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Objective: We assess the efficacy of the metabolomic profile from glioma biopsies in providing estimates of postsurgical Overall Survival in glioma patients.

Methods: Tumor biopsies from 46 patients bearing gliomas, obtained neurosurgically in the period 1992–1998, were analyzed by high resolution 1H magnetic resonance spectroscopy (HR- 1H MRS), following retrospectively individual postsurgical Overall Survival up to 720 weeks.

Results: The Overall Survival profile could be resolved in three groups; Short (shorter than 52 weeks, n = 19), Intermediate (between 53 and 364 weeks, n = 19) or Long (longer than 365 weeks, n = 8), respectively. Classical histopathological analysis assigned WHO grades II–IV to every biopsy but notably, some patients with low grade glioma depicted unexpectedly Short Overall Survival, while some patients with high grade glioma, presented unpredictably Long Overall Survival. To explore the reasons underlying these different responses, we analyzed HR-1H MRS spectra from acid extracts of the same biopsies, to characterize the metabolite patterns associated to OS predictions. Poor prognosis was found in biopsies with higher contents of alanine, acetate, glutamate, total choline, phosphorylcholine, and glycine, while more favorable prognosis was achieved in biopsies with larger contents of total creatine, glycerol-phosphorylcholine, and myo-inositol. We then implemented a multivariate analysis to identify hierarchically the influence of metabolomic biomarkers on OS predictions, using a Classification Regression Tree (CRT) approach. The CRT based in metabolomic biomarkers grew up to three branches and split into eight nodes, predicting correctly the outcome of 94.7% of the patients in the Short Overall Survival group, 78.9% of the patients in the Intermediate Overall Survival group, and 75% of the patients in the Long Overall Survival group, respectively.

Conclusion: Present results indicate that metabolic profiling by HR-1H MRS improves the Overall Survival predictions derived exclusively from classical histopathological gradings, thus favoring more precise therapeutic decisions.

Keywords: classification decision tree, glioma, metabolomic profile, high resolution proton magnetic resonance spectroscopy, overall survival


INTRODUCTION

Gliomas are the most frequent primary brain tumors, currently managed through surgical resection, radiotherapy, and chemotherapy (1) approaches, but leading inevitably to large disability and mortality outcomes. The selection of the recommended therapeutic intervention in each case relies in estimates overall survival (OS) based commonly in histopathological and genetic criteria. However, current assessments of OS entail considerable uncertainties, limiting concomitantly more precise, effective, and personalized therapies. On these grounds, exploring additional criteria to improve OS predictions acquires vital relevance to improve treatment outcomes in glioma patients.

Histopathological and immunohistochemical criteria have classically provided the basis for the initial WHO classification of gliomas in grades I-IV (2, 3) determining, in general terms, the OS estimate and the recommended therapeutic intervention. More recently, the 2016 WHO classification of central nervous system tumors added an important collection of molecular signatures, restructuring the original histopathological classification of gliomas to include subgroups with specific genetic profiles (4). Although these refinements considerably improved the precision in the treatment prescribed, as well as our knowledge of glioma physiopathology and classification, the limited reproducibility of histopathological evaluations lead, not unfrequently, to imprecise histopathological classification and unreliable OS predictions at the individual level (5–7).

Magnetic Resonance Imaging approaches have been currently used to assess OS of gliomas. Briefly, radiomic parameters including surface area (8), shape features (9), tumor, and necrosis volumes, necrosis-tumor ratio (10) have been used to evaluate OS. However, these studies became many times limited to short OS periods as they evaluated only glioblastoma multiforme cases.

The metabolomic profiles of gliomas are able to provide an additional source of information to improve OS predictions, evaluating the down-stream metabolic alterations of aberrant cellularity and gene expression (11). Magnetic Resonance Spectroscopy (MRS) has been shown to be well-endowed to provide the metabolic profile of gliomas both in vivo and in vitro (12, 13). Briefly, in vivo 1H MRS revealed non-invasively, important hallmarks of cancer, including alterations in pH homeostasis (14), energy related (15), and phospholipid metabolites (16, 17), an ensemble of valuable metabolic fingerprints to classify high grade (HGG) or low grade gliomas (LGG) (16, 18). Moreover, the metabolic profiles determined by 1H MRS in vivo reached considerable clinical prognostic relevance (19–22). Alternatively, complementary in vitro HR-1H MRS approaches have proved to be able to resolve a larger number of metabolites than in vivo 1H MRS, thus increasing the size of the metabolome investigated, the number of potential alterations detected, and their influence on the tumoral phenotype, at the expense of the more invasive in vitro methodology (23, 24). However, the predictive role of the metabolomic profiles obtained by HR-1H MRS in providing OS estimates, received considerably less attention.

