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Abstract

:

Simple Summary


Particle therapy with carbon ions is a promising novel option for the treatment of recurrent high-grade glioma (rHGG). Lack of initial and sequential biopsies limits the investigation of rHGG evolution under therapy. We hypothesized that peripheral blood transcriptome derived from liquid biopsies (lbx) as a minimal invasive method may provide a useful decision support for identification of glioma grade and provide novel means for longitudinal molecular monitoring of tumor evolution under carbon ion irradiation (CIR). We demonstrate feasibility and report patient, tumor and treatment fingerprints in whole blood transcriptomes of rHGG patients with pre-CIR and three post-CIR time points.




Abstract


Purpose: To assess the value of whole blood transcriptome data from liquid biopsy (lbx) in recurrent high-grade glioma (rHGG) patients for longitudinal molecular monitoring of tumor evolution under carbon ion irradiation (CIR). Methods: Whole blood transcriptome (WBT) analysis (Illumina HumanHT-12 Expression BeadChips) was performed in 14 patients with rHGG pre re-irradiation (reRT) with CIR and 3, 6 and 9 weeks post-CIR (reRT grade III:5, 36%, IV:9, 64%). Patients were irradiated with 30, 33, 36 GyRBE (n = 5, 6, 3) in 3GyRBE per fraction. Results: WTB analysis showed stable correlation with treatment characteristics and patients tumor grade, indicating a preserved tumor origin specific as well as dynamic transcriptional fingerprints of peripheral blood cells. Initial histopathologic tumor grade was indirectly associated with TMEM173 (STING), DNA-repair (ATM, POLD4) and hypoxia related genes. DNA-repair, chromatin remodeling (LIG1, SMARCD1) and immune response (FLT3LG) pathways were affected post-CIR. Longitudinal WTB fingerprints identified two distinct trajectories of rHGG evolution, characterized by differential and prognostic CRISPLD2 expression pre-CIR. Conclusions: Lbx based WTB analysis holds the potential for molecular stratification of rHGG patients and therapy monitoring. We demonstrate the feasibility of the peripheral blood transcriptome as a sentinel organ for identification of patient, tumor characteristics and CIR specific fingerprints in rHGG.
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1. Introduction


Carbon ion particle irradiation (CIR) is a promising novel therapy option for recurrent high grade glioma (rHGG) [1]. rHGG includes grade III and IV tumors, composed of a variety of distinct molecular subtypes [2,3] almost exclusively exhibiting a grim prognosis [4,5]. Data reported by Nyazi et al. from a German Cancer Consortium (DKTK) multi-center retrospective study of rHGG re-irradiated with photons highlighted the importance of initial tumor grade, performance score and age at reRT as important prognostic factors (re-irradiation risk score, RRRS) [6] empathizing the heterogeneity of rHGG.



CIR provides high precision particle radiotherapy modality with unique physical properties as normal tissue sparing steep dose-depth gradient [7], and specific radiobiological characteristics [8,9,10,11,12]. Its cell-killing efficacy is less dependent on the presence of oxygen [13]. The biological effects differ from conventional therapy and include the induction of a more immune-accessible environment [9], modulation of angiogenesis [9] and the eradication of tumor stem cells [8,9]. Tumor recurrences present predominantly at margins of the high-dose irradiated region following CIR, as opposed to in-field recurrences after conventional photon radiotherapy [14], supporting the observation of improved tumor cell killing by CIR. The first clinical data—comparing RRRS matched patients with photon and carbon therapy—showed promising results, especially for grade III glioma [1].



Indication for re-irradiation (reRT) is often based on imaging and clinical tumor presentation [15]. A preceding biopsy or resection is not performed regularly, thus a systematic molecular/histopathologic evaluation in the recurrent setting is not always possible. This lack of data at reRT time point as well as the non-feasibility of sequential biopsies during therapy limit the investigation of rHGG evolution and detailed examination of therapy effects.



Liquid biopsy, utilizing different blood components, such as circulating tumor cells (CTC), mutation/methylation studies on circulating free tumor DNA (cfDNA), deep single cell RNSseq and cytometric profiling of immune cells and other novel technologies may provide minimal-invasive means to dissect the molecular and characteristic features of otherwise hard to access tumors. To this end liquid biopsy using peripheral blood transcriptome as sentinel organ, is an appealing tool for translational research including patient stratification and therapy monitoring [16,17,18,19]. Peripheral blood transcriptome combined with deconvolution algorithms (e.g., CIBERSORT/TX for hematopoietic cells) may reflect tumor/therapy perturbations of cellular composition. Moreover, blood cells are exposed to drugs, traverse irradiated tissue and may elicit transcriptional responses to a plethora of factors (e.g., growth factors, immune modulators etc.) released either inherently or as function of a defined treatment by tumor cells. Therefore, in this study we aimed to evaluate the value of a specific liquid biopsy application—whole blood transcriptome analysis—to study the effects of CIR in recurrent high-grade glioma.




2. Materials and Methods


2.1. Study Cohort


Molecular information was extracted from pathology reports or physician letters. ReRT grade was extracted from radiology reports. Gray equivalent doses were calculated according to the Local Effect Model 1, LEM 1 [20]. As control cohort, data from the KORA F4 study [21,22] was retrieved from ArrayExpress (E-MTAB-1708).




2.2. Ethics Approval and Consent to Participate


All patient consented to participate in this study. The ethical approval was obtained by the IRB-Ethics Committee of the Medical Faculty of Heidelberg University (approval number S-540/2010).




2.3. Blood Processing


Whole blood, collected in PAXgene Blood RNA Tubes, was used for RNA extraction using the PAXgene Blood RNA Kit (Qiagen, Hilden, Germany). RNA quality was verified with a NanoDropTM 1000 spectrophotometer and on a Bioanalyzer (Agilent, Waldbronn, Germany). Illumina BeadChip arrays (HumanHT-12 Expression BeadChip) were used to quantify expression from 200 ng of RNA in the genomics Core Facility, DKFZ (Heidelberg, Germany).




2.4. CIBERSORT


Blood cell type fractions were estimated from whole blood expression data using the CIBERSORT method [23,24]. Detailed variability of CIBERSORT fractions over time is shown in Figure S5.




2.5. Statistical Analysis


Statistical analyses were conducted in R v 4.0.5 [25]. Low-dimensional representation of data were calculated with UMAP [26,27] and t-SNE (FI-tSNE) [28]. Non-parametric tests for repeated measurements were performed with nparLD [29], non-parametric interaction tests with the rankFD package [30]. Gene signature analysis was performed with the geneSignatures package [31]. Survival analyses (time from start of re-irradiation until death/last contact) were performed with Cox-PH models or parametric survival models (Weibull distribution) [32]. For comparison of prognostic value of tumor grade classification at different timepoints, both grade assignment at initial diagnosis (initial grade) and re-RT timepoint (reRT grade) were used with the aforementioned survival data.



The enrichR package [33] was used to perform KEGG pathway enrichment analyses (Human, 2019), pathway analyses were conducted with REACTOME [34]. Transcriptome data were log2 transformed and virtual pool normalized [35]. Lme4 was used for mixed effect model analyses [36]. Benjamini-Hochberg p-value adjustment was used for multiplicity correction (FDR). Hierarchical clustering was performed with ward.D2/complete linkage. Significance level alpha (two-sided) was fixed at 0.05 if not stated otherwise. Feature selection was performed with the modelBuildR R package [37]. Protein interaction analyses were conducted with SUMO [35]. Due to the low number of subjects included in the study, also trends are reported and/or prefiltered data (e.g., most variant genes) was analyzed. Outliers are shown in boxplots as solid dots and are identified as values below Q1 − 1.5 × IQR and above Q3 + 1.5 × IQR.



Expression data was batch normalized with ComBat [38] and z-transformed for comparative analyses (CIR + KORA F4), only genes present in both datasets were used (CIR: n = 34,694 genes, on both arrays: n = 23,437 genes). Keras [39] was used for deep learning model training.





