgga.org.cn). Then ferroptosis-related genes were retrieved from previous literature (Liu et al., 2020).
Coexpression Network Identified Clinically Relevant Long Non-Coding RNAs
The lncRNAs associated with tumor progression and microenvironment were screened using the weighted gene co-expression network analysis (WGCNA) package (Langfelder and Horvath, 2008). Samples and lncRNAs were filtered with statistical tests, while outliers were detected with hierarchical clustering. Then we selected the soft threshold and engendered the hierarchical clustering tree. Module eigengene (ME) representing the overall expression level of the module was calculated, and the Pearson correlation coefficients between lncRNA modules and clinical traits were calculated to identify modules of interest. Modules with correlation coefficients >0.5 with regarding to tumor grade and ESTIMATE scores were identified, and lncRNAs in these modules were identified as clinically relevant lncRNAs.
Subsequently, we calculated the correlation coefficients between each gene expression in the specific module and clinical trait, and the value of coefficients were defined as gene significance (GS). Module memberships (MMs) were defined as the coefficients between gene expression and MEs. Correlations between GS and MMs were analyzed to verify the significance of lncRNAs in the specific module.
Identification of Hub Long Non-Coding RNAs and Development of a Prognostic Signature
Based on the list of clinically relevant lncRNAs, we identified specific ferroptosis-related lncRNAs whose expression was correlated to ferroptosis-related genes (Pearson Cor>0.5 and p < 0.05). Overlapped lncRNAs indexed in the ferroptosis-related lncRNA list, highlighted in WGCNA, and incorporated in CGGA were identified as hub lncRNAs. With expression profiles of the hub lncRNA, we conducted the least absolute shrinkage and selection operator (LASSO) regression analysis (Meier et al., 2008) and selected key lncRNAs in TCGA dataset. Subsequently, we calculated the individualized risk score with coefficients and expression levels of the key lncRNAs, which stands for a ferroptosis-related prognostic signature that separates the high-risk glioma patients from the low-risk ones. The formulae for risk score were as follows.
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(Xi represents the identified hub lncRNA expression, and βi represents the corresponding coefficient.)
TCGA-glioma patients were divided into high-risk and low-risk groups based on the median risk score as the cutoff. Then the clinical relevance was validated using Kaplan-Meier survival analysis between risk groups. The prognostic signature was presented as a risk plot that includes the distribution of risk score and classification of survival status for patients in different groups. The time-dependent receiver operating characteristic (ROC) analysis was performed (Heagerty et al., 2000), and the area under the curve (AUC) was calculated to evaluate the prognostic accuracy in the TCGA-glioma patients at 1-year, 3-years, and 5-years post-operation. AUC>0.7 was considered adequate accuracy. The prognostic signature with the same risk score formula and cutoff value was then validated in the CGGA-glioma patients. It was then validated in CGGA using Kaplan-Meier survival analysis, ROC curves, as well as a risk plot.
The Independently Prognostic Value of the Signature
The univariate and multivariate Cox regressions were conducted to determine whether the prognostic signature was independent of clinical characteristics as well as to identify other independent prognostic factors. To determine whether the signature was independent of additional treatment, we also conducted subgroup survival analysis with variables of chemotherapy and radiotherapy. A nomogram was constructed with these prognostic factors using the rms R package, and it was validated using calibration plot (Qiu et al., 2020). Additionally, the correlation between the prognostic signature and clinical characteristics were explored by chi-square test using TCGA.
Quantitative Real-Time PCR Analysis of Long Non-Coding RNAs in Glioma Tissues
A total of 15 glioma specimens (nine LGG vs six high-grade gliomas [HGG]) were obtained from the Department of Neurosurgery, First Affiliated Hospital of Nanjing Medical University. All specimens were stored in liquid nitrogen, and all patients provided informed consent. The collecting of specimens was approved by the Ethics Committee of First Affiliated Hospital of Nanjing Medical University (No: 2020-SRFA-167).
Total RNA extraction was performed by standard procedures. quantitative real-time PCR (qRT-PCR) was conducted using Oligo primers (Tsingke Biotechnology, for indicated lncRNAs with AceQ qPCR SYBR Master Mix (Vazyme, Q141-02). In all assays, GAPDH served as normalization control. Data were analyzed using the −ΔΔCt method with each test performed in triplicate.
Immune Infiltration Correlated to the Long Non-Coding RNAs Signature
To explore the immune infiltration in the glioma samples stratified by the signature, immune cell abundances were calculated using TIMER (Li et al., 2020) and CIBERSORT (Newman et al., 2015). Between-group comparisons were conducted using Wilcoxon test, and immune cell types with p < 0.05 were kept for visualization.
Statistical Analysis
Cox regression analysis and Kaplan-Meier method were performed for survival analysis, where Cox p-values and log-rank p-values were calculated. Pearson correlation was applied to determine significant correlations between continuous variables, while chi-square test was adopted to delineate correlations between categorical variables. PCR data were analyzed with independent T tests between groups. Multiple T tests were corrected using the Two-stage linear step-up procedure of Benjamini, Krieger and Yekutieli, with q = 1% being statistically significant (Benjamini et al., 2006). Data were analyzed using R software 4.1.1 and GraphPad Prism 8.3.0, where p-value<0.05 was regarded as statistically significant.
RESULTS
Identification of Hub Long Non-Coding RNAs and Enrichment Analysis
The flow chart of the present study is presented in Figure 1. Using the WGCNA package, we performed the hierarchical clustering and detected one outlier (Figure 2A). With the cutoff value of 0.95 in Scale-free R2, the soft-thresholding power was set to be five (Figure 2B). The clustering dendrograms identified 14 modules (Figure 2C), out of which the turquoise module was significantly correlated with tumor grade as well as tumor microenvironment (Cor>0.5, Figure 2D). To be specific, features including tumor grade, ESTIMATE combined score, stromal score, and immune score were highlighted. Scatterplots of GS for the aforementioned features versus MM in the turquoise module exhibit a marked correlation, suggesting the functional significance of these lncRNAs in the turquoise module (Figures 2E–H). Therefore, a total of 1223 clinically relevant lncRNAs embedded in the turquoise module were selected.
[image: Figure 1]FIGURE 1 | Work flow of the present study.
[image: Figure 2]FIGURE 2 | WGCNA using lncRNA expressions (A) Sample clustering to detect outliers (B) Soft threshold selection (C) Cluster dendrogram to distinguish modules (D) Correlation matrix between modules and clinical traits (E–H) Scatter plot with GS and MM in the turquoise module with regard to tumor grade (E), ESTIMATE combined score (F), ESTIMATE stromal score (G), and ESTIMATE immune score (H).
Development and Validation of the Prognostic Signature
Out of the 1223 lncRNAs in the turquoise module, 303 lncRNAs were related to ferroptosis. After intersecting the 303 ferroptosis-related lncRNAs with the gene list of CGGA, we retrieved 30 hub lncRNAs (Figure 3A). The correlation between the expressions of 30 hub lncRNAs (columns) and ferroptosis-related genes (rows) was presented in Figure 3B. The forest plot showing prognostic value of the 30 hub lncRNAs was presented in Figure 3C. With the 30 hub lncRNAs, we selected 14 key lncRNAs with Lasso regression using TCGA dataset (Figures 4A,B). As shown in Figure 4C, the 14 lncRNAs were as follows (with absolute value of model coefficients increasing): APCDD1L-AS1, H19, LINC00205, LINC00346, LINC00475, LINC00484, LINC00601, LINC00664, LINC00886, LUCAT1, MIR155HG, NEAT1, PVT1, and SNHG18. Except for LINC00205 exhibits a negative coefficient on risk score, which indicates its protective effects on prognosis, the other lncRNAs were observed to be risk factors with positive coefficients (Figure 4C). Subsequently, we calculated individualized risk scores with coefficient-weighted expression levels of 14 lncRNAs after extracting the coefficients. TCGA-glioma patients were divided into high-score and low-score groups based on the median risk score of 3.04 as the cutoff. Significant difference was shown between these two groups in survival analysis (Figure 4D, HR = 3.1, 95% CI = 2.7–3.6, p < 0.001). ROC curve analysis of the signature in TCGA-glioma patients achieved AUC of 0.853, 0.856, and 0.825 at 1-, 3- and 5-years (Figure 4E). The risk plot presented a clear separation of survival status between risk groups with red dots being ceased cases and blue ones alive (Figure 4F). Likewise, we calculated individualized risk scores in CCGA_693 and CGGA_325 glioma patients and divided them into high-risk and low-risk groups with the same cutoff value (3.04). The patients in high-risk group had worse prognosis compared to those in low-risk group (Figures 4G,J). And ROC curve analysis of the signature in CGGA_693 achieved AUCs of 0.719, 0.783, and 0.782 at 1-, 3- and 5-years respectively, indicating a moderately high sensitivity and specificity of the signature in predicting patients’ survival (Figure 4H). Similar result was observed in ROC curve analysis of the signature based on the CGGA_325 (Figure 4K). Further, we revealed the distribution patterns of risk scores and survival status, and found that the survival time of patients with high-risk scores was markedly lower than that of patients with low-risk scores (Figures 4I, 4L).
[image: Figure 3]FIGURE 3 | Identification of hub lncRNAs (A) Venn Gram for identification of hub lncRNAs (B) Correlation matrix of hub lncRNAs and genes implicated in ferroptosis (C) Forest plot showing prognostic value of the 30 hub lncRNAs.
[image: Figure 4]FIGURE 4 | Construction and validation of the ferroptosis-related lncRNA signature (A–B) Visualization of LASSO regression (C) Coefficients of the 14 lncRNAs fitted in the signature (D) Kaplan-Meier curve presenting survival of high-risk and low-risk groups in TCGA (E) Time-dependent ROC for the signature in TCGA (F) Discriminative plot of the signature using TCGA (G, J) Kaplan-Meier curve presenting survival of high-risk and low-risk groups in CGGA_693 or CGGA_325 respectively (H, K) Time-dependent ROC for the signature in CGGA_693 or CGGA_325 respectively (I, L) Discriminative plot of the signature using CGGA_693 or CGGA_325 separately.
Assessment of the Independence of the Prognostic Signature
We next sought to determine whether the risk score based on the lncRNA signature is an independent prognostic indicator of OS in glioma patients. The risk score and several clinicopathological variables such as gender, age, grade, IDH mutation status, 1p19q-codeletion status, MGMT promoter methylation status, radiotherapy and chemotherapy were included in univariate and multivariate Cox regression analyses. Univariate Cox regression analysis showed that risk score, age, grade, radiotherapy, IDH mutation status, 1p19q-codeletion status and MGMT promoter methylation status were significantly correlated with the OS of glioma patients, whereas gender and chemotherapy did not show any correlation (Figure 5A, left panel). Four variables were further identified as independent prognostic factors of OS by multivariate analysis, including risk score (HR = 2.257, 95% CI = 1.437–3.544, p < 0.001), age (HR = 1.040, 95% CI = 1.022–1.059, p < 0.001), grade (HR = 2.130, 95% CI = 1.365–3.324, p < 0.001) and radiotherapy (HR = 0.507, 95% CI = 0.279–0.920, p = 0.026) (Figure 5A, right panel). Further, subgroup survival analysis showed the signature predicts overall survival in groups with chemotherapy (Figure 5B), without chemotherapy (Figure 5C), with radiotherapy (Figure 5D), and without radiotherapy (Figure 5E).
[image: Figure 5]FIGURE 5 | Evaluation of the prognostic signature and establishment of a nomogram (A) Univariate and Multivariate Cox regression analysis of the ferroptosis-related lncRNA signature and other clinicopathological features in gliomas (B–E) Subgroup survival analysis using groups with chemotherapy (B), without chemotherapy (C), with radiotherapy (D), without radiotherapy (E) (F) The nomogram incorporating independent prognostic factors (G) ROC curves for the nomogram-based classification at multiple timepoints (H) Calibration plots for 1-, 3-, and 5-years survival predictions.
With the aforementioned independent prognostic factors, we established a nomogram for predicting individual OS. As presented in Figure 5F, the clinicians can predict survival outcome for individuals with known age, tumor grade, and risk score in an intuitive manner. The classification accuracy was 0.941, 0.964, and 0.897 for 1-, 3-, and 5-years survival prediction (Figure 5G). Further, the prediction accuracy was also evaluated with calibration plots, which showed that the nomogram-based prediction was highly consistent with the actual survival at 1-, 3-, and 5-years post-operation (Figure 5H).
Clinical Correlations of the Prognostic Classifier
As shown in Figure 6A, the prognostic classifier was significantly correlated with multiple clinical features, including age, grade, chemotherapy, radiotherapy and MGMT promoter methylation status, 1p19q-codeletion status, and IDH mutation status (p < 0.001). Notably, the correlation between the lncRNA signature and grade was prominent. Further, we analyzed the expressions of 14 lncRNA signatures between high-grade and lower-grade samples, and the between-group results were distinct (p < 0.001) (Figure 6B).
[image: Figure 6]FIGURE 6 | Clinical correlation of the prognostic signature (A) Heatmap presenting correlations between the signature and clinical features (B) Boxplot showing lncRNA expressions between high-grade and lower-grade samples. ***p < 0.001, ****p < 0.0001 (C) Validation for the lncRNA signature in glioma samples using qRT-PCR. ****q < 0.0001. (D) Valcano plot showing expressions of the 14 lncRNAs across LGG and HGG. Red dots represent upregulated lncRNAs in HGG and the green dot represents downregulated lncRNA.
Validations for Long Non-Coding RNAs Expressions With Quantitative Real-Time PCR
Out of the 14 lncRNAs, high expressions of PVT1 and SNHG18 in glioblastoma samples as opposed to LGG was validated in the previous study (Zheng et al., 2021). Likewise, lncRNA MIR155HG was reported in high-grade glioma as compared to LGG (He et al., 2021). As such, we hereby validated the other 11 lncRNAs in clinical specimens. As shown in Figure 6C, we successfully validated 11 lncRNAs, i.e., APCDD1L-AS1, H19, LINC00205, LINC00346, LINC00475, LINC00484, LINC00601, LINC00664, LINC00886, LUCAT1, NEAT1 (q < 0.0001). Apart from LINC00205, all the other lncRNAs were upregulated in HGG (Figures 6C,D).