On these grounds, we aimed here to provide a pilot study evaluating OS estimates derived from metabolomic biomarkers as detected by HR-1H MRS, using a retrospective database of human glioma biopsies.



MATERIALS AND METHODS


Glioma Patients and Tumor Biopsies

This study was approved by the Ethics Committee of Clinical Research from the University Hospital La Paz (http://www.madrid.org/cs/Satellite?language=es&pagename=HospitalLaPaz/Page/HPAZ_home) and carried out following their recommendations. All subjects gave written informed consent in accordance with the Declaration of Helsinki. We retrospectively reviewed the database of the Neurosurgery Department of the University Hospital La Paz, selecting 66 consecutive patients with glioma (grades I-IV) who underwent neurosurgery during the period 1992–1998 (Figure 1). Briefly, solid parts of glioma tumors were extracted from the brain without the use of bipolar coagulation and divided into two adjacent and similar portions, one of them used for HR-1H MRS analysis and the other for histopathological diagnosis, following available WHO criteria (25). Tumor characteristics were evaluated by two independent radiologists and classified according to size, localization, and eloquence (26). Patients lost in follow up (n = 10) and those undergoing surgery for recurrence (n = 7) were excluded from further analysis. Grade I gliomas (n = 3) were also excluded because of their well-known physiopathological differences with the other glioma grades (27, 28). We then recovered the individual demographic, clinical, histopathological and in vitro spectroscopic 1H NMR features and gathered the OS information on postsurgical outcomes of these patients, including relevant clinical symptoms, adjuvant therapies, and OS time. No missing data for the variables of interest were found in these patients.
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FIGURE 1. Overview of glioma patient selection and implemented approach.





Histopathological Criteria

Histopathological grading of the biopsies was provided by the Anatomopathology Department of the Hospital, following standard WHO criteria (25), and archived until used in this study.



HR-1H MRS

The 1H MRS biopsy was immediately frozen in liquid nitrogen (−169°C) in the operating room of the Hospital and stored at −82°C until transferred in a liquid nitrogen container to the Institute of Biomedical Research CSIC/UAM for further processing and NMR analysis. Briefly, biopsies were reduced to powder in a previously chilled (methanol/dry ice) mortar, extracted with 6% perchloric acid, neutralized with KOD, lyophilized and resuspended in D2O (99.9% D) for 1H MRS analysis (12). HR-1H MRS spectra of biopsy extracts were acquired at 8.4 Tesla (360.13 MHz, pH 7.2, 22°C) in a Bruker AM-360 spectrometer equipped with a commercial 1H selective probe using 5-mm tubes and 0.5 ml of tissue extract. Acquisition conditions were: 90° pulses, 16.9 s total cycle time and 16,384 data points acquired in the time domain during of 1.901 s. The intensity of the residual water resonance was further reduced using a 5 s presaturating pulse centered on the water frequency. Prior to Fourier transformation, the free induction decays were zero-filled up to 128 K and multiplied by an exponential function resulting in 0.5 Hz artificial line broadening in the transformed spectrum. Further spectral processing, including phase and baseline corrections were performed by the same operator. Chemical shifts were referred to the methyl signal of TSP (2,2′-3,3′ tetradeutero trimethyl-sylil propionate sodium salt) at 0 ppm as an internal reference.