3. Results


3.1. Study Cohort


Fourteen patients with rHGG were enrolled in the study between May 2011 and June 2021 (Figure 1A and Table 1). Blood from four time points was available for 9 of the patients, while one time point was missing for the remaining (Figure 1A). For three out of five tumors initially classified as grade II, IDH1 mutation was detected, however, for the majority of patients, MGMT promoter methylation and IDH1 mutation status was not available (Figure 1B). Initial grade II and III tumor patients were mostly male (except one), initial grade IV was more balanced (3 males, 4 females). Patients with lower grade tumors were on average younger. Initial (histopathologic) grade yielded better prognostic separation following CIR (Figure 1C).




3.2. Patient Characteristics Sex and Age Are Mirrored in Transcriptome


For an overview of the whole blood transcriptome, a t-SNE (Figure 2A) were computed. Repeated measurements for single patients showed mostly similar values in the respective representations (t-SNE, UMAP, Figure S1A).



To identify patient/tumor specific and thus stable features over time, least variant (mad < 2.5% quantile) and highly abundant (median > 97.5% quantile) genes were identified in serial samples per patient. Representative distributions of expression (median) and variation (mad) for a single patient is shown in Figure 2B (left), selected genes meeting the filtering criteria are labeled. Median number of analogously obtained genes were 6 per patient (0–11), and 81 unique genes in total (Figure S1B), genes per patient are shown in Table S1. Correlation and hierarchical cluster analysis of these (Figure 2C) identified similar groups of patients (clusters) associated with sex, age and initial tumor grade. Using only the most variant 10% of genes (Figure 2D), 10 genes were identified as being associated with sex (Figure 2E) and two genes with age (Figure 2F) for FDR < 0.05. The lncRNA XIST showed high expression levels in females, RPS4Y1 was among the highly expressed genes in males. XIST and JARID1D expression showed expected fractions of males/females in the KORA F4 cohort (Figure S7A). Increasing age was associated with decreasing expression levels of ITFG2 and increasing levels of SL25A37. Inverse correlation between ITFG2 and SCL25A37 was confirmed in KORA F4 data (Figure S7B).




3.3. Initial and Re-RT Glioma Grade Are Associated with Transcriptome Profiles


As correlation analyses of least variable and highly expressed genes per patient (n = 81, Figure 2B,C) revealed similarity between samples w.r.t their initial (histopathologic) tumor grade, more detailed analyses were performed to test for associations with initial and reRT tumor grade (Figure 3). Logistic regression analyses to differentiate grade IV vs. lower grade tumors on tSNE representations (main effects: two dimensional tSNE vectors + interaction term) yielded lowest Akaike information criterion values (AIC, best separation) for late time points and initial tumor grade (Figure 3A, star, and Figure 3F).



CIBERSORT inferred cell fractions showed the lowest fractions of monocytes in initial grade II tumor samples, while naïve B cells were sparse in initial grade IV samples (Figure 3B, p-value < 0.05). Neutrophil fractions were higher in grade IV tumors (both initial and reRT grade, Figure 3B,G, p-value < 0.05). Full data is shown in Figure S2.



On the single gene expression level, HNRPH1 expression decreased in higher grade tumors (initial histopathologic tumor grade; 10% most variable genes, FDR < 0.05, linear model, Figure 3C). n = 1141 genes showed significant association with HNRPH1 expression (Bonferroni adjusted p-value < 0.05, Figure 3D). Form these, 894 (78%) were present in the KORA F4 dataset, 746 (83%) showing significant association with HNRPH1 expression (Figure S7C). Among these were genes involved in DNA damage repair (POLD4, ATM), hypoxia sensing (HIF1AN), and inflammatory signaling (STING/TMEM173) (Figure 3D). KEGG pathway analysis of common associated gene sets (CIR + KORA F4) identified DNA replication, T-cell receptor, NFkB and HIF-1 signaling (Figure S7C, right). Association with hypoxia was further assessed by calculating hypoxia scores from a set of hypoxia signatures (Figure 3E, left, each row corresponds to a score based on a published hypoxia signature), showing higher median hypoxic scores in higher grade tumors (Figure 3E, right). Associations of HNRPH1 with covariates for the KORA F4 dataset are shown in Figure S7D, observed absolute correlations were mostly <0.2.



ReRT grade of tumors showed association with three genes (10% most variant genes, FDR < 0.05, Figure 3H). Analogously to Figure 3D, associations of these three candidates with expression of all genes was assessed (Bonferroni adjusted p-value < 0.05) yielding 111 consensus genes (Figure 3I). KEGG pathway enrichment analysis of these 111 candidates highlighted MHC-II genes HLA-DBM, HLA-DRA, HLA-DPA1 in identified pathways (Figure S3), CD74 (the HLA class II histocompatibility antigen gamma chain) was lower expressed in reRT grade IV tumors (Figure 3I, right). Associations in KORA F4 data are shown in Figure S7E.



Finally, we aimed to confirm the presence of a disease signature in the CIR cohort samples by comparing transcriptome profiles to data from the KORA F4 study (Figure S7F). A 2-dimensional umap representation did not reveal a clear separation of both cohorts (Figure S7, left). A deep learning model however, was able to identify samples belonging to the CIR cohort with an AUC of 77% (95% CI: 65–89%, Figure S7F, right).




3.4. CIR Induces Sustained and Transient Changes in Transcriptome


CIR effects were evaluated independently from applied dose (Figure 4), and for dose dependent changes (Figure 5). Dose independent tests were performed as global tests (any difference between pre- and post-CIR samples), and as pairwise tests (pre-CIR vs. nth post-CIR time point, Figure 4A). Evaluation of most variant 10% of genes identified CTSZ and RSPRY1 as late (last time point) and early (first time point post-CIR, no return to baseline) changing genes (Figure 4B, FDR < 0.05).



More liberal analysis (FDR < 0.2 on full expression data) with adjustment for sex, age, and initial tumor grade (Figure 4C) identified groups of genes with distinct dynamics post-CIR (Figure 4E) and similar expression patterns within the respective time points (Figure 4D). One group showed a decrease and sustained lower expression post-CIR (Figure 4E, (1), a decrease followed by return to baseline or even surpassing initial expression levels (2), steady or late decrease (3) and early sustained increase (4). Note that the data in Figure 4D and E is age, sex and initial grade adjusted, in contrast to data shown in Figure 4B.



Pairwise differences (control vs. nth time point) calculated from full expression data are shown in Figure 4F (non-parametric analysis, full expression data, FDR < 0.05). Top candidates are labeled based on lowest FDR, occurrence in COSMIC cancer mutation census candidates (7 May 2021) or association with DNA repair.



No genes were found as differentially regulated between the three groups for a FDR < 0.05 (Figure 4G), however, for FDR < 0.2, two genes (SBF2 and LOC644251) were identified (Figure 4I). Overlapping genes between two pairwise comparisons are shown in Figure 4G,H.



SBF2 showed a sustained increase in expression post-CIR. Positively associated genes included toll like receptors, whereas negative associations were observed for DNA repair gene LIG1, SMARCD1 and FLT3LG (all genes, linear model analysis, Bonferroni p-value < 0.05, Figure 4J). Expression of labeled genes for non-adjusted and adjusted data (sex, age, initial tumor grade) is shown in Figure S4.




3.5. CIR Leads to Dose Dependent Transcriptome Alterations


Next, we assessed if CIR dose has an impact on the transcriptome (Figure 5). Testing for an interaction between dose and two time point (pre-CIR and nth post-CIR) yielded n = 1507 (0 vs. 1), n = 595 (0 vs. 2) and n = 1149 (0 vs. 3) genes with an FDR < 0.05 (rankFD, Wald-type statistic, interaction p-value). The corresponding Venn diagram is shown in Figure 5B. Resulting gene sets were tested for protein interaction networks (SUMO), largest identified networks are shown in Figure 5A (networks: ABL2: 0 vs. 1, CUL7: 0 vs. 2, ACSL4: 0 vs. 3).