Immune Infiltration in the High-Risk Group
Using the TIMER algorithm, we identified four types of immune cells upregulated in the high-risk group, i.e., CD8+ T cell, neutrophil, macrophage, and myeloid dendritic cell (Figure 7). With CIBERSORT algorithm, more extensive immune cell components were identified, such as B cell memory, T cell CD4+ memory (resting and activated), macrophage (M0, M1, and M2), and mast cell activated. These results indicate there was increased immune infiltration in the high-risk group defined by the ferroptosis-related lncRNA signature (Figure 7).
[image: Figure 7]FIGURE 7 | Heatmap presenting immune infiltration correlated to the lncRNA signature.
DISCUSSION
Due to the inherent heterogeneity of glioma, the current WHO classification of gliomas does not sufficiently characterize the distinct survival outcomes. Even with well-established molecular markers, the prognosis stratification and treatment of glioma patients remain challenges. Ferroptosis is involved in the development and progression of cancers and its pivotal role in glioma has been recently unveiled (Liu et al., 2020). In this context, the present study aimed to establish a novel ferroptosis-related lncRNA signature for glioma.
Our study identified 30 ferroptosis-related lncRNAs in association with tumor grade and microenvironment via WGCNA. With the 30 hub lncRNAs, we developed a lncRNA signature for prognosis prediction. The ferroptosis-related lncRNA signature was clinically relevant with distinct stratification of survival chance in patients with glioma in two independent cohorts. Robust predictive accuracies of the signature were present across different datasets at multiple timepoints. With univariate and multivariate regressions, we demonstrated that the risk score based on the lncRNA signature is an independent prognostic indicator after clinical factors were adjusted. The nomogram incorporating age, tumor grade, radiotherapy and risk score was observed to be accurate in both classification and prediction performance. What’s more, the signature-based stratification was observed to be correlated with extensive clinical characteristics, including tumor grade, MGMT promoter methylation status, 1p19q-codeletion status, and IDH mutation status. Further, increased immune infiltration was observed in the high-risk group as defined by the signature, which contributed to detrimental survival outcomes.
The ferroptosis-related lncRNA signature highlighted a total of 14 lncRNAs, i.e., APCDD1L-AS1, H19, LINC00205, LINC00346, LINC00475, LINC00484, LINC00601, LINC00664, LINC00886, LUCAT1, MIR155HG, NEAT1, PVT1, and SNHG18. Out of the 14 lncRNAs, eight of them were previously reported. H19 was reported to be upregulated in high-grade glioma and facilitated the proliferation of diffuse intrinsic pontine glioma (Roig-Carles et al., 2021). LINC00346 promotes cell migration, proliferation, and apoptosis by targeting ROCK1(Chen et al., 2020) and miR-128-3p/SZRD1 axis (Geng et al., 2020) in glioma. Overexpression of LINC00475 was observed in hypoxic gliomas and silencing LINC00475 results in suppression of tumor proliferation, migration, as well as invasion (Yu et al., 2020a). By regulating the miR-141-3p/YAP1 axis, LINC00475 facilitates tumor progression of glioma (Yu et al., 2020b). LUCAT1 is an oncogenic molecule in glioma, and its knockdown induced inhibition of cell viability and invasion by regulating miR-375 in glioma (Gao et al., 2018). LncRNA miR155HG contributes to tumor growth and progression in glioblastoma (Wu et al., 2019), and its prognostic value was also identified in previous bioinformatic analysis (Zheng et al., 2021). NEAT1 demonstrated to be a contributor to glioma cell migration, invasion, and tumor progression (Chen et al., 2018; Zhou et al., 2018). PVT1 promotes tumorigenesis and cancer progression of glioma via regulation of miR-128-3p/GREM1 Axis and BMP signaling pathway (Fu et al., 2018). Upregulation of SNHG18 promotes resistance to radiotherapy in glioma by repressing Semaphorin 5A (Zheng et al., 2016). High expressions of PVT1 and SNHG18 in glioblastoma samples as opposed to LGG was validated in the previous study (Zheng et al., 2021). Notably, the role of lncRNAs APCDD1L-AS1, LINC00205, LINC00484, LINC00601, LINC00664, and LINC00886 was first reported and validated in the present study.
Zheng et al. (Zheng et al., 2021) established a prognostic ferroptosis-Related lncRNAs signature correlated with immune landscape and radiotherapy response in Glioma. However, they applied median risk scores for three cohorts with a half-by-half classification in each cohort, thereby leading to potential false-positive results. Notably, there was no other report of ferroptosis-related lncRNA signature in gliomas. By contrast, the present study reports a ferroptosis-related lncRNA signature, which exhibits a distinct separation of survival rates in glioma patients with the same cutoff value across different cohorts. Further, expression levels of the ferroptosis-related lncRNAs signature were also validated between high-grade and lower-grade samples using qPCR. It could be translated to clinical settings as a test panel for informing individualized prognosis. Therapies targeting these lncRNAs could hold promise for enhanced efficacy. However, a lack of functional validation is considered as a major limitation in the present study. The functional implications of the lncRNAs require further validation with empirical data.
CONCLUSION
The present study established a ferroptosis-related lncRNA signature that could effectively stratify the prognosis of glioma patients, with superior predictive performance to all clinical index. These findings may pave the way for developing novel biomarkers for prognosis and treatments in gliomas.
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As an essential microelement, the iron ion is involved in cell proliferation, metabolism, and differentiation. Iron metabolism plays a crucial role in the occurrence and development of colon adenocarcinoma (COAD). In this study, univariate and multivariate Cox regression, and least absolute shrinkage and selection operator analyses were conducted to construct the gene signature, based on a dataset from The Cancer Genome Atlas. We identified the prognostic value of two iron metabolism-related genes [SLC39A8 (encoding solute carrier family 39 member 8) and SLC48A1 (encoding solute carrier family 48 member 1)] in COAD. A nomogram model was established to predict the overall survival of patients with COAD. Functional analysis showed that the tumor microenvironment and immune cell infiltrate were different between the low risk and high risk subgroups. This study verified that the iron metabolism-related gene signature (SLC39A8 and SLC48A1) could be used as a prognostic biomarker for patients with COAD.
Keywords: colon cancer, prognosis, iron metabolism, nomogram model, overall survival
INTRODUCTION
Colon adenocarcinoma (COAD) is one of the three most commonly diagnosed cancers, and is the second leading cause of cancer death worldwide. Although research enhanced the overall survival and led to good prognosis for patients with COAD, the mortality and disability caused by COAD are still very high (Xi and Xu, 2021).
At present, the biggest challenge to improving the survival of patients with COAD is metastasis or postoperative recurrence (Carethers and Jung, 2015). Therefore, a more accurate prognostic assessment model is required to allow individualized treatment and improve the prognosis of patients with COAD. There is increasing evidence that iron overload is closely associated with tumorigenesis in multiple types of human cancer. Cancers usually have a demand for iron, which is an essential element in biological processes, including DNA synthesis, energy metabolism, and immune function (Behr et al., 2018; Hassannia et al., 2019). Ferroptosis, an iron-dependent form of nonapoptotic cell death, has emerged recently as a novel method to treat cancer (Dixon et al., 2012). Pathways of iron metabolism, including iron acquisition, efflux, storage, and regulation, are unbalanced in cancer, indicating that iron metabolism plays a crucial rules in tumor cell survival (Torti and Torti, 2013). However, the prognostic value of genetic markers associated with iron metabolism in COAD has not been fully explored.
In this study, we constructed iron metabolism-related gene signature [SLC39A8 (encoding solute carrier family 39 member 8) and SLC48A1 (encoding solute carrier family 48 member 1)] using a dataset from The Cancer Genome Atlas (TCGA) and validated the stability and reliability of the model in a Gene Expression Omnibus (GEO) dataset. Then, functional enrichment analysis was carried out to determine the potential mechanism of action of the proteins encoded by the two genes. Finally, experiments demonstrated the expression level and function of the two iron metabolism-related genes in vitro and in vivo.
METHODS
Data Collection
COAD gene expression profiles and corresponding clinical information were downloaded from the TCGA database (n = 512) and GEO database (GSE39582, n = 576). Seventy iron metabolism-related genes are listed in Supplementary Table S1, which were derived from a previous study (Wei et al., 2020). The GSE39582 dataset was used to validate the established signature.
Construction and Validation of an Iron Metabolism-Related Genes Risk Score
The TCGA dataset was used as the training dataset to build the iron metabolism-related genes risk score. Univariable Cox regression and Least absolute shrinkage and selection operator (LASSO) Cox analysis were performed to select iron metabolism-related genes associated with prognosis (p < 0.05). Then, multivariate Cox regression was used to further determine candidate iron metabolism-related genes associated with prognosis in COAD. Following this, the risk score for each patient was calculated as follows:
[image: image]
where Exp represented the expression level of the candidate iron metabolism-related gene. Using the median of the above risk score as the cutoff point, patients with COAD in the training cohort and validation cohort were divided into low-risk and high-risk subgroups.
Validation of the Prognostic Model
Kaplan–Meier analysis was carried out to compare the prognostic difference between the two subgroups. Univariable and multivariate Cox regression were conducted to further evaluate the iron metabolism-related gene signature’s prognostic value in the training cohort. Then, the prognostic gene signature was validated externally in the validation dataset, followed by further Kaplan–Meier analysis.
Constructing a Predictive Nomogram
Univariate and multivariate Cox regression analysis were carried out to determine the prognostic factors including the risk score established above, and age, sex, tumor stage, and tumor-node-metastasis (TNM) stage in COAD. The factors with a significant difference (p < 0.05) were selected to construct a nomogram model. A calibration curve was plotted to verify the accuracy of the nomogram.
Gene Set Enrichment Analysis
Enriched pathways in different iron metabolism risk score datasets were assessed using Gene Set Enrichment Analysis (GSEA) software (GSEAv4.0.1, https://www.gsea-msigdb.org/). The Hallmark (v7.1) gene set collections were used as references. p < 0.05 and a false discovery rate of q < 0.25 were considered significant.
Correlation of the Risk Score With the Proportion of Tumor-Infiltrating Immune Cells
The abundance of 22 TICs in each tumor sample in the COAD cohort were estimated using the CIBERSORT module in the R package. CIBERSORT (Chen et al., 2018) was performed to determine the relative mRNA expression levels in the high- and low-risk subgroups to characterize the cell composition of tumor tissues.
RNA Isolation and qRT-PCR Analysis
Total RNA from colon cancer cells were extracted using the TRIzol reagent (Takara Biotechnology, Dalian, China). Next, cDNA was prepared using a Revert Aid First Strand cDNA Synthesis kit (Thermo Fisher Scientific, Waltham, MA, United States). The cDNA was then used as a template in a quantitative real-time polymerase chain reaction (qPCR) to determine the expression levels of the iron metabolism-related genes using Japan). The qPCR amplification reactions conditions were as follows: 95°C for 15 min; followed by 40 cycles of 95°C for 30 s, 55°C for 1 min, and 72°C for 30 s. The expression levels were normalized to those of ACTB (encoding β-actin). All primers were synthesized by Sangon Biotech (Shanghai, China) and are listed in Supplementary Table S2. All PCR reactions were performed in triplicate, and the relative expression levels of mRNA were quantified using the 2-∆∆Ct method.
Immunohistochemistry Examination
This protocol was approved by the Ethics Committee of Sun Yat-Sen University Cancer Center (Guangzhou, China). Written informed consent was obtained from patients at their first visit. The surgically resected colon cancer tissues of eight patients at Sun Yat-sen University Cancer Center were included in this study. Tumors and corresponding nontumorous tissue were fixed in 4% paraformaldehyde, embedded in paraffin blocks, and processed into 4 µm-thick continuous sections. Immunohistochemical staining was performed to determine the distribution of SLC39A8 and SLC48A1. The antibodies used were: anti-SLC39A8 (1:200; 20459-1-AP; Proteintech) and anti-SLC48A1 (1:200; NBP1-91563; Novus Biologicals).
Cell Culture and Transfection
Colon cancer cells (DLD-1) were cultured in Dulbecco’s modified Eagle Medium (Gibco, Grand Island, NY, United States) supplemented with 10% fetal bovine serum (Invitrogen, Carlsbad, CA, United States) at 37°C with 5% CO2. Small interfering RNAs (siRNAs) targeting SLC39A8 and SLC48A1 were synthesized by Sangon Biotech. The sequences of the siRNAs are listed in Supplementary Table S4. Transient transfection was performed using the Lipofectamine 2000 reagent (Invitrogen, Shanghai, China) according to the producer’s protocol.
Cell Viability Assay
DLD-1 Cells were seeded to a 96-well plate and transfected with negative control (NC)-siRNA, SLC39A8-siRNA, or SLC48A1-siRNA for 24, 48, or 72 h, after which the cells were further incubated with 20 μL of MTS reagent for another 2 h. Cell viability was detected as the optical density (OD) value at 490 nm.
Colony Formation Assay
To study the effects of SLC39A8 and SLC48A1 on cell proliferation, DLD-1 Cells transfected with NC-siRNA, SLC39A8-siRNA, or SLC48A1-siRNA were seeded into 6-well plates and incubated for 14 days. Cells were then stained using Crystal Violet Staining Solution, and the number of colonies was detected using light microscopy.
Statistical Analysis