The following metabolites (resonances used in quantification, number of protons originating the resonance, multiplicity) could be consistently identified in the high resolution proton spectrum (29): Valine (1.09 ppm, 3H, d), Lactate (1.35 ppm, 3H, d), Alanine (1.45 ppm, 3H, d), Acetate (1.93 ppm, 3H, s), N-acetyl-aspartic acid (2.01 ppm, 3H, s), Gamma-amino butyric acid (2.31 ppm, 2H, t), Glutamate (2.43 ppm,2H, m), Glutamine (2.45 ppm, 2H, m), Aspartic acid (2.80 ppm, 2H, dd), Creatine (3.05 ppm, 3H, s) and Phosphocreatine (3.055 ppm, 3H, s), free Choline (3.20 ppm, 9H, s), Phosphorylcholine (3.22ppm, 9H, s), Glycerophophorylcholine (3.25 ppm, 9H, s), Taurine (3.45 ppm, 2H, t), Glycine (3.55 ppm, 2H, s), and Myo-inositol 4.07 ppm, 1H, dd). For every one of these metabolites, lorentzian curves were fitted to the most conveniently resolved proton resonances, and the resulting integral divided by the total number of protons of the corresponding metabolite (6). These values were further standardized by the sum of all the measured metabolites in the HR-1H NMR spectra and expressed as a molar percentage (18, 30). Assignments were performed with the aid of chemical shift values reported in the literature (29, 31) and confirmed when necessary by the addition of authentic standards.



Statistical Methods

Statistical analyses were performed using the IBM SPSS Statistics 24 package as implemented on an Intel-PC platform, operating under Windows 10 environment. Univariate statistical approaches provided means and standard errors for the molar fractions of every metabolite. To investigate statistical dependences between clinical features and groups of OS, we used asymptotic chi-square with Monte Carlo exact probability tests, and to test the differences of means within each metabolic variable through the OS groups, we used the ANOVA test and Student t-tests. Finally, to explore the hierarchical contribution of individual HR-1H MRS biomarkers to the three groups of OS, we implemented a multivariate Classification Regression Tree (CRT) (32), classifying automatically the database using hierarchical nodes and branches, selecting step-wise the optimal discriminant biomarker for each split from the collection of available HR-1H MRS variables. The dependent variable was OS, using Chi-squared Automatic Interaction Detection (CHAID) as a growing method to provide automatically the optimal splits in every branch. Finally, we used these results to generate a Classification-Confusion Matrix (CCM), summarizing the correct and incorrect classifications provided by the metabolomics CRT, yielding the global percentage of correct classifications. Statistical significance in the ANOVA and multivariate analysis was defined as p = 0.05, considering confidence intervals higher than 95%.




RESULTS


Glioma Database

We investigated 46 patients (23 males, 23 females) with a median age of 49 years, presenting the following glioma grade distribution; Grade II (11 cases), Grade III (16 cases), and Grade IV (19 cases). The database of glioma patients (Figure 2) showed two clearly separated groups by OS, either depicting a Long Overall Survival (Long-OS) that survive more than 364 weeks (w), or less. The latter group, including patients with a wide range of survival (1–364 w), was further divided in two groups using the median of survival as a cut-point, resulting in Short Overall Survival (Short-OS) patients (1–52 w), or Intermediate Overall Survival (Intermediate-OS) patients (53–364 w), respectively.
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FIGURE 2. Histogram of OS in glioma patients after surgical resection at the Neurosurgery Department, University Hospital La Paz, in the period 1995–1998. Patient groups depicting Short-OS (1–52 w), Intermediate-OS (53–364 w) and Long-OS (>364 w) are separated by the dotted lines.



Demographic, clinical, and radiological variables, therapeutic regimes and histopathological profiles of these groups are summarized in Table 1. A Chi-square Monte Carlo test was performed to compare the differences in independent clinical variables among the three survival categories. Radiotherapy, histopathologic grade, age, and localization showed statistically significant influence on OS.



Table 1. Clinical features and overall survival of glioma patients.
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HR-1H MRS

An illustrative example of underdetermined histopathological OS prediction is provided in Figure 3, showing representative HR-1H MRS spectra from extracts of glioma biopsies obtained from two young male patients, assigned the same histopathological Grade II, but resulting in very different OS. Despite both patients underwent complete surgical resection without adjuvant radio- or chemotherapy, the patient represented in Figure 3A, survived <3 years (149 w), while the patient represented by Figure 3B survived more than 11 years (605 w).
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FIGURE 3. Representative HR-1H MRS (360.13 MHz, 22°C, pH 7.2) from extracts of two glioma grade II biopsies with very different OS outcomes. (A) 149 w. (B) 600 w. MI, myo-inositol; Gly, glycine; GPC, glycerolphosphorylcholine; PC, phosphorylcholine; Cr, creatine; PCr, phosphocreatine; Glu, glutamate; Gln, glutamie; NAA, N-acetyl-aspartic acid; Ala, alanine; Lac, lactate.