Expression values for the identified network genes are shown in Figure 5C. For high dose, ABL2 shows expression increase with return to baseline, CUL7 shows a transient decrease. ACSL4 shows a delayed increase.



To more systematically capture different dynamics of gene expression (see Figure 4E), the post-CIR part was also analyzed separately from the pre-CIR data (Figure 5D), while restricting the evaluated gene set to candidates with equivalent expression in pre-CIR time point (n = 1024, pairwise equivalence tests between dose levels, TOST, p < 0.05).



Interaction terms for these genes are shown in Figure 5E, with expression levels of candidates with p-values < 0.001 (non-adjusted, linear mixed model analysis without pre-CIR data) shown in Figure 5F. Both genes—GLIPR1L2 and FRG1B—show a steep, transient increase post-CIR for high dose. All candidates with p < 0.05 are shown in Table S2.




3.6. Longitudinal Transcriptome Analysis Identifies Two Trajectories


Overall changes in gene expression profiles was assessed by repeated evaluation of differences and correlations (Figure 6A). This approach identified two main groups of patients (Figure 6B) that could be separated by CRISPLD2 expression at the pre-CIR time point (Figure 6C). Further differential genes are shown in Figure S6.



Multivariate survival analysis with age, sex and reRT WHO grade revealed that CRISPLD2 expression was an independent prognostic marker (Figure 6D). It also improved the model performance when substituting reRT with initial WHO grade (Figure 6E).



Finally, REACTOME analysis of genes associated with CRISPLD2 expression (n = 834, Bonferroni p-value < 0.05) identified two main areas: immune system and cellular response to external stimuli (Figure 6F). The former included STAT5 activation, FLT3, IL4 and 13 signaling, the latter genes associated with senescence phenotype. KEGG pathway analysis also highlights a number of immune-associations (Table S3).





4. Discussion


Treatment of recurrent high-grade glioma remains a therapeutic challenge [4,5]. Conventional photon re-irradiation might be limited due to a substantial risk of normal-tissue toxicities and radio necrosis [40]. Here, particle therapy with carbon ions (CIR) confers an alternative due to its physical [7] and biological properties [8].



In this study, we evaluated whole blood transcriptomics as minimal invasive method to study the effects of CIR in recurrent high-grade glioma. To our knowledge, this is the first study incorporating longitudinal analysis of high-grade gliomas treated with CIR.



As blood cells also patrol the tumor, they can exert local (e.g., cytotoxic T cells) and distant effects via cytokines and growth factors on the bone marrow and hematopoietic homeostasis. One might hypothesize that such effects might be conserved and mirrored in the easily accessible sentinel organ blood (respective gene expression profiles of circulating cells and/or circulating RNAs) [41,42,43,44,45,46]. Importantly, we assume that the observed changes following therapy are predominantly indirect effects mostly on leucocytes, arising from tumor and irradiation interaction, and only to a lesser degree (if at all) a direct measurement of changes in circulating tumor cells.



Effects especially on circulating T-cells following irradiation have long been known [47,48,49,50]. However, our analyses (whole blood transcriptome) were not confined to specific subpopulations of cell types but rather constitute a mixture of all present cells. We evaluated associations with patient, tumor and treatment characteristics on transcriptome level and used CIBERSORT [23,24] to estimate cell fractions from bulk expression data.



Individualized transcriptome fingerprints, however, can be assumed to be a composition of healthy inter-subject variation (human genetics) and disease (tumor and/or other disease) specific alterations. We therefore tried to separate these effects, starting by testing for non-tumor patient characteristics like age and sex: higher XIST expression was observed in females [51,52], and higher RPS4Y1 expression in males. These two genes have been reported to be linked to gender in single cell analyses [53]. ITFG2, which was observed to be less expressed with increasing age, is part of the KICSTOR complex which has been linked to aging and which modulates mTOR [54,55].



Next, we assessed the disease specific transcriptome fingerprint within the highly heterogeneous group of rHGG (grade III, IV, each comprising a variety of distinct molecular subtypes). Interestingly, we found transcriptome profiles linked to initial (histopathologic) determined tumor grade (grade II to IV) by evaluation of least variant genes per patient. Together with the observed improved prognostic separation of patients based on the initial (histopathologic) grade as compared to clinical/radiographically determined grade at reRT time point, this hints to a persistent transcriptome fingerprint of the initial tumor, preserved even years after initial diagnosis (up to 17.7 years). Furthermore, transcriptome profiles could be better separated with initial (histopathologic) grade IV tumors vs. non-grade IV as compared to reRT (radiographic/clinical) tumor classification after a latency period following CIR (second and third time point post-CIR). This hints towards a differential response to CIR depending on initial tumor grade (see also below).



An increased expression of HNRPH1 correlated with initial (histopathologic) tumor grade. HNRPH1 has been described in colon cancer development [56,57], and in the splicing oncogenic switch [58]. We found expression of HNRPH1 to be associated with genes involved in DNA repair (ATM, POLD3), hypoxia (HIF1AN) and inflammatory signaling (TMEM173/STING), with the latter showing higher expression levels in lower initial grade tumors. Higher activity of STING mediated IFN-I signaling has been reported to enhance anti-glioma immunity [59], a direct link between tumor grade and STING activity, however, has not been established yet. Higher hypoxia signature scores were observed in initial grade IV tumors, which might mirror the highly hypoxic state within glioblastoma [60,61].



Clinical/radiographic determined glioma grade at reRT time point was associated with differential expression of CDK2AP1 which has been implicated in glioma tumorigenesis (putative tumor suppressor) [62]. Further associations were found for MHC-II genes: CD74, e.g., was less expressed in reRT grade IV tumors. CD74 expression has been reported to be confined to microglia/macrophages in glioma [63] and as marker associated with response to TMZ therapy [64], highlighting the interdependency between immune system and therapy efficacy.



Deconvolution of immune cells using CIBERSORT revealed higher neutrophil counts in higher grade tumors as reported previously [65]. Higher inferred fractions of monocytes were only observed when evaluating differences based in initial (histopathologic) grade classifications. Monocyte abundance has been linked to levels of tumor associated macrophages (TAMs) within tumors [66]. Thus, one might hypothesize that detailed subtyping of circulating monocytes might help to gain insights into composition of TAMs with their diverging impacts on tumor development [9].



We performed comparison of samples from our CIR cohort against data from the KORA F4 study [21,22]. Importantly, only 68% of genes from the CIR dataset were present in the latter, which might be the reason for the challenging separation of samples from both cohorts. Nevertheless, using a deep learning approach we achieved a satisfactory AUC given the small CIR dataset.



Next, we assessed the dynamic aspects of treatment associated transcriptome changes, comprising time-dependent alterations (pre- vs. post-CIR) and differences associated with applied dose. We observed qualitatively different time-dependent effects, i.e., transient or sustained changes in gene expression at early or late time point post-CIR. This indicates a pleiotropy of CIR induced changes, potentially leading to a long-lasting CIR fingerprint.



Among the differentially expressed genes following CIR, were genes involved in the regulation of metastatic ability (BAG2 [67]), immunological modification (neopeptide generation/modification, APOBEC3B [68,69] and TLR3 dependent NK cell modulation, RHBDD1 [70]) as well as the transcription factor FOXO1 [71].



We observed lasting alternations in SBF2, which was associated with expression of toll like receptors, DNA-repair machinery, PI3K signaling (FLT3LG) and chromatin accessibility genes (SMARCD1). FLT3LG seems to exert its anti-tumor activity in conjunction with macrophages and CD4 + T-cells in glioma [72], supporting the observation of a specific immune-modulatory effect of CIR [9].