All statistical analyses were conducted using the R software. Kaplan–Meier analysis was used to compare the overall survival differences between the low- and high-risk subgroups. Given the possibility of multicollinearity, we used LASSO Cox regression analysis to identify the most valuable prognostic genes among all iron metabolism-related genes. An L1 penalty was set in the LASSO Cox model to shrink some regression coefficients to exactly zero and a 10-fold cross-validation with minimum criteria was performed to find the optimal λ value. Univariate and multivariate Cox proportional hazard regression analyses were carried out to evaluate the relationship between the risk score and overall survival. In all instances, a value of p < 0.05 was regarded as statistically significant.
RESULTS
Identification of Differentially Expressed Iron Metabolism-Related Genes
As shown in Figure 1, a systematic study was carried out for the pivotal roles and the latent prognostic values of iron metabolism-related genes in COAD. The mRNA expression profiles in tissues from patients with COAD (n = 512) were downloaded from the TCGA database as the training dataset. The GSE39582 dataset (n = 576) was used as validation cohort. Of the 56,753 genes in the TCGA expression data, 70 iron metabolism-related genes were selected.
[image: Figure 1]FIGURE 1 | Flowchart for analyzing iron metabolism-related gene signature associated with colon cancer.
Construction of the Iron Metabolism-Related Gene Signature in the TCGA Cohort
In the TCGA training dataset, single-factor Cox analysis was performed to analyze comprehensively the prognostic value of iron metabolism-related genes in COAD. We found that six genes [HAMP (encoding hepcidin antimicrobial peptide), SFXN3 (encoding sideroflexin 3), SLC22A17 (encoding solute carrier family 22 member 17), SLC39A14 (encoding solute carrier family 39 member 14), SLC39A8, and SLC48A1] were significantly related to the prognosis of patients with COAD (Supplementary Figure S1). These iron metabolism-related genes were subsequently subjected to LASSO Cox regression analysis to avoid colinear influences, and regression coefficients were calculated (Figure 2A). When the six genes were incorporated, the model achieved the best performance (Figure 2B). These genes and their related coefficients are shown in Supplementary Table S3. The six iron metabolism-related genes were further analyzed by multivariate Cox regression. As shown in Figure 2C; Table 1, SLC39A8 and SLC48A1 were identified as independent predictors of prognosis for patients with COAD.
[image: Figure 2]FIGURE 2 | Construction of the iron metabolism model. (A) 1000 bootstrap replicates by lasso Cox regression analysis for variable selection. (B) LASSO coefficients of iron metabolism genes. Each curve represents a metabolic gene. (C) Multivariate Cox regression analysis.
TABLE 1 | Multivariate Cox coefficients of iron metabolism related genes.
[image: Table 1]Model Construction and Analysis of the Prognosis-Related Genetic Risk Score
The two hub iron metabolism-related genes identified in Construction of the Iron Metabolism-Related Gene Signature in the TCGA Cohort were used to construct a prognosis-related genetic risk score. The risk score of each patient with COAD was calculated as follows:
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We classified risk scores using the optimal cutoff points decided by the maximally selected log-rank statistics, in which patients with risk scores above the cutoff value were recognized as the high-risk group, and patients with risk scores below the cutoff value were recognized as the low-risk group. A survival analysis was performed to evaluate the predictive effect of this model. Figure 3A shows the distribution of the TCGA training cohort. Furthermore, dot plots were made to compare survival of patients in the high-risk and low risk-groups, which showed that survival in the high-risk group was worse than that in the low-risk group (Figure 3B). The heat maps in Figure 3C show the comparison of the expression levels of the two iron metabolism-related genes between the groups. The expression of SLC39A8 was higher in the low-risk patients, while SLC48A1 expression was higher in high-risk patients. Kaplan–Meier survival analyses found that patients with COAD in the high-risk group had worse prognosis compared with those in the low-risk group (Figure 3D; p < 0.0001).
[image: Figure 3]FIGURE 3 | Risk score analysis of the two-gene prognostic model in the TCGA training cohort. (A) Survival differences between high- and low-risk groups. (B) Dot plots comparing outcomes of subjects in the high- and low-risk groups. (C) Heat map for gene expressions in the high- and low-risk groups. (D) Kaplan Meier survival analysis of all patients with COAD in the high- and low-risk groups.
Validation of Iron Metabolism-Related Genes Based on the GSE39582, GSE17536, and GSE38832 Dataset
To determine the accuracy of the two-gene prognostic model, we used the GSE39582 dataset as an external validation cohort. The distribution of the validation cohort is displayed in Figure 4A, Supplementary Figures S2A, S3A. The dot plot and heat map results were similar to those of the TCGA cohort (Figures 4B,C, Supplementary Figures S2B,C, S3B,C). Survival analysis indicated that the overall survival of the low-risk group was markedly longer than that of the high-risk group (Figure 4D; p = 0.034, Supplementary Figure S2D; p = 0.053 and Supplementary Figure S3D; p = 0.021).
[image: Figure 4]FIGURE 4 | Risk score analysis of the two-gene prognostic model in the GSE39582 validation cohort. (A) Survival differences between high- and low-risk groups. (B) Dot plots comparing outcomes of subjects in the high- and low-risk groups. (C) Heat map for gene expressions in the high- and low-risk groups. (D) Kaplan Meier survival analysis of all patients with COAD in the high- and low-risk groups.
Development of a Prognostic Model Based on Iron Metabolism-Related Genes and Clinical Factors
We next analyzed other co-variates using univariate and multivariate Cox regression to determine the prognostic factors in COAD. The results showed that risk score, N stage, and M stage correlated with survival in the multivariate analysis. The hazard ratios of the risk score and above clinical factors are listed in Figure 5A. We then constructed a nomogram using the risk score, N stage, and M stage as variables (Figure 5B). A lower point was related to a better prognostic result on the nomogram. The C-index was 0.8092 [95% confidence interval (CI):0.7543–0.8642] for the nomogram, indicating that it had a good discriminating ability. Outcome was reported as 1-, 2- and 3-years overall survival. The associated calibration curves from the nomograms at 1, 2 and 3 years are displayed in Figures 5C,D, which showed a good performance of our nomogram in predicting 1-, 2- and 3- year survival. Therefore, this nomogram could be a useful model to predict the survival of patients with COAD.
[image: Figure 5]FIGURE 5 | Nomogram and calibration curve for predicting the probability of 1-, 2- and 3-years OS for patients with COAD. (A) The hazard ratios of the risk score and clinical factors based on multivariate COX analysis. (B) A nomogram integrates iron metabolism gene signature and other prognostic factors in patients with COAD; (C, D) The calibration curve of the nomogram in TCGA cohort and GSE39582 validation dataset.
Gene Set Enrichment Analysis With the Two Iron Metabolism-Related Genes
To explore the molecular functions of the identified iron metabolism-related genes in this study, we conducted GSEA analysis to determine the gene expression profile. The results are shown in Figure 6. Multiple functional gene sets were enriched significantly in the low-risk group containing HALLMARK_ANDROGEN_RESPONSE, HALLMARK_KRAS_SIGNALING_UP, HALLMARK_PI3K_AKT_MTOR_SIGNALING, HALLMARK_PROTEIN_SECRETION, and HALLMARK_UV_RESPONSE _DN. These findings suggested that the two iron metabolism-related genes were potentially closely correlated with the status of the COAD microenvironment.
[image: Figure 6]FIGURE 6 | Gene set variation analysis and gene set enrichment analysis of pathways. GSEA showed five pathways enriched in the low-risk group.
Association of the Two Iron Metabolism-Related Genes With the Proportion of TICs
To further determine the relationship of the two iron metabolism-related genes with the immune microenvironment, we analyze the proportion of TIC subpopulations and constructed immune cell profiles in COAD using CIBERSORT. As shown in Figures 7A,B, a stacked bar plot and heat map were provided to describe the immune microenvironment in the high-risk and low-risk groups. Furthermore, the proportions of 22 immune cell proportions of COAD are shown in Figure 7C. The results showed that two TICs, regulatory T cells and eosinophils, were related to the two-gene signature risk score. The low- and high-risk score groups showed specific immune cell distributions.
[image: Figure 7]FIGURE 7 | Association of iron metabolism-related gene signature with the proportion of TICs (A, B) Bar plot and heat map for the immune microenvironment in the high-risk and low-risk groups (C) Distribution level of 22 types of immune cells in the high- and low-risk groups.
Expression Level Determination and Functional Analysis of the Iron Metabolism-Related Genes in COAD
To ascertain the expression levels of SLC39A8 and SLC48A1 in COAD tissues, eight colon cancer tissues and corresponding normal tissues were tested. Immunohistochemistry (Figure 8A) showed that the SLC39A8 level was downregulated in colon cancer tissues, and the SLC48A1 level was upregulated significantly in colon cancer tissues. Furthermore, the mRNA levels of SLC39A8 and SLC48A1 were successfully knocked down using siRNA in colon cancer cells in vitro (Figure 8B, Supplementary Figure S4). Next, we analyzed the potential function of SLC39A8 and SLC48A1 in colon cancer. Knocking down SLC39A8 promoted the proliferation of different colon cancer cell lines (DLD1, HCT116, and HT29), and silencing SLC48A1 suppressed the proliferation of colon cancer cells in vitro (Figures 8C,D, Supplementary Figure S4). These results indicated that SLC39A8 might function as a tumor suppressor gene and SLC48A1 might function as an oncogene in COAD.
[image: Figure 8]FIGURE 8 | Expression verification and functional analysis of genes related to iron metabolism. (A) Immunohistochemical results showed that SLC48A1 was highly expressed in human colon cancer tissues, while SLC39A8 was low expressed in human colon cancer tissues. (B) mRNA levels of SLC39A8 and SLC48A1 were knocked down using siRNAs in colon cancer cells. The results of cell clonal formation assay (C) and MTS (D) showed that knockdown SLC48A1 inhibited the proliferation of DLD1 cells, while knockdown SLC39A8 promoted the proliferation of DLD1 cells. Data are shown as mean ± SD; *p < 0.05, ***p < 0.001 (versus NC group).
DISCUSSION
The reasons for the occurrence and development of colon cancer are complex and may include interactions between environmental exposure, diet, and genetic factors (Brenner et al., 2014). In the pathogenesis of colon cancer, there are also many genetic and epigenetic changes in proliferation signaling pathways and tumor suppressor genes, such as the WNT pathway, the transforming growth factor beta (TGF-β) pathway, the phosphatidylinositol-4,5-bisphosphate 3-kinase (PI3K)-protein kinase (AKT) pathway, the mitogen activated protein kinase (MAPK) pathway, and the tumor protein p53 (TP53) pathway. Traditional TNM staging has some limitations for accurate prognostic prediction (Sjoblom et al., 2006). Although many molecular markers related to the prognosis of colon cancer have been reported, a single prognostic factor is often one-sided in the precision treatment system, whether it is a traditional pathological indicator or a new molecular marker. Studies have confirmed that the combination of molecular markers and traditional pathological prognostic indicators can predict the prognosis of patients with tumors more accurately. Therefore, in the construction of a prognosis prediction system for colon cancer, researchers have focused on integrating different types of prognostic factors to achieve the goal of predicting patient prognosis accurately.
Iron is an essential metal micronutrient for humans. At the cellular level, iron is involved in basic energy metabolism, mitochondrial function, and DNA synthesis (Imam et al., 2017). At the systemic level, iron metabolism is mainly regulated by the liver-derived endocrine hormone, ferrimodulin. Epidemiological data suggest that iron levels are associated with the risk of colorectal cancer. People with a high intake of red meat containing high amounts of heme iron and patients with iron overload disease had an increased risk of colorectal cancer (Martin et al., 2018). Colorectal cancer cells are enriched in iron relative to adjacent normal intestinal epithelial cells. Iron plays an important role in colorectal cancer. The tumor hypoxic environment induces heterotopic high expression of iron modulin in colorectal cancer epithelial cells through hypoxia-inducible factor 2 alpha (HIF2α) (Schwartz et al., 2021).
In this study, we downloaded data from the TCGA and GEO from public databases and extracted information about 70 genes related to iron metabolism. Univariate regression analysis, multivariate Cox regression analysis, and LASSO Cox analysis were used to identify the genes associated with iron metabolism prognosis in the TCGA cohort, and LASSO Cox regression analysis was used to establish the prognostic model incorporating these genes. We identified two iron metabolism genes, SLC48A1 and SLC39A8, which were associated with clinical survival. In the TCGA and GSE39582 datasets, genes related to iron metabolism can be used to predict the prognosis of patients with COAD. In different datasets of patients with colon cancer, SLC48A1 and SLC39A8 gene markers showed good prognostic performance.
The stability of the prediction model was verified in the GEO cohort, and a Nomogram model was constructed to predict the prognosis of patients with COAD. At the same time, the correlation of the SLC48A1 and SLC39A8 genes with tumor-infiltrating immune cells was analyzed. SLC48A1 regulates V-ATPase activity, which is a prerequisite for endosomal acidification, and enhances glucose transporter-1 (GLUT-1) transport, while increasing glucose uptake and lactate production. SLC48A1 also promotes the transport of the insulin-like growth factor I receptor (IGF-1R) (Fogarty et al., 2014). SLC39A8 is widely expressed and encodes the zrt- and irt-like protein 8 (ZIP8) protein. ZIP8 (also known as solute carrier family 39 member 8) is a membrane transporter that helps to absorb many substrates, including basic and toxic divalent metals (e.g., zinc, manganese, iron, and cadmium) and inorganic selenium (Liu et al., 2018). We found that high expression of SLC39A8 and SLC48A1 in patients with COAD was closely associated with reduced overall survival. Additionally, high expression of SLC48A1 drives glycolysis flux and promotes cancer cell growth, migration, and invasion, which is associated with poor prognosis (Sohoni et al., 2019). The loss of ZIP8 inhibits the migration potential of neuroblastoma cancer cells by reducing the expression level of matrix metalloproteinases (Mei et al., 2018). In this study, we revealed the prognostic value of iron metabolism-related genes SLC48A1 and SLC39A8 in colon cancer; however, their associated signaling pathways need to be further explored.