Interestingly, HR-1H MRS spectra of these biopsies disclosed remarkable differences, particularly the relative increases in myo-inositol (MI) and glycerol-phosphorylcholine (GPC) in Figure 3B. These findings suggested that HR-1H MRS analysis of biopsy extracts could contribute additional OS criteria to those normally obtained from general histopathological classification, thus prompting further HR-1H MRS analyses of the database.



Univariate Statistics

OS was well-reflected in the metabolic profiles obtained, with evident relationships between OS and specific metabolite changes (Figure 4). Table 2 provides a more detailed analysis of the relationship between OS and specific metabolite molar fractions, highlighting the discriminant power in OS of each metabolite (F-value) and its statistical significance (p-value) as derived from ANOVA tests.


[image: image]

FIGURE 4. Box-plots of metabolite molar ratios in extracts from glioma biopsies with Short-OS (green), Intermediate-OS (blue) and Long-OS (red). In each box, the central mark (white line) indicates the median, and the bottom and top edges refer to the 25-th and 75-th percentiles, respectively. The upper and lower limits of the box extend to the most extreme data points not considered outliers.





Table 2. General linear model analysis of OS in glioma patients as revealed by the metabolic profile determined by HR-1H MRS.
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Briefly, OS increased with increasing levels of MI, GPC, and total Creatine (tCr), and decreased with increasing levels of alanine (Ala), free choline (fCho), glutamate (Glu), phosphorylcholine (PC), and glycine (Gly). The remaining metabolites detected by HR-1H NMR, including acetate (Ac), glutamine (Gln), valine (Val), aspartate (Asp), N-acetyl-aspartic acid (NAA), Gamma-amino butyric (GABA), taurine (Tau), and total choline (tCho) were not found to influence significantly OS. The most powerful discriminators of OS were (Metabolite/ F value/ p-value) in decreasing order; MI/15.1/0.000, Ala/13.6/0.000, GPC/9.5/0.001, Gly/9.4/0.000, tCr/6.5/0.003, Ac/5.7/0.006, fCho/4.6/0.015, Glu/3.6/0.035.

We also investigated the relationship between histopathological grade and the molar fractions of metabolites detectable in extracts glioma biopsies using ANOVA tests (Table 3). Notably, the priority of metabolites providing optimal glioma grade discrimination, was different from the one yielding optimal OS discriminative power (Table 2). The following molar ratios of metabolites were found to provide optimal discriminant power between histopathological grades (metabolite/F-value/p-value); MI/21.7/0.000, PC/11.7/0.000, GPC/9.2/0.000, Ala/8.8/0.001, Gly/6.5/0.003, tCr/6.3/0.004, Glu 5.9/0.005 and Gln/3.5/0.040.



Table 3. General linear model analysis of the HR- 1H NMR metabolic profiles associated to different glioma histopathological grades.
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Together, these results show that relevant metabolites contribute with different strengths either to histopathological grading or to OS predictions.



Classification Regression Trees (CRT)

To investigate the hierarchical contribution of these metabolites to the OS observed, we implemented a multivariate CRT (Figure 5) (32). Starting with the complete patient database (Node 0), high MI levels (Branch 1) provided the most powerful biomarker to predict Long-OS survival within the three OS groups. MI levels ≤ 23.35 were found in 37 biopsies (Node 1). Of these, only one patient survived more than 7 years (Long-OS), while the rest of the patients depicted either Intermediate- (17 patients) or Short-OS (19 patients). In contrast, MI levels >23.35 were detected in nine biopsies (Node 2), of which seven (77.8%) depicted Long-OS, two showed Intermediate-OS, and none had a Short-OS, suggesting that high MI levels dismiss a Short-OS prediction.


[image: image]

FIGURE 5. Classification Regression Tree (CRT) of glioma OS based in metabolomic biomarkers detectable by HR-1H MRS.