Dose dependent changes revealed transient and sustained changes in gene expression. Protein interaction network analysis revealed co-regulation of three main networks for each time point (vs. pre-CIR). For first post-CIR time point, a network centered on the ABL proto-oncogene 2, non-receptor tyrosine kinase (ABL2) was identified, with highly connected components SIRT7 and CUL7, all being implicated in tumorigenesis [73,74,75,76]. Second post-CIR time point identified cullin 7 (CUL7) and last time point acyl-coa synthetase long chain family member 4 (ACSL4) with NF2, OBSL1 and YWHAE as highly connected components, all being described or hypothesized to play roles in tumor development [77,78,79,80,81]. In addition, the tp53 target GLIPR1L2 [82] was found to be transiently regulated for high dose. In summary, these findings hint towards differential CIR dose-dependent biological effects; however, future studies are warranted which evaluate in detail the contribution of the biological tumor background (high molecular heterogeneity in our cohort) and irradiated tumor/blood volume (not considered here).



Finally, we performed a more global assessment of transcriptome changes over time. Interestingly, we observed two clearly separated groups of tumors with two distinct changes of gene expression profiles over time. Initial separation at pre-CIR time point of these two groups was feasible based on CRISPLD2 expression. Expression of the latter had a prognostic value in addition to the factors tumor grade (both initial histopathologic and reRT clinical/radiographic). CRISPLD2 expression associated genes were linked to the immune system and cellular responses to external stimuli, especially senescence, pathways. Its expression has been reported as inhibiting proinflammatory mediators in lung epithelial cells and fibroblasts [83]. REACTOME analyses further indicated IL4/IL3 pathways among associated genes, which can induce a shift towards immune-suppressive M2 phenotype of macrophages [84], linked to poor outcome in glioma [9,85]. Thus, evaluation of longitudinal transcriptome changes post-CIR might have captured two groups of tumors with differential immunological state.



Main limitations of our study are the low number of subjects and the highly heterogeneous study cohort. Different analysis techniques—e.g., FACS quantification of specific cell populations, or RNA sequencing/PCR based quantification of single genes—should be implemented to overcome shortcomings of the herein utilized methods. In addition, evaluation of alternative treatment/control groups are warranted to further decipher treatment induced vs. normal disease development caused alterations. Thus, further studies are warranted to validate our findings in independent cohorts.




5. Conclusions


In this study, we assessed the value of a liquid biopsy (lbx) approach using whole blood transcriptome analysis for characterization of patients, tumor biology and particle irradiation with Carbons (CIR) in recurrent high-grade glioma (rHGG) patients. We observed that stable molecular tumor characteristics such as initial tumor grade are preserved even years after the initial diagnosis, that CIR irradiation leads to transient and long-term changes in whole blood transcriptome and that the evaluation of patterns of longitudinal change might help decipher rHGG heterogeneity and interactions with the immune system. Thus, the proposed liquid biopsy approach might be a versatile tool to study tumor characteristics, tumor evolution and treatment effects.








Supplementary Materials


The following are available online at https://www.mdpi.com/article/10.3390/cancers14030684/s1, Figure S1: UMAP representation of transcriptome data and least variable highly expressed genes. Figure S2: CIBERSORT fractions for initial histopathologic and reRT tumor grade. Figure S3: KEGG pathway enrichment analysis of n = 111 consensus genes for re-RT grade association Figure S4: Selected gene expression over time for non-covariate adjusted and adjusted expression data. Figure S5: Variability of CIBERSORT estimated cell fractions. Figure S6: Volcano plot showing differential genes between both identified trajectories/clusters. Figure S7: Evaluation of reported findings in data from the KORA F4 study. Table S1: Least variant and highly abundant expressed genes in serial samples per patient. Table S2: Differentially expressed genes post-CIR with a significant interaction term between time and dose effects and equivalent expression at pre-CIR time point. Table S3: KEGG pathway enrichment for gene expression associations with CRISPLD2.





Author Contributions


Conceptualization, M.K., M.W., A.A.; methodology, C.S., M.K., J.F., U.W., A.W.G.; software and formal analysis, M.K., U.W., C.S.; resources, I.D., S.A., S.R., L.K., S.E.C., T.K., C.H.-M., F.S., J.D., A.A.; data curation, M.W., M.K., J.F.; writing—original draft preparation, M.K., A.A.; writing—review and editing, M.W., J.F., U.W., A.W.G., I.D., C.S., S.A., A.A.; funding acquisition, A.A. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the German Research Foundation (DFG-KFO-214) and German Research Foundation Collaborative Research Center (DFG, SFB 1389, Unite, Project-ID 404521405, Work Package B04 to C.H.M., Work Package C05 to A.A., I.D.).




Institutional Review Board Statement


The study was conducted according to the guidelines of the Declaration of Helsinki, and approved by the Institutional Review Board of the Medical Faculty of Heidelberg University (approval number S-540/2010, date of approval: 20 July 2020).




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


Available from the authors upon reasonable request.




Acknowledgments


We would like to thank Barbara Schwager for her excellent technical assistance. We thank the microarray unit of the DKFZ Genomics and Proteomics Core Facility.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to publish the results.




References


	



Knoll, M.; Waltenberger, M.; Bougatf, N.; Bernhard, D.; Adeberg, S.; Budach, V.; Baumann, M.; Stuschke, M.; Fokas, E.; Grosu, A.; et al. Efficacy of re-irradiation with carbon ions (RiCi) in patients with recurrent high-grade glioma (rHGG) compared to the standard re-irradiation with photons (RiP): The reference multicenter cohort of the German Cancer Consortium Radiation Oncology Group (DKTK-ROG). J. Clin. Oncol. 2019, 37, 2057. [Google Scholar]

	



Capper, D.; Jones, D.T.W.; Sill, M.; Hovestadt, V.; Schrimpf, D.; Sturm, D.; Koelsche, C.; Sahm, F.; Chavez, L.; Reuss, D.E.; et al. DNA methylation-based classification of central nervous system tumours. Nature 2018, 555, 469–474. [Google Scholar] [CrossRef] [PubMed]

	



Knoll, M.; Debus, J.; Furkel, J.; Warta, R.; Bougatf, N.; Rapp, C.; Brors, B.; Wick, W.; Unterberg, A.; Herold-Mende, C.; et al. Glioblastoma evolution pattern under surgery and radio(chemo)therapy (RCHT) to identify novel methylome based glioma subtypes. J. Clin. Oncol. 2019, 37, 2012. [Google Scholar] [CrossRef]

	



Mrugala, M.M. Advances and challenges in the treatment of glioblastoma: A clinician’s perspective. Discov. Med. 2013, 15, 221–230. [Google Scholar] [PubMed]

	



Arvold, N.D.; Shi, D.D.; Aizer, A.A.; Norden, A.D.; Reardon, D.A.; Lee, E.Q.; Nayak, L.; Dunn, I.F.; Golby, A.J.; Johnson, M.D.; et al. Salvage re-irradiation for recurrent high-grade glioma and comparison to bevacizumab alone. J. NeuroOncol. 2017, 135, 581–591. [Google Scholar] [CrossRef] [PubMed]

	



Niyazi, M.; Adeberg, S.; Kaul, D.; Boulesteix, A.L.; Bougatf, N.; Fleischmann, D.F.; Grun, A.; Kramer, A.; Rodel, C.; Eckert, F.; et al. Independent validation of a new reirradiation risk score (RRRS) for glioma patients predicting post-recurrence survival: A multicenter DKTK/ROG analysis. Radiother. Oncol. 2018, 127, 121–127. [Google Scholar] [CrossRef]

	



Dokic, I.; Mairani, A.; Niklas, M.; Zimmermann, F.; Chaudhri, N.; Krunic, D.; Tessonnier, T.; Ferrari, A.; Parodi, K.; Jakel, O.; et al. Next generation multi-scale biophysical characterization of high precision cancer particle radiotherapy using clinical proton, helium-, carbon- and oxygen ion beams. Oncotarget 2016, 7, 56676–56689. [Google Scholar] [CrossRef] [PubMed]

	