Univariate and multivariate Cox analyses in our training set (TCGA) and validation set (GSE39582) showed that iron metabolism-related genes were independent prognostic factors in patients with COAD. Colon cancer, including COAD, is insensitive to immunotherapy, which might be mediated by a series of immune escape mechanisms. To better understand the relationship between the risk score and immune components, we investigated the association of genes related to iron metabolism with various immune-infiltrating cells. The results showed that the a high risk score was closely related to regulatory T cells and eosinophils. This suggested that the poor prognosis in the high-risk group might be caused by immunosuppression induced by regulatory T cells and eosinophils. Thus, the clinical prognosis of patients with colon cancer may be related to differences in immune cell compositions and genes related to iron metabolism might be involved in immunosuppression in colon cancer. This will provide new insights and targets for immunotherapy of colon cancer.
We used GSEA enrichment analysis to better understand the pathway of iron metabolism-related genes in colon cancer. The results showed that low-risk scores were enriched in KRAS and PI3K-AKT-mechanistic target of rapamycin (mTOR) signaling pathways. The KRAS subtype is mutated in 84% of RAS mutated cancers. In colon cancer, KRAS mutations are present in 30–50% of patients (Goel et al., 2015). The presence of KRAS mutations not only affects prognostic survival, but also predicts the responsiveness of patients with colon cancer to epidermal growth factor receptor (EGFR) signaling inhibitors (Stec et al., 2012). Overexpression of PI3K/AKT/mTOR signaling components has been reported in various types of cancer, and is especially closely related to the occurrence, development, and prognosis of colon cancer. In recent years, inhibitors targeting PI3K/AKT signaling have been shown to reduce the tumor burden in different experimental models and have been considered as potential therapeutic agents (Johnson et al., 2010; Narayanankutty, 2019). The possibility that iron metabolism might function through KRAS and PI3K-AKT-mTOR signaling pathways in colon cancer provides ideas for future research.
IHC was used to further verify the clinical samples, which showed high SLC39A8 levels in tumor tissues. Iron is known to be essential for the catalytic function of ribonucleotide reductase, the enzyme that converts ribonucleotides into deoxyribonucleotides, a rate-limiting step in DNA synthesis and an obligate step in cell replication (Torti and Torti, 2020). Moreover, iron was also proved to promote the proliferation and Warburg Effect of colon cancer cells through colony formation and MTS experiment in vitro (Yuan et al., 2021). HIF-2α promoted cell proliferation and survival by inducing iron accumulation in HCT116 cells, and low-iron diet reduced HIF-2α-mediated intestinal tumorigenesis and cellular proliferation (Xue et al., 2012). As we all know, cell colony formation assay and MTS assay are important techniques for detecting cell proliferation, invasiveness and sensitivity to killing factors. Therefore, we conducted colony formation and MTS experiment to determine the effect of knocking down iron metabolism-related genes on cell proliferation ability in different colorectal cancer cell lines, and the result showed that inhibition of SLC48A1 promoted the proliferation of colon cancer cells, and silencing of SLC39A8 expression suppressed the proliferation of colon cancer cells in vitro. These studies also suggest that SLC48A1 and SLC39A8 might be potential predictors of clinical prognosis and therapeutic targets for colon cancer.
Compared with markers based on single gene expression, multi-gene markers obtained by univariate and multivariate Cox and LASSO regression analysis of gene sets can compensate for individual differences, improve prediction and accuracy in tumors, and show better predictive performance. The mechanisms of action of the proteins encoded by iron metabolism-related genes in colon cancer require further study. Meanwhile, although we have noted correlations with immune cells, the function of iron metabolism in the tumor microenvironment and immunotherapy still needs to be clarified.
CONCLUSION
A novel iron metabolism-related gene signature based model was constructed that could be used for prognostic prediction in colon cancer. SLC39A8 and SLC48A1 play a role in the development of colon cancer and might be potential therapeutic targets.
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The iron-related homeostasis and inflammatory biomarker have been identified as prognostic factors for cancers. We aimed to explore the prognostic value of a novel comprehensive biomarker, the iron-monocyte-to-lymphocyte ratio (IronMLR) score, in patients with early-stage triple-negative breast cancer (TNBC) in this study. We retrospectively analysed a total of 257 early-stage TNBC patients treated at Sun Yat-sen University Cancer Center (SYSUCC) between March 2006 and October 2016. Their clinicopathological information and haematological data tested within 1 week of the diagnosis were collected. According to the IronMLR score cutoff value of 6.07 μmol/L determined by maximally selected rank statistics, patients were stratified into the low- and high-IronMLR groups, after a median follow-up of 92.3 months (95% confidence interval [CI] 76.0–119.3 months), significant differences in 5-years disease-free survival (DFS) rate (81.2%, 95% CI 76.2%–86.5% vs. 65.5%, 95% CI 50.3%–85.3%, p = 0.012) and 5-years overall survival (OS) rate (86.0%, 95% CI 81.6%–90.7% vs. 65.5%, 95% CI 50.3%–85.3%, p = 0.011) were seen between two groups. Further multivariate Cox regression analysis revealed the IronMLR score as an independent predictor for DFS and OS, respectively, we then established a prognostic nomogram integrating the IronMLR score, T stage and N stage for individualized survival predictions. The prognostic model showed good predictive performance with a C-index of DFS 0.725 (95% CI 0.662–0.788) and OS 0.758 (95% CI 0.689–0.826), respectively. Besides, calibration curves for 1-, 3-, 5-DFS, and OS represented satisfactory consistency between actual and nomogram predicted survival. In conclusion, the Iron-inflammation axis might be a potential prognostic biomarker of survival outcomes for patients with early-stage TNBC, prognostic nomograms based on it with good predictive performance might improve individualized survival predictions.
Keywords: early-stage triple-negative breast cancer, serum iron level, monocyte-tolymphocyte ratio, predictive nomogram, survival
INTRODUCTION
Triple-negative breast cancer (TNBC), characterized by the absence of estrogen receptor (ER), progesterone receptor (PR), and human epidermal growth factor receptor 2 (HER-2) expression, accounts for approximately 15% of all breast cancers (Ferlay et al., 2021; Wang et al., 2021). Compared to other subtypes of breast cancers, patients with TNBC usually experience worse survival outcomes due to its increased aggressiveness, heterogeneity, and risks of recurrence and metastasis (Li et al., 2017). Over the past few decades, despite great therapeutic advances in TNBC, TNBC remains a considerable challenge for women worldwide due to its relatively high mortality (Dent et al., 2007; Bianchini et al., 2016; Garrido-Castro et al., 2019). Therefore, the discovery of novel, precise biomarkers, or individualized therapeutic targets for patients with TNBC is urgently needed.
As an essential trace element, iron is involved in activating many proteins, enzymes, and biological processes, such as cell respiration and various signalling pathways (Torti et al., 2018). Increasing studies have demonstrated that the dysregulation of systemic iron homeostasis is related to tumor initiation, growth, development, and progression (Chen et al., 2015; Radulescu et al., 2016). The depletion of iron using iron chelators or targeting increased serum iron has been explored as a novel therapeutic strategy for some cancers (Nutting et al., 2009; Yamasaki et al., 2011; List et al., 2012; Neufeld et al., 2012; Kalinowski et al., 2016; Stockwell et al., 2017; von Hagens et al., 2017). Moreover, ferroptosis, an iron-dependent programmed cell death, has been classified as a type of regulated necrosis and is also recognized as a new therapeutic target for tumours (Dixon et al., 2012). Given its immunogenicity, ferroptosis can induce cells to release damage-associated molecular patterns (DAMPs) and alarmins, which might enhance cell death and facilitate a series of inflammation-related responses (Martin-Sanchez et al., 2017; Proneth and Conrad, 2019; Sun et al., 2020). However, the role of ferroptosis in inflammation is multifaceted, it not only induces inflammatory activity but also suppresses inflammatory cell infiltration (Umemura et al., 2017; Tsurusaki et al., 2019; Sun et al., 2020; Zhou et al., 2020).
Monocytes have been explored for the suppression of lymphocyte activation, which is associated with aggressive tumors and metastasis (Tiainen et al., 2021). Peripheral lymphocytes or lymphocytes infiltrating in the tumour microenvironment (TME) play an important role in antitumour immunity by T cell-mediated cellular cytotoxicity (Andre et al., 2013). Therefore, the serum monocyte-to-lymphocyte ratio (MLR) might serve as a predictor of systemic inflammatory status, and an increased MLR might reflect poor antitumour immunity (Miklikova et al., 2020). The prognostic value of the MLR has been previously explored in breast cancer (De Giorgi et al., 2019). Thus, we hypothesized that a comprehensive biomarker based on iron homeostasis and systemic inflammation status might also show potential prognostic value. However, to date, no study has examined this aspect.
We aimed to explore the prognostic value of the novel comprehensive biomarker, the IronMLR score, calculated based on the serum iron level and MLR, for female patients with early-stage TNBC. Subsequently, we attempted to establish a prognostic model based on this Iron-inflammation axis for individualized survival predictions.
METHODS
Eligible Patients
We explored the predictive value of a novel biomarker, the IronMLR score, in female patients newly diagnosed with early-stage TNBC at Sun Yat-sen University Cancer Center (SYSUCC) between March 2006 and October 2016. Our study protocol was approved by the Ethics Committee of SYSUCC (registration number: B2021-282-01). Given the retrospective nature of the current study, the requirement of written informed consent from patients was waived. In addition, we anonymously analysed all personal data in line with the Declaration of Helsinki.
Patients were included if they met the following key inclusion criteria: 1) 18 ≤ age <75 years old; 2) pathological diagnosis of breast cancer; 3) absence of ER, PR, and HER2 expression (scored as 0, 1+, or 2+ by immunohistochemistry [IHC] without amplification of the ERBB2 gene on fluorescence in situ hybridization); 4) no local relapse or distant metastasis at the diagnosis; and 5) complete clinicopathological data and available haematological parameters assessed within 1 week of the date of diagnosis. All patients in this study were restaged according to the American Joint Committee on Cancer (AJCC 2010, seventh version).
Key exclusion criteria included 1) pregnancy or lactation; 2) a history of malignancy, including breast cancer; 3) medication affecting the patient’s inflammatory status before diagnosis; and 4) the presence of any severe or uncontrolled complications.
Information Collection and Measurement of Serum Iron Levels
Clinicopathological data were hand-retrieved from the electronic medical records system of our hospital and included age, menstrual status, histological type, T stage, N stage, histological grade, lymphovascular invasion, and Ki-67 index. Haematological parameters were assessed within 1 week of initiating any anti-tumor therapy, and the MLR was calculated as: MLR = monocyte count (109/L)/lymphocyte count (109/L). We acquired patient blood samples obtained within 1 week of diagnosis from the Tumor Resource Library of SYSUCC. The serum iron levels of patients were analysed using the Iron (Fe) Assay Kit (PAESA Chromogenic Method) with a Cobas 8,000 system (Roche Diagnostics, Basel, Switzerland). The IronMLR score was calculated as following: IronMLR score = serum iron level * MLR.
Follow-up and Endpoints
We retrieved patient follow-up information from the outpatient electronic records of our center or telephone interviews. Patients were monitored every 3 months during 2 years of the diagnosis, subsequently every 6 months to 5 years, and then once every year thereafter. The main follow-up items included routine laboratory tests, menstrual status, ultrasound (breast and abdomen), or computed tomography (CT). Patients underwent bone scintigraphy annually.
The primary endpoint of the current study was disease-free survival (DFS), which was defined as the time from the date of diagnosis to the date of disease progression or death due to any cause. The second endpoint was overall survival (OS), which was defined as the time from the date of diagnosis to the date of death due to any cause.
Statistical Analysis
Categorical variables are presented as frequencies with percentages, and continuous variables are listed as medians with interquartile ranges (IQRs). Chi-square tests and Mann-Whitney U tests were performed to compare the association between patient clinicopathological characteristics and the baseline IronMLR score. Patients with early-stage TNBC were stratified into high and low IronMLR groups according to the cut-off value of the IronMLR score determined by maximally selected rank statistics. The Kaplan-Meier method was performed to estimate survival curves of two different IronMLR score groups, and the log-rank test was used to compare their survival differences. Only variables with p values less than 0.05 in the univariate Cox analysis were included in the multivariate Cox regression model. Factors were tested according to the Schoenfeld residuals (Wileyto et al., 2013), and their corresponding hazard ratios (HRs) with 95% confidence intervals (CIs) were estimated. Then, we developed a prognostic model integrating the IronMLR score with other independent clinicopathological indicators from the multivariate Cox analysis, and we evaluated the prognostic accuracy and discriminative ability of the predictive model by means of the concordance index (C-index), calibration curves, and time-dependent receiver operating characteristic (ROC) curves. A two-sided p < 0.05 was regarded as significant, and all statistical analyses were performed using R 4.0.1.
RESULTS
Patient Clinicopathologic Characteristics According to the IronMLR Score
As presented in the flow chart in Figure 1, between March 2006 and October 2016, a total of 257 female patients with early-stage TNBC were eligible for inclusion in this study. A total of 75 patients were excluded due to a lack of complete information, i.e., 38 patients did not have complete histological grade data, 30 patients did not have Ki-67 index data, 5 patients lacked data on haematological parameters, and 2 patients had missing T stage information.