Patients with MI levels ≤ 23.35 could be further split in two groups using GPC (Brach 2). Sixty-nine percent of the patients with GPC levels ≤ 4.36 (Node 3) were classified as Short-OS, while 91% of the patients with GPC > 4.36 (Node 4) were classified as Intermediate-OS. GPC provided thus a convenient biomarker to distinguish between Short- and Intermediate-OS estimates.

The metabolomic CRT grew beyond Branch 2, improving the classification using either Gly or Ala splits (Branch 3). All patients of Node 3 with Gly levels higher 13.87 (Node 6), depicted Short-OS, suggesting that high Gly levels are predictive of a negative outcome. Patients from Node 4, could be further stratified by their Ala levels. Those having Ala levels lower than 8.48 (Node 7) indicated Intermediate-OS (100%). Summarizing, the metabolomic CRT indicated dominant roles of MI, GPC, Ala, and Gly OS prediction of glioma patients.

Finally, we compared the number of correct predictions derived from the metabolomic CRT with those observed clinically, in the Classification-Confusion Matrix of Table 4. Out of 19 patients in the Short-OS group, the metabolomic approach classified correctly 18 patients. In the Intermediate-OS group, the metabolomic approach classified correctly 15 of 19 patients. Finally, out of the 8 patients identified with Long-OS, the metabolomic approach correctly classified 6 patients.



Table 4. Classification confusion matrix of correct/incorrect classifications of overall survival in patients bearing gliomas using metabolomic criteria.
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In summary, the metabolomic classification reached defined OS predictions in all three groups, separating well the longer OS groups (Intermediate-OS and Long-OS). This entails considerable relevance, since the prediction of Long-OS in glioma patients remains currently a vital challenge for neurosurgeons, with important implications in the definition of the recommended therapeutic strategy.




DISCUSSION


Previous OS Studies

The present study complements and extends earlier OS predictors based on the WHO classification (2–4) or in vivo MRI/MRS studies (19–21, 33–40), contributing a novel array of metabolomic biomarkers organized hierarchically by a multivariate CRT. Earlier studies implementing in vivo MRS/MRI approaches investigated mainly glioblastoma patients (Table 5), associating Short-OS to increases in PC (4) and tCho/NAA (20, 36–40, 42), and longer OS to higher contents in GPC (35). Additionally, Cho/Cr ratio has been proposed as a biomarker of cellular proliferation and prognosis (22). More recently, a correlation between 2-hydroxiglutarate and the IDH1 mutation (43), suggested that in vivo detection of 2-hydroxiglutarate could become a useful prognostic biomarker. However, routinely and regular detection in vivo of 2-hydroxyglutarate still remains an important technological challenge in most imaging centers, limiting wider applications. In summary, the present study contributes a larger cohort of patients examined by routinely available in vitro MRS, followed during a longer period of time, including also a collection of both Low Grade Gliomas (LGG) and High Grade Gliomas (HGG). Notably, some of the metabolomic biomarkers found valuable here in OS prediction, like MI or GPC (Table 2), are difficult to resolve, or not even detectable in vivo. Consequently, our results suggest that postsurgical HR-1H NMR analysis of extracted tumor biopsies may provide a useful complement to available in vivo MRS explorations when addressing OS predictions.



Table 5. Overview of literature correlating OS and MRS biomarkers.
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Metabolomic CRT

We implemented a CRT methodology to find, hierarchically, the best classification of OS estimates, using metabolomic criteria. These results complement the earlier decision tree of Li et al. (39), who considered age, MRI features (T2, T1, Volume Contrast Enhancement) and in vivo spectroscopic biomarkers (Lip+Lac, Cho/Cr, and Cr/NAA), as the main determinants predicting glioblastoma OS.

Our metabolomic CRT grew up to three branches. In the first branch, MI became the most robust biomarker of survival, with larger MI contents revealing longer survivals. Increased MI levels have been reported in inflammatory diseases as Alzheimer (41), renal failure (44), diabetes mellitus (44), and traumatic brain injury (45, 46), suggesting a universal role of this osmolite in pathophysiolological volume regulation. However, MI levels were reported previously to increase (47–49) or decrease (44) with increasing glioma grade in vivo. Present results reveal that higher MI levels are associated to longer OS, and lower tumoral grades (Table 3). Since MI occurs primarily in normal astrocytes (44), we hypothesize that the MI resonances detected in the tumor biopsies reveal the healthy astrocyte content within the tumor mass. Larger relative MI contents reveal indirectly relatively larger normal astrocyte populations and smaller tumoral cell burdens, supporting consequently longer OS (41, 50, 51).