Chiblak, S.; Tang, Z.; Campos, B.; Gal, Z.; Unterberg, A.; Debus, J.; Herold-Mende, C.; Abdollahi, A. Radiosensitivity of Patient-Derived Glioma Stem Cell 3-Dimensional Cultures to Photon, Proton, and Carbon Irradiation. Int. J. Radiat. Oncol. Biol. Phys. 2016, 95, 112–119. [Google Scholar] [CrossRef]

	



Chiblak, S.; Tang, Z.; Lemke, D.; Knoll, M.; Dokic, I.; Warta, R.; Moustafa, M.; Mier, W.; Brons, S.; Rapp, C.; et al. Carbon irradiation overcomes glioma radioresistance by eradicating stem cells and forming an antiangiogenic and immunopermissive niche. JCI Insight 2019, 4, 3837. [Google Scholar] [CrossRef]

	



Winter, M.; Dokic, I.; Schlegel, J.; Warnken, U.; Debus, J.; Abdollahi, A.; Schnolzer, M. Deciphering the Acute Cellular Phosphoproteome Response to Irradiation with X-rays, Protons and Carbon Ions. Mol. Cell Proteom. 2017, 16, 855–872. [Google Scholar] [CrossRef]

	



Dokic, I.; Niklas, M.; Zimmermann, F.; Mairani, A.; Seidel, P.; Krunic, D.; Jakel, O.; Debus, J.; Greilich, S.; Abdollahi, A. Correlation of Particle Traversals with Clonogenic Survival Using Cell-Fluorescent Ion Track Hybrid Detector. Front. Oncol. 2015, 5, 275. [Google Scholar] [CrossRef] [PubMed]

	



Sharungbam, G.D.; Schwager, C.; Chiblak, S.; Brons, S.; Hlatky, L.; Haberer, T.; Debus, J.; Abdollahi, A. Identification of stable endogenous control genes for transcriptional profiling of photon, proton and carbon-ion irradiated cells. Radiat. Oncol. 2012, 7, 70. [Google Scholar] [CrossRef] [PubMed]

	



Klein, C.; Dokic, I.; Mairani, A.; Mein, S.; Brons, S.; Haring, P.; Haberer, T.; Jakel, O.; Zimmermann, A.; Zenke, F.; et al. Overcoming hypoxia-induced tumor radioresistance in non-small cell lung cancer by targeting DNA-dependent protein kinase in combination with carbon ion irradiation. Radiat. Oncol. 2017, 12, 208. [Google Scholar] [CrossRef] [PubMed]

	



Debus, C.; Waltenberger, M.; Floca, R.; Afshar-Oromieh, A.; Bougatf, N.; Adeberg, S.; Heiland, S.; Bendszus, M.; Wick, W.; Rieken, S.; et al. Impact of (18)F-FET PET on Target Volume Definition and Tumor Progression of Recurrent High Grade Glioma Treated with Carbon-Ion Radiotherapy. Sci. Rep. 2018, 8, 7201. [Google Scholar] [CrossRef]

	



Combs, S.E.; Burkholder, I.; Edler, L.; Rieken, S.; Habermehl, D.; Jakel, O.; Haberer, T.; Haselmann, R.; Unterberg, A.; Wick, W.; et al. Randomised phase I/II study to evaluate carbon ion radiotherapy versus fractionated stereotactic radiotherapy in patients with recurrent or progressive gliomas: The CINDERELLA trial. BMC Cancer 2010, 10, 533. [Google Scholar] [CrossRef] [PubMed]

	



Zabel-du Bois, A.; Wagner-Ecker, M.; Milker-Zabel, S.; Schwager, C.; Wirkner, U.; Debus, J.; Abdollahi, A.; Huber, P.E. Gene expression signatures in the peripheral blood after radiosurgery of human cerebral arteriovenous malformations. Strahlenther. Onkol. 2010, 186, 91–98. [Google Scholar] [CrossRef]

	



Liangos, O.; Domhan, S.; Schwager, C.; Zeier, M.; Huber, P.E.; Addabbo, F.; Goligorsky, M.S.; Hlatky, L.; Jaber, B.L.; Abdollahi, A. Whole blood transcriptomics in cardiac surgery identifies a gene regulatory network connecting ischemia reperfusion with systemic inflammation. PLoS ONE 2010, 5, e13658. [Google Scholar] [CrossRef]

	



Shen, S.Y.; Singhania, R.; Fehringer, G.; Chakravarthy, A.; Roehrl, M.H.A.; Chadwick, D.; Zuzarte, P.C.; Borgida, A.; Wang, T.T.; Li, T.; et al. Sensitive tumour detection and classification using plasma cell-free DNA methylomes. Nature 2018, 563, 579–583. [Google Scholar] [CrossRef]

	



Nassiri, F.; Chakravarthy, A.; Feng, S.; Shen, S.Y.; Nejad, R.; Zuccato, J.A.; Voisin, M.R.; Patil, V.; Horbinski, C.; Aldape, K.; et al. Detection and discrimination of intracranial tumors using plasma cell-free DNA methylomes. Nat. Med. 2020, 26, 1044–1047. [Google Scholar] [CrossRef]

	



Scholz, M.; Kellerer, A.M.; Kraft-Weyrather, W.; Kraft, G. Computation of cell survival in heavy ion beams for therapy. The model and its approximation. Radiat. Environ. BioPhys. 1997, 36, 59–66. [Google Scholar] [CrossRef]

	



Schramm, K.; Marzi, C.; Schurmann, C.; Carstensen, M.; Reinmaa, E.; Biffar, R.; Eckstein, G.; Gieger, C.; Grabe, H.J.; Homuth, G.; et al. Mapping the genetic architecture of gene regulation in whole blood. PLoS ONE 2014, 9, e93844. [Google Scholar] [CrossRef] [PubMed]

	



Homuth, G.; Wahl, S.; Müller, C.; Schurmann, C.; Mäder, U.; Blankenberg, S.; Carstensen, M.; Dörr, M.; Endlich, K.; Englbrecht, C.; et al. Extensive alterations of the whole-blood transcriptome are associated with body mass index: Results of an mRNA profiling study involving two large population-based cohorts. BMC Med. Genom. 2015, 8, 65. [Google Scholar] [CrossRef] [PubMed]

	



Newman, A.M.; Liu, C.L.; Green, M.R.; Gentles, A.J.; Feng, W.; Xu, Y.; Hoang, C.D.; Diehn, M.; Alizadeh, A.A. Robust enumeration of cell subsets from tissue expression profiles. Nat. Methods 2015, 12, 453–457. [Google Scholar] [CrossRef] [PubMed]

	



Newman, A.M.; Steen, C.B.; Liu, C.L.; Gentles, A.J.; Chaudhuri, A.A.; Scherer, F.; Khodadoust, M.S.; Esfahani, M.S.; Luca, B.A.; Steiner, D.; et al. Determining cell type abundance and expression from bulk tissues with digital cytometry. Nat. Biotechnol. 2019, 37, 773–782. [Google Scholar] [CrossRef] [PubMed]

	



R Core Team. R: A Language and Environment for Statistical Computing. Available online: https://www.R-project.org/ (accessed on 13 September 2021).

	



Konopka, T. UMAP: Uniform Manifold Approximation and Projection. Available online: https://CRAN.R-project.org/package=umap (accessed on 13 September 2021).

	



McInnes, L.; Healy, J. UMAP: Uniform Manifold Approximation and Projection for Dimension Reduction. arXiv 2018, arXiv:1802.03426. [Google Scholar]

	



Linderman, G.C.; Rachh, M.; Hoskins, J.G.; Steinerberger, S.; Kluger, Y. Fast interpolation-based t-SNE for improved visualization of single-cell RNA-seq data. Nat. Methods 2019, 16, 243–245. [Google Scholar] [CrossRef] [PubMed]

	



Noguchi, K.; Gel, Y.R.; Brunner, E.; Konietschke, F. nparLD: An R Software Package for the Nonparametric Analysis of Longitudinal Data in Factorial Experiments. J. Stat. Softw. 2012, 50, 1–23. [Google Scholar] [CrossRef]

	



Konietschke, F.; Friedrich, S.; Brunner, E.; Pauly, M. rankFD: Rank-Based Tests for General Factorial Designs. Available online: https://CRAN.R-project.org/package=rankFD (accessed on 13 September 2021).