[image: Figure 1]FIGURE 1 | Flow chart of patients selection in this study.
The baseline clinicopathological features are shown in Table 1. The median age at the diagnosis of all eligible patients was 48.0 (IQR: 41.0–57.0) years old, and 150 (58.4%) patients were ≤50 years old. The median BMI was 23.4 (IQR: 23.0–23.8) kg/m2, and 132 (51.6%) patients had a value of BMI ≤23.0 kg/m2. There were 168 (65.4%) patients in the premenopausal period and 197 (76.7%) with a Ki-67 index value ≥30%. According to the seventh AJCC staging criteria, stages I, II, and III accounted for 23.0, 55.6, and 21.4%, respectively.
TABLE 1 | Characteristics of patients eligible in this study.
[image: Table 1]The optimal cut-off value of the IronMLR score defined by the maximally selected rank statistics for OS was 6.07 umol/L (Figure 2A). Overall, 228 (88.7%) patients had a low IronMLR score, and 29 (11.3%) patients had a high IronMLR score. The baseline clinicopathological characteristics between these two IronMLR groups were much more balanced (Table 1). Compared to TNBC patients in the low IronMLR score group, a higher proportion of patients in the high IronMLR score group had a BMI ≤23 kg/m2 (p = 0.029) and Ki-67 index <30% (p = 0.028).
[image: Figure 2]FIGURE 2 | Determination of the cutoff value of the IronMLR score and Survival risk stratification of patients. (A) A cutoff value of 6.07 μmol/L defined by maximally selected rank statistics. (B) Survival curves for disease-free survival (DFS) between different IronMLR score groups. (C) Survival curves for overall survival (OS) between different IronMLR score groups.
Survival Outcomes
The median follow-up time was 92.3 months (95% CI 76.0–119.3 months). Compared to patients in the low IronMLR score group, early-stage TNBC patients in the high IronMLR score group had a significantly worse 5-years DFS rate (81.2%, 95% CI 76.2%–86.5% vs. 65.5%, 95% CI 50.3%–85.3%, p = 0.012) (Figure 2B) and 5-years OS rate (86.0%, 95% CI 81.6%–90.7% vs. 65.5%, 95% CI 50.3%–85.3%, p = 0.011) (Figure 2C).
Independent Indicators for Survival
As shown in Table 2, five factors were considered independent indicators for DFS according to the univariate Cox regression model, including age, lymphovascular invasion, T stage, N stage, and the IronMLR score. Further multivariate Cox analysis demonstrated that N stage and the IronMLR score remained independent predictors of DFS for patients with early-stage TNBC.
TABLE 2 | Univariate and multivariate cox regression analysis of disease-free survival.
[image: Table 2]Table 3 presents that age, menstrual status, lymphovascular invasion, T stage, N stage, and the IronMLR score of patients achieved the predominate threshold of OS (p < 0.05) for early-stage TNBC female patients in the univariate Cox analysis. Then, these variables were further analysed in the multivariate Cox regression model, which revealed that T stage, N stage, and the IronMLR score continued to be significantly associated with OS.
TABLE 3 | Univariate and multivariate cox regression analysis of overall survival.
[image: Table 3]Establishment and Evaluation of the Prognostic Model
Based on independent indicators for DFS identified in the above multivariate Cox analysis, i.e., N stage and the IronMLR score, we established a prognostic model for individualized DFS prediction for patients with early-stage TNBC. Given that T stage is commonly used in clinical practice, we also integrated it into the prognostic model (Figure 3A). The model showed perfect predictive performance with a good C-index of 0.725 (95% CI 0.662–0.788). Satisfactory consistency between observational 1-, 3-, and 5-years DFS rates and nomogram-predicted DFS rates was found in calibration curves (Figure 3B). Time-dependent ROC curves showed that the area under the curve (AUC) of our nomogram for DFS was higher than the AUCs for T stage, N stage, and the traditional tumor-node-metastasis (TNM) staging system (Figure 3C).
[image: Figure 3]FIGURE 3 | Development and evaluation of a model for individualized prediction of disease-free survival (DFS). (A) Nomogram of prognostic model for patients with early-stage triple-negative breast cancer. (B) Calibration plots of 1-, 3-, and 5-years DFS predictions. (C) Time-dependent receiver operating characteristic (ROC) curves (Nomogram [red], T stage [blue], N stage [orange], TNM stage [black]).
Similarly, we developed a prognostic model with independent indicators according to the multivariate Cox regression model, i.e., T stage, N stage, and IronMLR score, for individualized OS prediction (Figure 4A). The predictive accuracy of our nomogram for OS was very good, with a satisfactory C-index of 0.758 (95% CI 0.689–0.826). The calibration plots for 1-, 3-, and 5-years OS rates demonstrated good consistency between actual and nomogram-predicted OS rates (Figure 4B). Compared to traditional T stage, N stage, and TNM stage, our prognostic nomogram for OS achieved a higher AUC according to time-dependent ROC curves (Figure 4C).
[image: Figure 4]FIGURE 4 | Development and evaluation of a model for individualized prediction of overall survival (OS). (A) Nomogram of prognostic model for patients with early-stage triple-negative breast cancer. (B) Calibration plots for predicting OS at 1-, 3-, and 5-years. (C) Time-dependent receiver operating characteristic (ROC) curves (Nomogram [red], T stage [blue], N stage [orange], TNM stage [black]).
DISCUSSION
In this study, we constructed a novel comprehensive biomarker based on the serum iron level and systemic inflammation status, the IronMLR score. According to a cut-off value of 6.07 determined by maximally selected rank statistics, heterogeneous patients with early-stage TNBC were divided into groups based on a low or high IronMLR score. Significant differences in DFS and OS were found between these two groups. Further univariate and multivariate Cox regression analyses demonstrated that a high IronMLR score was a negatively independent predictor of poor survival for early-stage TNBC patients. Subsequently, prognostic models integrating the IronMLR score and two clinicopathological features (T stage and N stage) for DFS and OS were established and graphically depicted as nomograms. These prognostic nomograms presented good discriminative ability and satisfactory predictive agreement between observed clinical outcomes and the nomogram-predicted survival probability.
Although iron is indispensable for many proteins and enzymes, playing an important role in various biological processes (Hider and Maret, 2015; Torti et al., 2018), it also attributes to oxidative stress and DNA damage. Excess iron has been found to be significantly associated with tumor initiation, progression, aggressiveness, and metastasis (Chen et al., 2015; Guo et al., 2015; Radulescu et al., 2016). Increasing studies have found iron metabolic dysregulation, iron homeostatic disorder, and distribution changes in peripheral iron in patients with various malignancies, including breast cancer (Torti et al., 2018; Galaris et al., 2019). Meanwhile, iron accumulation could induce lipid peroxidation and facilitate lethal injury to tumor cells, which subsequently could contribute to inhibiting tumor initiation and progression (Chang et al., 2019; Forciniti et al., 2020; Yang et al., 2021). Iron accumulation is involved in some programmed cell death pathways, such as apoptosis, necroptosis, ferroptosis, and so on (Dixon et al., 2012; Torti et al., 2018). Thus, iron-related metabolism or iron chelators might be potential novel therapeutic targets and strategies for antitumor treatment (Nutting et al., 2009; Yamasaki et al., 2011; List et al., 2012; Neufeld et al., 2012; Kalinowski et al., 2016). Hence, the measurement of iron levels is necessary. Many previous studies have used iron-bound proteins such as transferrin and ferritin to reflect body iron levels (Fonseca-Nunes et al., 2014; Torti et al., 2018; Morales and Xue, 2021), but this indirect test might produce errors in reflecting actual iron levels, direct detection of serum iron would be better (Torti et al., 2018; El Hout et al., 2018). Thus, we adopted the peripheral iron level to construct the IronMLR score in this study.
Inflammation, a hallmark feature of tumors, has shown a significant association with tumorigenesis, progression, development, and metastasis (Diakos, et al., 2014). Cancer-associated inflammation refers to complicated connections between tumors and inflammatory responses, and it might show a significant relation to poor prognosis and therapeutic failure (Zitvogel et al., 2017; Li et al., 2021). As vital inflammatory mediators, peripheral inflammatory cells or inflammatory cells infiltrating in the TME are potential prognostic biomarkers for breast cancer (Diakos et al., 2014; van der Willik et al., 2018). Among inflammatory cells, monocytes have been identified as inhibitors of lymphocyte activation and play an important role in tumor aggressiveness and metastasis (Tiainen et al., 2021). Circulating lymphocytes or lymphocytes infiltrating in the TME are both involved in antitumor immune responses (Andre et al., 2013). Therefore, the circulating marker MLR might reflect systemic inflammatory status, an elevated MLR indicates an increased monocyte count or a reduced lymphocyte count, which suggests poor antitumor immunity (Miklikova et al., 2020). The negative association between the MLR and survival outcomes of breast cancer patients has also been explored (De Giorgi et al., 2019).
Nowadays, the underlying association between iron and inflammation is still poorly understood. As previously mentioned, ferroptosis plays multifaceted functions in cancer-related inflammation, activation, and infiltration of inflammatory cells (Umemura et al., 2017; Tsurusaki et al., 2019; Sun et al., 2020; Zhou et al., 2020). In addition, IL-6, an inflammatory cytokine, is secreted locally in the TME of breast cancer such as monocytes (Masjedi et al., 2018), and it has been demonstrated to directly regulate systemic iron homeostasis through IL6/IL6R/Janus kinase 2 (JAK2)/signal transducer and activator of transcription 3 (STAT3) signaling pathway (Hentze et al., 2010; Ganz and Nemeth, 2011; Guo et al., 2015). Moreover, IL-6 also likely contributes to the dysregulated hepcidin/ferroportin signaling in breast cancer and mediates further iron homeostasis (Masjedi et al., 2018). So, the blockade of IL-6 inflammatory signaling cascade has been investigated as a potential therapeutic strategy to suppress hepcidin in breast cancer and for anaemic cancer patients (Jiang et al., 2011; Guo et al., 2015). In recent years, researchers have taken great interest in developing prognostic models for risk stratification and clinical outcomes predictions. Predictive models incorporating multiple biomarkers rather than a single marker have higher prognostic accuracy (Li et al., 2021). Thus, we comprehensively developed a new biomarker integrating serum iron with systemic inflammatory markers. Our analyses showed that the novel IronMLR score is an independent indicator of the survival of patients with early-stage TNBC, and patients stratified according to its cut-off value experience significantly different survival outcomes.
Based on the classification of the IronMLR score, prognostic nomogram incorporating it and the commonly used T stage and N stage were established. In clinical practice, 21-gene tests, 70-gene assays, and PAM50 predictive models are widely applied for risk stratification or therapeutic recommendations, but these genetic models are restricted to patients with specific subtypes, lymph node-negative patients or women at high clinical risk of recurrence from breast cancer, with limited prognostic accuracy (Dixon et al., 2012; Gnant et al., 2015; Ibraheem et al., 2020; Poorvu et al., 2020). Comparatively speaking, the predictive nomogram developed in our study were more accurate with a high C-index, economic, convenient, and easier to be applied in primary hospitals. Clinicians and patients usually use the TNM staging system to stratify recurrence or death risks and to guide therapeutic strategies, however, the TNM criteria just incorporate a limited number of clinical features, so its predictive accuracy is limited due to the heterogeneity observed among patients (Bareche et al., 2018; Grosselin et al., 2019). Our time-dependent ROC curves showed that compared to the common TNM staging system, higher AUCs for DFS and OS were achieved with our prognostic nomograms, which suggested that our predictive models have greater predictive accuracy and might be a strong supplement to traditional TNM criteria. For example, TNBC patients with high IronMLR scores tended to have poorer prognosis, for them, more intensive care, closer follow-up, and more precise routine imaging monitor such as CT or magnetic resonance imaging (MRI) instead of breast/abdominal ultrasound would be much meaningful to monitor their tumor condition and improve their survival outcomes as much as possible.
Our study had several limitations, which should be acknowledged. First, because we retrospectively explored the prognostic value of the IronMLR score, selection bias is inevitable. Second, we only evaluated the baseline serum iron level and MLR before the initiation of any anti-tumor therapy, but we failed to explore the dynamic changes of the serum iron level and inflammatory status of patients during subsequent treatment. Monitoring changes in these parameters might help clinicians both to adjust the therapeutic strategy in time and to guide personalized treatment. Third, this study was a preliminary research, underlying mechanisms of the IronMLR on TNBC, and the relationship between MLR and iron require more investigations. Finally, patients with early-stage TNBC included in this study were from only a single centre in China. Further large or multicentre cohort studies are warrant to enhance the power of our results. Although we actively sought help and cooperation from other hospitals to validate our prognostic models, unfortunately, we failed to obtain complete haematological parameters and follow-up information. Thus, the prognostic accuracy of our nomograms for early-stage TNBC patients from other geographic backgrounds requires further evaluation in future studies.
CONCLUSION
In conclusion, we propose the Iron-inflammation axis, the IronMLR score, as a novel prognostic biomarker for trace element and systemic inflammatory status in female patients with early-stage TNBC. Prognostic models based on the IronMLR score for individualized survival predictions showed good predictive performance and discriminative accuracy, but validation of the predictive role of the IronMLR score is needed in a large or multicentre cohort. Additional studies, especially those exploring the IronMLR score as a potential dynamic biomarker related to survival outcomes during treatment, are warranted in future.
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Characteristic ALL Training cohort SYSUCC-001