The second hierarchical branch classifying the lower MI content group, is GPC, with higher GPC levels predicting longer OS. We, and others, have previously reported that relatively higher contributions of GPC and PC are associated to low and high grade gliomas, respectively (16, 52). Interestingly, GPC and PC levels are thought to reflect the balance between phospholipid degradation and phospholipid synthesis, respectively, with increased GPC levels revealing relatively a negative balance between synthesis and degradation, lower tumoral proliferation, and more prolonged survivals.

Gly and Ala provided the third branch of OS discrimination for patient groups with low or high levels of GPC, respectively. High Gly and Ala levels revealed poor prognosis, associated to shorter OS. Indeed, Ala and Gly levels previously reported as hypoxia and redox stress biomarkers (53), revealing tumoral progression to hypoxia, redox stress, and fatal energy failure. They can now be associated to shorter OS predictions.



Limitations

The time span of biopsy collection in this study preceded some of the advances in the characterization of glioma genetics and their influence in malignancy and OS. This circumstance, and the long survival period investigated, precluded the use of genetic biomarkers validated later in the coverage of the present retrospective study. Thus, the correlations between metabolomic and genomic biomarkers of OS in glioma deserve further investigation. Finally, the number of patients involved in the present pilot study is admittedly small but sufficiently robust to support the use of metabolomic biomarkers detected by in vitro HR-1HMRS in OS predictions of postsurgical survival from glioma patients. A multicenter study to extend the number of patients and hospitals involved, is currently being implemented.




CONCLUSION

We used a multivariate CRT to assess postsurgical OS predictions based in the 1H HR-MRS analysis of the metabolomic profile from neurosurgical biopsies of glioma patients. Present results show that the metabolic profiles of glioma biopsies constitute accurate and independent biomarkers of OS in glioma patients.
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Background: Following the EuroAIM initiative to assess the quality of medical imaging guidelines by using the Appraisal of Guidelines for Research and Evaluation (AGREE) II instrument, we aimed to evaluate the quality of the current imaging guidelines in patients with gliomas.

Methods: A literature search was conducted to identify eligible imaging guidelines considered in the management of adult patients with gliomas. The selected guidelines were evaluated using the AGREE II instrument by four independent appraisers. The agreement among the four appraisers was estimated using the intraclass correlation coefficient (ICC) analysis.

Results: Seven guidelines were selected for the appraisal. Six out of the seven guidelines showed an average level of quality with only one showing a low quality. The highest scores were found in Domain 1 “Scope and purpose” (mean score = 81.2%) and Domain 4 “Clarity of presentation” (mean score = 77.6%). The remaining domains showed a low level of quality and, in particular, Domain 5 “Applicability” was the most critical with a mean score of 41.7%, mainly related to a minor attention to barriers and facilitators as well as costs and resources implications of applying the guidelines. The ICC analysis showed a very good agreement among the four appraisers with ICC values ranging from 0.907 to 0.993.

Conclusions: The available guidelines on glioma imaging emerged as of average quality according to the AGREE II tool analysis. Based on these results, further efforts should be made in order to involve different professional bodies and stakeholders and increase patient and public involvement in any future guideline drafting as well as to improve the applicability of these guidelines into the clinical practice.