	



Knoll, M. GeneSignatures: Computing Signature Scores for Omics Data. R Package Version 0.1. Available online: https://www.github.com/mknoll/geneSignatures (accessed on 13 September 2021).

	



Therneau, T.M. A Package for Survival Analysis in S. Available online: http://CRAN.R-project.org/package=survival (accessed on 13 September 2021).

	



Jawaid, W. EnrichR: Provides an R Interface to ‘Enrichr’. Available online: https://CRAN.R-project.org/package=enrichR (accessed on 13 September 2021).

	



Jassal, B.; Matthews, L.; Viteri, G.; Gong, C.; Lorente, P.; Fabregat, A.; Sidiropoulos, K.; Cook, J.; Gillespie, M.; Haw, R.; et al. The reactome pathway knowledgebase. Nucleic Acids Res. 2020, 48, D498–D503. [Google Scholar] [CrossRef]

	



Schwager, C. SUMO-Statistical Utility for Micro array and Omics Data. Available online: http://angiogenesis.dkfz.de/oncoexpress/software/sumo/ (accessed on 13 September 2021).

	



Bates, D.; Mächler, M.; Bolker, B.; Walker, S. Fitting Linear Mixed-Effects Models Using lme4. J. Stat. Softw. 2015, 67, 1–48. [Google Scholar] [CrossRef]

	



Knoll, M.; Furkel, J.; Debus, J.; Abdollahi, A. modelBuildR: An R package for model building and feature selection with erroneous classifications. PeerJ 2021, 9, e10849. [Google Scholar] [CrossRef]

	



Leek, J.T.; Johnson, W.E.; Parker, H.S.; Fertig, E.J.; Jaffe, A.E.; Zhang, Y.; Storey, J.D.; Torres, L.C. sva: Surrogate Variable Analysis. Available online: https://bioconductor.org/packages/release/bioc/html/sva.html (accessed on 11 October 2021).

	



Chollet, F. Keras. Available online: https://github.com/fchollet/keras (accessed on 11 October 2021).

	



Mayer, R.; Sminia, P. Reirradiation tolerance of the human brain. Int. J. Radiat. Oncol. Biol. Phys. 2008, 70, 1350–1360. [Google Scholar] [CrossRef]

	



Mohan, R.; Liu, A.Y.; Brown, P.D.; Mahajan, A.; Dinh, J.; Chung, C.; McAvoy, S.; McAleer, M.F.; Lin, S.H.; Li, J.; et al. Proton therapy reduces the likelihood of high-grade radiation-induced lymphopenia in glioblastoma patients: Phase II randomized study of protons vs photons. Neuro-Oncology 2021, 23, 284–294. [Google Scholar] [CrossRef]

	



Zhu, C.; Mohan, R.; Lin, S.H.; Jun, G.; Yaseen, A.; Jiang, X.; Wang, Q.; Cao, W.; Hobbs, B.P. Identifying Individualized Risk Profiles for Radiotherapy-Induced Lymphopenia Among Patients with Esophageal Cancer Using Machine Learning. JCO Clin. Cancer Inform. 2021, 5, 1044–1053. [Google Scholar] [CrossRef]

	



Han, Z.; Feng, W.; Hu, R.; Ge, Q.; Ma, W.; Zhang, W.; Xu, S.; Zhan, B.; Zhang, L.; Sun, X.; et al. RNA-seq profiling reveals PBMC RNA as a potential biomarker for hepatocellular carcinoma. Sci. Rep. 2021, 11, 17797. [Google Scholar] [CrossRef]

	



Hou, H.; Lyu, Y.; Jiang, J.; Wang, M.; Zhang, R.; Liew, C.C.; Wang, B.; Cheng, C. Peripheral blood transcriptome identifies high-risk benign and malignant breast lesions. PLoS ONE 2020, 15, e0233713. [Google Scholar] [CrossRef]

	



van Wilpe, S.; Wosika, V.; Ciarloni, L.; Hosseinian Ehrensberger, S.; Jeitziner, R.; Angelino, P.; Duiveman-de Boer, T.; Koornstra, R.H.T.; de Vries, I.J.M.; Gerritsen, W.R.; et al. Whole Blood Transcriptome Profiling Identifies DNA Replication and Cell Cycle Regulation as Early Marker of Response to Anti-PD-1 in Patients with Urothelial Cancer. Cancers 2021, 13, 4660. [Google Scholar] [CrossRef]

	



Yang, S.; Yao, Y.; Dong, Y.; Liu, J.; Li, Y.; Yi, L.; Huang, Y.; Gao, Y.; Yin, J.; Li, Q.; et al. Prediction of Radiation Pneumonitis Using Genome-Scale Flux Analysis of RNA-Seq Derived from Peripheral Blood. Front. Med. 2021, 8, 715961. [Google Scholar] [CrossRef]

	



Yang, S.J.; Rafla, S.; Youssef, E.; Selim, H.; Salloum, N.; Chuang, J.Y. Changes in T-cell subsets after radiation therapy. Radiology 1988, 168, 537–540. [Google Scholar] [CrossRef]

	



Rotstein, S.; Blomgren, H.; Petrini, B.; Wasserman, J.; Baral, E. Long term effects on the immune system following local radiation therapy for breast cancer. I. Cellular composition of the peripheral blood lymphocyte population. Int. J. Radiat. Oncol. Biol. Phys. 1985, 11, 921–925. [Google Scholar] [CrossRef]

	



Petrini, B.; Wasserman, J.; Blomgren, H.; Glas, U. Changes of blood T cell subsets following radiation therapy for breast cancer. Cancer Lett. 1983, 19, 27–31. [Google Scholar] [CrossRef]

	



De Ruysscher, D.; Waer, M.; Vandeputte, M.; Aerts, R.; Vantongelen, K.; van der Schueren, E. Changes of lymphocyte subsets after local irradiation for early stage breast cancer and seminoma testis: Long-term increase of activated (HLA-DR+) T cells and decrease of “naïve” (CD4-CD45R) T lymphocytes. Eur. J. Cancer 1992, 28A, 1729–1734. [Google Scholar] [CrossRef]

	



Weakley, S.M.; Wang, H.; Yao, Q.; Chen, C. Expression and function of a large non-coding RNA gene XIST in human cancer. World J. Surg. 2011, 35, 1751–1756. [Google Scholar] [CrossRef]

	



Hu, S.; Chang, J.; Li, Y.; Wang, W.; Guo, M.; Zou, E.C.; Wang, Y.; Yang, Y. Long non-coding RNA XIST as a potential prognostic biomarker in human cancers: A meta-analysis. Oncotarget 2018, 9, 13911–13919. [Google Scholar] [CrossRef]

	



Kaasinen, E.; Kuismin, O.; Rajamaki, K.; Ristolainen, H.; Aavikko, M.; Kondelin, J.; Saarinen, S.; Berta, D.G.; Katainen, R.; Hirvonen, E.A.M.; et al. Impact of constitutional TET2 haploinsufficiency on molecular and clinical phenotype in humans. Nat. Commun. 2019, 10, 1252. [Google Scholar] [CrossRef]

	



Antikainen, H.; Driscoll, M.; Haspel, G.; Dobrowolski, R. TOR-mediated regulation of metabolism in aging. Aging Cell 2017, 16, 1219–1233. [Google Scholar] [CrossRef]

	



Kananen, L.; Marttila, S.; Nevalainen, T.; Jylhava, J.; Mononen, N.; Kahonen, M.; Raitakari, O.T.; Lehtimaki, T.; Hurme, M. Aging-associated DNA methylation changes in middle-aged individuals: The Young Finns study. BMC Genom. 2016, 17, 103. [Google Scholar] [CrossRef]