N = 358 N =272 N =86
Age (years), median 46.8 (39.3-56.0) 48.0(41.0-49.2) 43.5(37.3-50.8)
(IQR)
Age at the diagnosis (years)
< 50 208 (58.1%) 149 (54.8%) 59 (68.6%)
> 50 150 (41.9%) 123 (45.2%) 27 (31.4%)
T stage @
T 121 (33.8%) 92 (33.8%) 29 (33.7%)
T2 204 (57.0%) 151 (55.5%) 53 (61.7%)
T3 25 (7.0%) 23 (8.5%) 2 (2.3%)
T4 8 (2.2%) 6 (2.2%) 2 (2.3%)
N stage 2
NO 208 (58.1%) 156 (57.4%) 52 (60.5%)
N1 82 (22.9%) 63 (23.2%) 19 (22.1%)
N2 34 (9.5%) 28 (10.3%) 6 (6.9%)
N3 34 (9.5%) 25 (9.1%) 9 (10.5%)
Menopausal status
Premenopausal 242 (67.6%) 174 (63.8%) 68 (79.1%)
Postmenopausal 116 (32.4%) 98 (36.2%) 18 (20.9%)
Pathological grade °
1 6 (1.7%) 5 (1.84%) 1(1.1%)
2 130 (36.3%) 114 (41.9%) 16 (18.6%)
3 213 (569.5%) 153 (56.2%) 60 (69.8%)
4 9 (2.5%) 0 (0.0%) 9 (10.5%)
Ki-67 Index ¢
< 30% 75 (20.9%) 63 (23.2%) 12 (14.0%)
> 30% 283 (79.1%) 209 (76.8%) 74 (86.0%)
Lymphovascular
invasion
No 284 (79.4%) 213 (78.3%) 71 (82.6%)
Yes 74 (20.6%) 59 (21.7%) 15 (17.4%)
Serum iron (mol/L) 9, 14.7 (10.9-18.8) 14.7 (11.1-18.9) 14.6 (10.6-18.9)
median (IQR)
Serum iron (wmol/L) ¢
High 114 (31.8%) 88 (32.4%) 26 (30.2%)
Low 244 (68.2%) 184 (67.6%) 60 (69.8%)