	



Alvarez-Diaz, S.; Valle, N.; Ferrer-Mayorga, G.; Lombardia, L.; Herrera, M.; Dominguez, O.; Segura, M.F.; Bonilla, F.; Hernando, E.; Munoz, A. MicroRNA-22 is induced by vitamin D and contributes to its antiproliferative, antimigratory and gene regulatory effects in colon cancer cells. Hum. Mol. Genet. 2012, 21, 2157–2165. [Google Scholar] [CrossRef]

	



Hope, N.R.; Murray, G.I. The expression profile of RNA-binding proteins in primary and metastatic colorectal cancer: Relationship of heterogeneous nuclear ribonucleoproteins with prognosis. Hum. Pathol. 2011, 42, 393–402. [Google Scholar] [CrossRef]

	



Lefave, C.V.; Squatrito, M.; Vorlova, S.; Rocco, G.L.; Brennan, C.W.; Holland, E.C.; Pan, Y.X.; Cartegni, L. Splicing factor hnRNPH drives an oncogenic splicing switch in gliomas. EMBO J. 2011, 30, 4084–4097. [Google Scholar] [CrossRef]

	



Ohkuri, T.; Ghosh, A.; Kosaka, A.; Zhu, J.; Ikeura, M.; David, M.; Watkins, S.C.; Sarkar, S.N.; Okada, H. STING contributes to antiglioma immunity via triggering type I IFN signals in the tumor microenvironment. Cancer Immunol. Res. 2014, 2, 1199–1208. [Google Scholar] [CrossRef]

	



Kaur, B.; Khwaja, F.W.; Severson, E.A.; Matheny, S.L.; Brat, D.J.; Van Meir, E.G. Hypoxia and the hypoxia-inducible-factor pathway in glioma growth and angiogenesis. Neuro-Oncology 2005, 7, 134–153. [Google Scholar] [CrossRef]

	



Heddleston, J.M.; Li, Z.; McLendon, R.E.; Hjelmeland, A.B.; Rich, J.N. The hypoxic microenvironment maintains glioblastoma stem cells and promotes reprogramming towards a cancer stem cell phenotype. Cell Cycle 2009, 8, 3274–3284. [Google Scholar] [CrossRef]

	



Xu, Y.; Wang, J.; Fu, S.; Wang, Z. Knockdown of CDK2AP1 by RNA interference inhibits cell growth and tumorigenesis of human glioma. Neurol. Res. 2014, 36, 659–665. [Google Scholar] [CrossRef]

	



Zeiner, P.S.; Preusse, C.; Blank, A.E.; Zachskorn, C.; Baumgarten, P.; Caspary, L.; Braczynski, A.K.; Weissenberger, J.; Bratzke, H.; Reiss, S.; et al. MIF Receptor CD74 is Restricted to Microglia/Macrophages, associated with a M1-Polarized Immune Milieu and Prolonged Patient Survival in Gliomas. Brain Pathol. 2015, 25, 491–504. [Google Scholar] [CrossRef]

	



Kitange, G.J.; Carlson, B.L.; Schroeder, M.A.; Decker, P.A.; Morlan, B.W.; Wu, W.; Ballman, K.V.; Giannini, C.; Sarkaria, J.N. Expression of CD74 in high grade gliomas: A potential role in temozolomide resistance. J. NeuroOncol. 2010, 100, 177–186. [Google Scholar] [CrossRef]

	



Massara, M.; Persico, P.; Bonavita, O.; Mollica Poeta, V.; Locati, M.; Simonelli, M.; Bonecchi, R. Neutrophils in Gliomas. Front. Immunol. 2017, 8, 1349. [Google Scholar] [CrossRef]

	



Pinton, L.; Masetto, E.; Vettore, M.; Solito, S.; Magri, S.; D’Andolfi, M.; Del Bianco, P.; Lollo, G.; Benoit, J.P.; Okada, H.; et al. The immune suppressive microenvironment of human gliomas depends on the accumulation of bone marrow-derived macrophages in the center of the lesion. J. Immunother. Cancer 2019, 7, 58. [Google Scholar] [CrossRef]

	



Yue, X.; Zhao, Y.; Liu, J.; Zhang, C.; Yu, H.; Wang, J.; Zheng, T.; Liu, L.; Li, J.; Feng, Z.; et al. BAG2 promotes tumorigenesis through enhancing mutant p53 protein levels and function. eLife 2015, 4, 8401. [Google Scholar] [CrossRef]

	



Driscoll, C.B.; Schuelke, M.R.; Kottke, T.; Thompson, J.M.; Wongthida, P.; Tonne, J.M.; Huff, A.L.; Miller, A.; Shim, K.G.; Molan, A.; et al. APOBEC3B-mediated corruption of the tumor cell immunopeptidome induces heteroclitic neoepitopes for cancer immunotherapy. Nat. Commun. 2020, 11, 790. [Google Scholar] [CrossRef]

	



Olson, M.E.; Harris, R.S.; Harki, D.A. APOBEC Enzymes as Targets for Virus and Cancer Therapy. Cell Chem. Biol. 2018, 25, 36–49. [Google Scholar] [CrossRef]

	



Liu, J.; Liu, S.; Xia, M.; Xu, S.; Wang, C.; Bao, Y.; Jiang, M.; Wu, Y.; Xu, T.; Cao, X. Rhomboid domain-containing protein 3 is a negative regulator of TLR3-triggered natural killer cell activation. Proc. Natl. Acad. Sci. USA 2013, 110, 7814–7819. [Google Scholar] [CrossRef] [PubMed]

	



Calissi, G.; Lam, E.W.; Link, W. Therapeutic strategies targeting FOXO transcription factors. Nat. Rev. Drug Discov. 2021, 20, 21–38. [Google Scholar] [CrossRef] [PubMed]

	



Ali, S.; King, G.D.; Curtin, J.F.; Candolfi, M.; Xiong, W.; Liu, C.; Puntel, M.; Cheng, Q.; Prieto, J.; Ribas, A.; et al. Combined immunostimulation and conditional cytotoxic gene therapy provide long-term survival in a large glioma model. Cancer Res. 2005, 65, 7194–7204. [Google Scholar] [CrossRef] [PubMed]

	



Greuber, E.K.; Smith-Pearson, P.; Wang, J.; Pendergast, A.M. Role of ABL family kinases in cancer: From leukaemia to solid tumours. Nat. Rev. Cancer 2013, 13, 559–571. [Google Scholar] [CrossRef] [PubMed]

	



Li, L.; Bhatia, R. The controversial role of Sirtuins in tumorigenesis-SIRT7 joins the debate. Cell Res. 2013, 23, 10–12. [Google Scholar] [CrossRef]

	



Carafa, V.; Altucci, L.; Nebbioso, A. Dual Tumor Suppressor and Tumor Promoter Action of Sirtuins in Determining Malignant Phenotype. Front. Pharmacol. 2019, 10, 38. [Google Scholar] [CrossRef]

	



Lee, J.; Zhou, P. Cullins and cancer. Genes Cancer 2010, 1, 690–699. [Google Scholar] [CrossRef]

	



Wang, C.Y.; Shahi, P.; Huang, J.T.; Phan, N.N.; Sun, Z.; Lin, Y.C.; Lai, M.D.; Werb, Z. Systematic analysis of the achaete-scute complex-like gene signature in clinical cancer patients. Mol. Clin. Oncol. 2017, 6, 7–18. [Google Scholar] [CrossRef]

	



Petrilli, A.M.; Fernandez-Valle, C. Role of Merlin/NF2 inactivation in tumor biology. Oncogene 2016, 35, 537–548. [Google Scholar] [CrossRef]

	