aDjagnosed based on the AJCC 2010 criteria (seventh edition).

bHistological grade at the diagnosis was based on the degree of tumor differentia-
tion.

®The Ki-67 index at the diagnosis indicates DNA synthetic activity as measured
using immunocytochemistry.

dThe cut-off value was determined by means of maximally selected rank statistics.
IQR, interquartile range.
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Characteristics Overall survival Disease-free survival

Hazard ratio (95%CI) P Hazard ratio (95%CI) P

Age (year)

<50 Reference Reference

> 50 2.039 (1.162-3.579) 0.013* 1.732 (1.060-2.830) 0.029*
Menopausal status

Premenopausal Reference Reference

Postmenopausal 1.826 (1.054-3.163) 0.032* 1.625 (0.998-2.647) 0.051
Histological grade ?

/e Reference Reference

3 1.246 (0.734-2.116) 0.415 1.098 (0.670-1.723) 0.685
Lymphovascular invasion

No Reference Reference

Yes 2.752 (1.555-4.870) 0.001* 2.513 (1.491-4.236) 0.001*
Ki-67 index at diagnosis < 30% °

No Reference Reference

Yes 1.272 (0.637-2.539) 0.496 1.085 (0.606-1.943) 0.783
T stage®

1 Reference Reference

2 0.854 (0.459-1.590) 0.619 0.826 (0.483-1.412) 0.484
3 1.412 (0.560-3.601) 0.419 1.062 (0.432-2.610) 0.896
4 5.034 (1.691-14.990) 0.004* 3.496 (1.206-10.132) 0.021*
N stage ¢

0 Reference Reference

1 1.882 (0.899-3.941) 0.094* 2.416 (1.283-4.546) 0.006*
2 3.571 (1.634-7.804) 0.001* 3.582 (1.761-7.284) <0.001*
3 6.669 (3.174-14.014) <0.001* 6.767 (3.419-13.393) <0.001*
Serum iron level (wmol/L) ¢

High Reference Reference

Low 2.560 (1.363-4.811) 0.017* 0.550 (0.337-0.897) 0.017*
*P<0.05.

aHiistological grade at the diagnosis was based on the degree of tumor differentiation.

bThe Ki-67 index at the diagnosis indicates DNA synthetic activity as measured using immunocytochemistry.

®Diagnosed based on the AJCC 2010 criteria (seventh edition).

dThe cut-off value was determined by maximally selected rank statistics.

The bold values represents that features reach to the predetermined significance threshold (P < 0.05) in the univariate Cox regression model.
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Cyst(e)inase degrading cysteine (133,192,193
DFO iron depletion (194)
DFO iron depletion (195)
Triapine iron depletion (196)
Dp44mT iron depletion

Fusaricide iron depletion 62)
Ga iron depletion (197)
Tris (8-quinolinolato) Gallium (lll) (KP46)  iron depletion (198)
Gallium Mallotate iron depletion (198)
Ferrocene derivatives elevated iron levels (199)
Ferumoxytol elevated iron levels (200)
ascorbic acid ferroptosis (201-205)
salinomycin derivatives ferroptosis inducers (206)
DMT1 inhibitor target DMT1 (68)
HFn-PTX target TFR1 (207)
DOX-FTH target TFR1 (179,208)
miR-375 target SLC7A11 (209)
miR-148a targeting TFR1 (32)
miR-184 targeting HAMP (210)
miR-200b targeting ferritin (211)
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TFR1 hepatic carcinoma up poor (176,177)
TFR1 ovarian cancer up poor (29
TFR1 lung cancer up poor (178)
TFR1 gastric cancer up poor (179)
TFR1 glioblastoma up poor (180)
TFR2 glioblastoma up good (181)
TFR1 colorectal cancer up good (182)
FPN1 breast cancer down poor (45)
FPN1 lung cancer down poor (178)
FPN1 adrenocortical carcinoma down poor (183)
FPN1 multiple myeloma down poor 43)
FPN1 clear cell renal cell carcinoma down poor (184)
STEAP3 glioblastoma up poor (39)
STEAP1 breast cancer up good (185)
STEAP2 breast cancer up good (185)
STEAP4 breast cancer up good (185)
Hepcidin breast cancer up poor (186)
FTL ovarian cancer up poor (187)
DMT1 ovarian cancer up poor (187)
HAMP ovarian cancer up poor (187)

DMT1 hepatocellular carcinoma low poor (65)
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Altered Player Cancer Regulation Ref.
TFR1 glioblastoma up (25)
TFRA leukemia up (26)
TFR1 breast cancer up (27,28)
TFR1 ovarian cancer up (29,30)
TFR1 hepatic carcinoma up (31,32
TFR1 thyroid cancer up (33)
TFR1 colorectal cancer up (34-36)
DMT1 ovarian cancer up (30)
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DMT1 colorectal cancer up (38)
STEAP3 glioblastoma up (39)
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IRP2 colorectal cancer up (36)
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FPN pancreatic cancer down (42)
FPN multiple myeloma down 43)
FPN thyroid cancer down (44)
Hepcidin breast cancer up (45)
Hepcidin colorectal cancer up (46)
Hepcidin prostate cancer up (47,48)
Hepcidin thyroid cancer up (44)
Hepcidin breast cancer up (49)
Hepcidin multiple myeloma up (50,51)
Hepcidin non-Hodgkin’s lymphoma up (52)
Hepcidin UUTUC up (53)
Hepcidin Renal Cell Carcinoma up (53)
Hepcidin hepatocellular carcinoma down (54)
HAMP hepatocellular carcinoma down (55)
HAMP cholangiocarcinoma down (56)
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1 Stockwell BR (1) Ferroptosis: A Regulated Cell Death Nexus Linking Metabolism, Redox Biology, and Disease  Cell 433
2 Yang WS (3) Regulation of ferroptotic cancer cell death by GPX4 Cell 374
3 Xie'Y (43) Ferroptosis: process and function Cell Death Differ 335
4 Jiang L (44) Ferroptosis as a p53-mediated activity during tumor suppression Nature 279
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6 Yang WS (46) Ferroptosis: Death by Lipid Peroxidation Trends Cell Biol 273
7 Angeli JPF (4) Inactivation of the ferroptosis regulator Gpx4 triggers acute renal failure in mice Nat Cell Biol 27
8 Gao MH (47) Glutaminolysis and Transferrin Regulate Ferroptosis Mol Cell 240
9 Kagan VE (48)  Oxidized arachidonic and adrenic PEs navigate cells to ferroptosis Nat Chem Biol 234
10 Yang WS (49) Peroxidation of polyunsaturated fatty acids by lipoxygenases drives ferroptosis Proc Natl Acad SciU S A 196
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1 Cell 3,926 (4.21%) 38.637
2 Nature 2,912 (3.12%) 42,779
3 Journal of Biological Chemistry 2,661 (2.85%) 4.238
4 Proceedings of The National Academy of Sciences of the United States of America 2,475 (2.65%) 9.412
5 Cell Death and Differentiation 1,766 (1.89%) 10.717
6 Free Radical Biology and Medicine 1,758 (1.88%) 6.170
7 Nature Chemical Biology 1,270 (1.36%) 12.587
8 Plos One 1,152 (1.23%) 274

9 Cancer Research 1,066 (1.14%) 9.727
10 Science 1,061 (1.14%) 41.846
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1 China 562 (31.03%) 0.09 University of Pittsburgh USA 59 (3.34%) 0.20
2 USA 410 (22.64%) 0.18 Columbia University USA 57 (3.23%) 0.14
3 Germany 157 (8.67%) 0.31 Guangzhou Medical University China 41 (2.32%) 0.08
4 Japan 1083 (5.69%) 0.10 Chinese Academy of Sciences China 33 (1.87%) 0.08
5 France 55 (3.04%) 0.39 Zhejiang University China 32 (1.81%) 0.07
6 Australia 49 (2.71%) 0.21 Harvard University USA 29 (1.64%) 0.11
7 UK 48 (2.65%) 0.19 Stanford University USA 28 (1.59%) 0.10
8 Canada 42 (2.32%) 0.15 Central South University China 27 (1.53%) 0.03
9 ltaly 39 (2.15%) 0.01 Jilin University China 25 (1.42%) 0.07
10 Russia 33 (1.82%) 0.02 Helmholtz Zentrum Miinchen Germany 25 (1.42%) 0.06
10 Shanghai Jiao Tong University China 25 (1.42%) 0.03
10 The University of Melbourne Australia 25 (1.42%) 0.10
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3 Rui Kang 35 Jose Pedro Friedmann Angeli 557
4 Marcus Conrad 31 Minghui Gao 519
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8 Valerian E Kagan 13 Lorenzo Galluzzi 383
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1 Cell Death & Disease 41 (3.21%) 6.304 (e]] UK

2 Biochemical and Biophysical Research Communications 36 (2.82%) 2.985 Q2/Q3 USA

3 Free Radical Biology and Medicine 31 (2.43%) 6.170 Qi USA

4 Redox Biology 27 (2.12%) 9.986 Qi Netherlands
5 Cell Death and Differentiation 21 (1.65%) 10.717 Qi UK

6 Oxidative Medicine and Cellular Longevity 20 (1.57%) 5.076 Q2 USA

7 International Journal of Molecular Sciences 20 (1.57%) 4.556 Q1/Q2 Switzerland
8 Scientific Reports 6 (1.25%) 3.998 Q1 UK

9 Frontiers in Neuroscience 15 (1.18%) 3.707 Q2 Switzerland
10 Cell Chemical Biology 5 (1.18%) 7.739 Q1 USA

*IF: Impact Factor.
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Multivariate cox analysis

Hazard ratio (95%Cl)

Reference
1.370 (0.810-2.310)

Reference
1.560 (0.840-2.880)

Reference
0.840 (0.490-1.460)
0.890 (0.350-2.250)
2.660 (0.770-9.270)

Reference

2.360 (1.250-4.430)
2,560 (1.190-6.500)
4130 (1.910-8.920)

Reference
2.310 (1.200-4.430)

p value

0.243

0.167

0.543
0.802
0.123

0.008"
0.016"
<0.001*

Q.012*
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Characteristics All (N = 257)

IronMLRscore

Low (N = 228)
Age (years), median (QR) 480 (41.0-57.0) 48.7 (47.3-502)
Age at diagnosis
<50 150 (58.4%) 136 (69.6%)
>50 107 (41.6%) 92 (40.4%)
BMI, median (IQR) 234 (23.0-23.8) 235 (23.1-239)
BMI
<23 132 (51.6%) 111 (48.9%)
>23 124 (48.4%) 116 (61.5%)
T stage®
T 89 (34.6%) 78 (34.2%)
™2 141 (54.9%) 125 (54.8%)
IE] 23 (8.9%) 21 (9.2%)
T4 4 (1.6%) 4 (1.8%)
N stage®
NO 152 (59.2%) 132 (57.9%)
N1 57 (22.2%) 54 (23.7%)
N2 24 (9.3%) 21(9.2%)
N3 24 (9.3%) 21 (9.2%)
Stage®
| 59 (23.0%) 52 (22.8%)
I 143 (55.6%) 127 (55.7%)
" 55 (21.4%) 49 (21.5%)
Menstrual status
Premenopausal 168 (65.4%) 151 (66.2%)
Postmenopausal 89 (34.6%) 77 (33.8%)
Pathological grade®
12 112 (43.6%) 99 (43.4%)
3 145 (56.4%) 129 (56.6%)
KI-67 index
<30% 60 (23.3%) 48 (21.1%)
230% 197 (76.7%) 180 (78.9%)
Lymphovascular invasion
No 205 (79.8%) 180 (78.9%)
Yes 52 (20.2%) 48 (21.1%)

“Diagnosed based on the AJCC 2010 criteria (seventh ecition).

“Histological grade at diagnosis was based on the degree of histological tumor diferentation.

“The Ki-67 index at dlagnosis indicates DNA synthetic activity as measured using immunocytochemistry.
IThe cut-off value was determined by means of maximally selected log-rank statistics.

Abbreviation: IOR, inferquartile ranges.

High (N = 29)
50.7 (46.2-65.1)

14 (48.3%)
15 (51.7%)
22.3 (21.2-23.6)

21 (72.4%)
8 (27.6%)

11 (37.9%)
16 (66.2%)
2 (6.9%)
0 (0.0%)

20 (69.1%)
3(10.3%)
3(103%)
3(103%)

7(241%)
16 (55.2%)
6(20.7%)

17 (68.6%)
12 (41.4%)

13 (44.8%)
16 (65.2%)

12 (41.4%)
17 (68.6%)

25 (86.2%)
4(13.8%)

p value

0.406
0.332

0.064
0.029

0.232

0.403

0.986

0.546

0.999

0.028

0.502
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Gene

HAMP
SFXN3
SLC22A17
SLC39A14
SLC39A8
SLC48A1

coef

0.4286
0.0070
0.2046
-0.0277
-0.0521
0.1739

exp (coef)

1.636065
1.007071
1.227040
0972637
0.949228
1.189989

se (coef)

0.276562
0.027600
0.176986
0.016133
0.024044
0.089898

1.550
0.255
1.156
-1.720
2.167
1.935

0.1212
0.7985
0.2477
0.0855
0.0302
0.0530
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Compounds

Procyanidin

Luteolin

Trigonelline

Brusatol

Chrysin
Oridonin
Convallatoxin

Honokiol
Wogonin

Ascorbic acid
Retinoic acid
Isoniazid

PHA-767491

Sorafenib

Valproic acid
Metformin

Clobetasol propionate

Types of cancer/cell lines

Non-small-cell lung cancer/A549.

Non-small-cell lung cancer/A549.

Pancreatic carcinoma/Panc1, Colo357, and
MiaPaca2.

Acute myeloid leukemia/TPH1; Non-small-cell lung
cancer/A549; Hepatoma/Hepa-1c1c¢7; Pancreatic
cancer/PATU-8988 and PANC-1; Melanoma/A375.

Glioblastoma/T98, U251, and U87.
Osteosarcoma/MG63 and HOS.
Non-small-cell lung cancer/A549.

Lymphoid cancer/Raji and Molt4

Hepatoma/HepG2; Head and neck cancer/HNGC;
Leukemia/K562.

Leukemia/Imatinib-resistant KCL22.
Acute myeloid leukemia/HLGO.
Hepatoma/HepG2.

Hepatoma/HepG2; Myeloma/MM.1S, L363, and
U266.

Hepatoma/5-FU resistant Bel-7402.
Papillary thyroid cancer/TPC1 and BCPAP.

Hepatoma/HepG2; Breast cancer/MCF-7; Colon
cancer/HT29; Non-small-cell lung cancer/A549,
H1299, and H460.

Non-small-cell lung cancer/A549.

Main findings

Reduce Nrf2 expression, and promote
proteasome-independent degradation of nuclear
Nrf2.

Reduce Nrf2 expression and its downstream
antioxidant enzymes.

Block Nrf2-dependent proteasome activity.

Suppress Nrf2 pathway.

Inhibit ERK/Nrf2 pathway.
Suppress Nrf2 mediated antioxidant pathways.

Suppression of Nrf2 is regulated at the level of
proteolysis.

Attenuate Nrf2 and NF-kB.
Inhibit Nrf2 via Stat3/NF-kB signaling.

Inhibit Nrf2 nuclear translocation.
Inhibit Nrf2 nuclear translocation.
Inhibit Nrf2 nuclear translocation.
Inhibit Nrf2 nuclear translocation.

Suppress Nrf2 expression.
Inhibit Nrf2 nuclear expression.

Suppress Nrf2 expression via downregulating
PPARY transcriptional activity.

Suppress Nrf2 nuclear translocation and promote
its degradation.
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Gene

STEAP1
STEAP2

STEAP3

STEAP4

STEAP1B

Alternative names

PRSS24 STEAP

STMP IPCA1 PUMPCn
STAMP1 PCANAP1

STMP3 TSAP6 pHyde AHMIO2
Dudlin-2 Dudulin-2

TIARP STAMP2 SchLAH
TNFAIP9

Location

792113
792113

2q14.2

702112

7p15.3

Size (bp)

10,359
31,669

43,177

36,003

80,839

Exons

11

Transcript* (nt)

NM_012449.3 (1,219)
NM_001244944.2 (6,948)
NM_152999.4 (6,871)
NM_001040665.2 (6,821)
NM_001040666.1 (2,230)
NM_001244945.2 (2,645)
NM_001244946.2 (2,267)
NM_182915.3 (4,259)
NM_018234.3 (3,912)
NM_001008410.2 (3,844)
NM_138637.3 (4,076)
NM_024636.4 (9,991)
NM_024636.4 (10,090)
NM_024636.4 (9,463)
NM_001164460.1 (1,299)
NM_207342.2 (1,298)

Protein* (aa)

NP_036581.1 (339)
NP_001035755.1 (490)
NP_001035756.1 (454)
NM_001244946.2 (451)

NP_878919.1 (498)
NP_001008410.1 (488)
NP_619543.1 (457)

NP_001192244.1 (459)
NP_001192245.1 (283)

NP_001157932.1 (342)
NP_997225.1 (245)

*Gene information obtained from the National Center for Biotechnology Information.





OPS/images/fcell-09-735013/fcell-09-735013-g009.jpg
consensus matrix k=2

histological_type

[

Il vicaansseroue

[ stae 1 astagen
Stage Il Stage IV

consensus CDF Delta area
1.0 g =
. A - L 2
=
£
0.8 S 2
[ Ch
a
o
2 =
0.6 - —
5 (=]
5 |
© = e o |
= 5
0.4 4 a o
=
= £
S o
[=} 2 o7
m =
02 = = o
= - | \
S
O 5
—a
00 - o— o
T T T T T T CHs T T T T T T T
o o~ - © o o
o o o o o - 2 3 4 5 6 7 8 9
consensus index k E age histological_type
D o 1.00
20 ansmr
clustert 075 7%
| cluster2
10 o
l Stage | & Stage Il age
Stage Ill Stage IV 050
” age Il Stage - W o
KEAP1 grade | B
G1&G2
_10. | G3&G4
istological_type 025 025
endometrial
=20 [ Mixed and serous
cisp1
age
<=60 000
>60 e . c1 c2
Cluster Cluster
HMOX1 grade stage
100
GPX4
075 075
grade stage
0.5 G1&G2 050
HSBP1 | K
G3&G4
SAT1
0.00
c1 c2 c1 2
Cluster Cluster
Enrichment plot:
G Enrichment plot: KEGG_FATTY_ACID_METABOLISM KEGG_GRAFT_VERSUS_HOST_DISEASE
. 0.40 704
— ~ 70
F Survival curve (p=0.041) Goss g
@ 0.30 2o3
§ 0.25 §
= 0.20 =202
o £ o1 5
= £ 0.10 Zo1
g9 S
- = =
cluster1 £ oo =
CI Sterz ) u |‘” u
® ] HH’HH ‘ J § B | L
A 3 —
o £ 02 custerr (postvely coreisted) 8 02 ['custert" (postwely comeiated)
S 01 g o1
8 oo 2 oo -
£ o1 Zero cross at 8522 £ o1 Zero cross 8522
8 © £ 02 g 02
& o S o ko 4o oom sio o rmom wwom w0 o b § O 20 4000 6000 S0W 100 12000 1400 1030 1600 20000
T & Rank in Ordered Dataset Rankin Ordered Dataset
- 1
> ,: : :: : : : : [ Enrichment profile — Hits Ranking metric scores| [ — Hits |
2 <
S . - Enrichment plot: KEGG_PROTEIN_EXPORT Enrichment plot: KEGG_RIBOSOME
w © s 055
@, 0.7 Q o
906 o
gos 803
(] =04 -
£ £
s 0.2
o 2o3 2
S o2 Sot
£ 0.1 £
w o w s e WS
0.0 (X
o | | | | % ” H H“| ”H ” ”J M
02 [iGlustert” (positvely comelated) £ 92 [Gustert’ (postvely coreiated)
01 2 o1
5
0 5 10 15 8 v
o Zero cross at 8522 £ .0 Zero cross at 8522
22 E o2
]
T, 03 g “cluste2' (negatively comelated) | g 03 "ciuste2 (negatively correlated)
Ime (year) o 2,000 4,000 6,000 8000 10000 12,000 14,000 16,000 18.000 20.000 S o 2,000 4,000 6.000 8000 10000 12,000 14.000 16.000 18.000 20.000
&

Rank in Ordered Dataset

|~ Enrichment profile — Hits Ranking metric scores

Rank in Ordered Dataset

— Hits






OPS/images/fcell-09-735013/fcell-09-735013-t001.jpg
Gene Hazard ratio 95% ClI P-value

HMOX1 1.003 1.001-1.004 0.000
GOT1 1.023 1.010-1.037 0.001
SAT1 0.997 0.995-0.999 0.001
HSBP1 0.906 0.851-0.966 0.002
ATP5MC3 1.032 1.011-1.055 0.004
KEAP1 1.018 1.005-1.031 0.006
GPXx4 0.995 0.991-0.999 0.007
AKR1C3 1.006 1.001-1.011 0.015
CISD1 1.096 1.017-1.182 0.016
ACSF2 1.067 1.012-1.124 0.017
CHACH 1.028 1.003-1.053 0.025
GCLM 1.068 1.007-1.112 0.026
GCLC 1.034 1.003-1.067 0.031
AKR1CH 1.021 1.001-1.041 0.038
GBS 2.544 1.050-6.165 0.039
CS 1.038 1.001-1.076 0.042

HSPB1 0.999 0.998-1.000 0.047
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Variables Univariable model Multivariable mode

HR 95% ClI P-value HR 95% CI P-value
Train set
Age 1.875 0.941-3.738 0.074
Histological type 3.849 2.081-7.117 <0.001 2.665 1.377-5.160 0.004
Grade 4.237 1.024-17.542 0.046 1.645 0.367-7.370 0.515
Stage 4.714 2.5640-8.746 <0.001 3.034 1.5651-5.933 0.001
FRPS 1.029 1.017-1.042 <0.001 1.027 1.014-1.040 <0.001
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