Kong, Y.; Wang, Z.; Huang, M.; Zhou, Z.; Li, Y.; Miao, H.; Wan, X.; Huang, J.; Mao, X.; Chen, C. CUL7 promotes cancer cell survival through promoting Caspase-8 ubiquitination. Int. J. Cancer 2019, 145, 1371–1381. [Google Scholar] [CrossRef]

	



Wustenhagen, E.; Hampe, L.; Boukhallouk, F.; Schneider, M.A.; Spoden, G.A.; Negwer, I.; Koynov, K.; Kast, W.M.; Florin, L. The Cytoskeletal Adaptor Obscurin-Like 1 Interacts with the Human Papillomavirus 16 (HPV16) Capsid Protein L2 and Is Required for HPV16 Endocytosis. J. Virol. 2016, 90, 10629–10641. [Google Scholar] [CrossRef] [PubMed]

	



Ou, W.B.; Lundberg, M.Z.; Zhu, S.; Bahri, N.; Kyriazoglou, A.; Xu, L.; Chen, T.; Marino-Enriquez, A.; Fletcher, J.A. YWHAE-NUTM2 oncoprotein regulates proliferation and cyClin. D1 via RAF/MAPK and Hippo pathways. Oncogenesis 2021, 10, 37. [Google Scholar] [CrossRef] [PubMed]

	



Ren, C.; Ren, C.H.; Li, L.; Goltsov, A.A.; Thompson, T.C. Identification and characterization of RTVP1/GLIPR1-like genes, a novel p53 target gene cluster. Genomics 2006, 88, 163–172. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, H.; Kho, A.T.; Wu, Q.; Halayko, A.J.; Limbert Rempel, K.; Chase, R.P.; Sweezey, N.B.; Weiss, S.T.; Kaplan, F. CRISPLD2 (LGL1) inhibits proinflammatory mediators in human fetal, adult, and COPD lung fibroblasts and epithelial cells. Physiol. Rep. 2016, 4, 2942. [Google Scholar] [CrossRef] [PubMed]

	



Gour, N.; Wills-Karp, M. IL-4 and IL-13 signaling in allergic airway disease. Cytokine 2015, 75, 68–78. [Google Scholar] [CrossRef] [PubMed]

	



Geisenberger, C.; Mock, A.; Warta, R.; Rapp, C.; Schwager, C.; Korshunov, A.; Nied, A.K.; Capper, D.; Brors, B.; Jungk, C.; et al. Molecular profiling of long-term survivors identifies a subgroup of glioblastoma characterized by chromosome 19/20 co-gain. Acta Neuropathol. 2015, 130, 419–434. [Google Scholar] [CrossRef] [PubMed]








[image: Cancers 14 00684 g001 550] 





Figure 1. Overview of the study cohort. (A) Patient cohort and available data. (B) Distribution of main patient and molecular tumor characteristics (WHO grade initial: histopathologic grade at initial diagnosis). (C) Kaplan-Meier survival curves of patients (time from reRT time point to death/last follow up) for initial WHO tumor grade (left) and tumor grade at reRT time point (radiographic grade). Likelihood ratio test p-values, Cox-PH models. 
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Figure 2. Patient characteristics reflected in whole blood transcriptome data. (A) t-SNE representation of gene expression data, multiple longitudinal samples per patients are assigned the same color. Triangles and dots are used solely for better discernibility. (B) Selection of least variant (median absolute deviation, mad) and highly expressed (median) genes per patient, left: representative distributions (mad, median) and genes for patient 1 (median: >97.5% quantile, mad: <2.5% quantile), right: numbers of selected genes for each patient. (C) Clustered correlation matrix of all genes identified in (B). (D) Distribution of mad values of all genes. (E) Genes associated with sex, (F) genes associated with age ((E,F) only 10% most variant genes as shown in (D) were evaluated, linear mixed model analysis, FDR < 0.05). 
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Figure 3. Tumor characteristics in whole blood transcriptome data. (A,F) t-SNE representation of whole blood transcriptome data (left) and AIC values for logistic regression models to separate grade IV vs. non-IV samples per time point ((A–E) initial WHO grade, (F–I) WHO grade at reRT time point). Star: drop in AIC for initial grades at later time points. (B,G) Differential CIBERSORT derived cell fractions (linear mixed model Wald type p-value, all cell fractions with p < 0.05). (C,H) Genes associated with tumor grade (10% most variant genes [mad], FDR < 0.05). (D,I) Genes associated with HNRPH1 (C) and BBS2, CDK2AP1, NQO2 (H) expression (Bonferroni adjusted p-value < 0.05, linear models). (I) shows a Venn diagram of commonly regulated genes from (H) (left) and CD74 expression (right). (E) Hierarchical cluster analysis of multiple hypoxia scores and association with initial grade (right, linear mixed model). (B,C,G–I) Dots in boxplot subfigures represent outliers (see methods). 
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Figure 4. CIR induced transcriptome alterations, (A) gives an overview of outlined analyses. (B) Differential genes in pre- vs. post-CIR, ~factor(timepoint), linear mixed model, most variant 10% genes (mad). (C) Models tested with more liberal cutoffs (FDR < 0.2, all genes). Hierarchical cluster analysis (D) of all genes identified in (C) on age, sex and initial WHO grade adjusted expression data, (E) genes grouped by expression dynamics (see text, (D,E) z-transformed adjusted data). (F) Pairwise differences between pre and nth post-CIR time point, non-parametric model analysis (nparLD, FDR < 0.05). (G) Venn diagram and table of genes (H) from (F) with FDR < 0.05. (I) Commonly identified genes with FDR < 0.2 between all pairwise comparisons (see F), and genes associated with SBF2 expression ((J), Bonferroni adjusted p-value < 0.05) (no associated genes were detected for LOC644251). 
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Figure 5. Carbon irradiation dose dependent associations in whole blood transcriptome. (A) Protein interaction networks of genes with significant interaction between pre-CIR and nth post-CIR time point (rankFD, FDR < 0.05). (B) Venn diagram of identified genes. (C) Gene expression of identified network proteins. (D) Schematics of tests for least variant pre-CIR genes (left) with dose dependent interaction (right). Arrows indicate degree of variability. (E) Interaction effects for genes with low variation pre-CIR (pairwise TOST between dose levels) and linear mixed model analyses in post-CIR samples. Candidates with lowest p-values are shown in (F). 
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Figure 6. Assessment of longitudinal changes (dynamic profiles) in whole blood transcriptomes. (A) Schema of performed calculations. (B) Hierarchical cluster analysis of the correlation matrix C. (C) CRISPLD2 expression in main clusters shown in C. (D) Multivariate survival analysis (parametric survival regression, Weibull distribution) with tumor grade at reRT time point. (E) AIC of multivariate survival models (analogously to E) with initial tumor grade instead of reRT grade, null model: without CRISPLD2, full model: with CRISPLD2. (F) REACTOME pathway analysis of genes associated with CRISPLD2 expression (Bonferroni adjusted p-value < 0.05, n = 834 genes). 
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Table 1. Patient characteristics. % at reRT time point, ! at initial diagnosis time point.
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	Feature
	
	N (%)/Time [Month]





	All
	
	14 (100)



	Sex
	
	



	
	Male
	9 (64)



	
	Female
	5 (36)



	Age [yr] %
	
	



	
	<40
	2 (14)



	
	40–49
	6 (43)



	
	≥50
	6 (43)



	Grade !
	
	



	
	II
	5 (36)



	
	III
	2 (14)



	
	IV
	7 (50)



	Grade %
	
	



	
	III
	5 (36)



	
	IV
	9 (64)



	Grade ! -> %
	
	



	
	II -> III
	3 (21)



	
	II -> IV
	2 (14)



	Time to reRT
	
	



	
	II
	5 (36)/80.9



	
	III
	2 (14)/86.8



	
	IV
	7 (50)/11.4



	C12 irradiation
	
	



	Total dose [GyRBE]/#fx
	30/10
	5 (36)



	
	33/11
	6 (43)



	
	36/12
	3 (21)



	Single dose [GyRBE]
	3
	14 (100)
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