Keywords: AGREE II, glioma, imaging, guidelines, evidence-based medicine


INTRODUCTION

Malignant primary brain tumors still represent one of the most difficult cancers to treat with a rather low 5 year overall survival (1). Among these, glioma constitutes the largest subgroup with high grade-glioma, specifically glioblastoma, accounting for almost 50% of cases (2). Diagnostic imaging, particularly magnetic resonance imaging (MRI), plays a fundamental role in diagnosis, staging and follow-up of glioma patients (3, 4). Considering the very poor prognosis of such patients and the lack of an effective treatment, especially for recurrent disease, the patient management is very demanding whereas major endeavors are constantly made to develop more effective drug treatments (5, 6) and sensitive methods for early tumor detection, in particular recurrent disease as it appears crucial for prolonging survival. In this perspective, imaging and especially MRI make a substantial contribution to the assessment of response to treatment using conventional and advanced techniques that probe the tumor biology (7). The possibility to leverage the efforts by conducting multicenter studies in different research and clinical domains (e.g., treatment trials, identification of diagnostic, and prognostic imaging biomarkers) necessitates a standardization of the imaging protocols, especially in terms of clinical indications and acquisition techniques. To achieve a reasonable level of standardization, diagnostic imaging guidelines covering clinical indications, acquisition protocols, and technical details have been previously realized. However, the reliability of clinical practice guidelines has been questioned and the proposed recommendation statements should be rather judged based on the methodological rigor followed in their drafting process. In order to assess the quality of guidelines, several useful tools have been proposed (8). In particular, the updated Appraisal of Guidelines for Research & Evaluation version 2.0 (AGREE II) (9, 10), first established in 1998, is the most comprehensively validated and has been widely adopted for the quality assessment of clinical practice guidelines (11). A recent initiative to assess meticulously the quality of the current imaging guidelines has been promoted by the European Network for the Assessment of Imaging in Medicine (EuroAIM), founded by the European Institute for Biomedical Imaging Research (EIBIR) (12). First evaluations conducted in this matter revealed that the quality of imaging guideline is heterogeneous, ranging from low to high levels (13–16). In the context of the EuroAIM initiative, we aimed to evaluate the quality of the existing guidelines on the role of imaging in glioma patients.



MATERIALS AND METHODS


Literature Search

Between October and November 2018, an exhaustive literature search was conducted on PubMed using MeSH and non-MeSH terms with and without customizing the search for “Consensus Development Conference,” “Guideline,” “Clinical Practice Guideline,” and “Government Document.” The following terms and their expansions were entered: “glioma,” “neoplasms,” “brain tumors,” “guideline,” “practice guideline,” “recommendations, health planning,” “official positions,” “diagnostic imaging,” “imaging.” Similarly, EMBASE, Scopus, Wiley Online Library and Google, including gray literature sources, were also searched. The search was focused on the most up-to-date version of the identified guidelines. Inclusion criteria were: (1) guidelines focused on the role of imaging in the management of primary brain tumors and specifically gliomas; (2) guidelines dealing with the adult population; and (3) papers with available English full text. Exclusion criteria were the following: (1) guidelines not developed under the auspices of recognized professional institutions, associations, and/or working groups; (2) clinical practice guidelines in which imaging was included in a wider, rather abstract context (e.g., guidelines dealing with cancer clinical management and treatment); (3) guidelines not dealing with the major imaging techniques employed for the assessment of gliomas, particularly MRI.



Guideline Evaluation

Selected papers were evaluated by four independent radiologists (VR, AS, LU, RC) with 6 to 9 years of clinical expertise and research in a university hospital setting. The appraisers used the AGREE II instrument (http://www.agreetrust.org/), made of six quality domains, each “…capturing a unique dimension of guideline quality,” and including a total of 23 key items (9). Specifically: domain 1 “Scope and Purpose” includes items from 1 to 3; domain 2 “Stakeholder Involvement” comprises items from 4 to 6; domain 3 “Rigor of Development” provides items from 7 to 14; domain 4 “Clarity of presentation” contains items from 15 to 17; domain 5 “Applicability” covers items from 18 to 21; and domain 6 “Editorial Independence” includes items from 21 to 22. Domains and items are summarized in Table 1. Each item is rated on a 7-point scale, ranging from “strongly disagree” (score = 1), to “strongly agree” (score = 7). Finally, an Overall Assessment section is provided to summarize in a comprehensive way the quality of the guideline. Each appraiser was asked to assign a score to each item and to the Overall Assessment section as well as to indicate whether he/she would recommend the use of the guideline in clinical practice. Whereas they had previous exposure to the AGREE II tool (15), the appraisers also carried out the freely available online training tool consisting of an overview tutorial and a practice exercise (17).



Table 1. AGREE II domains and items (9).
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Quality Assessment

Following the AGREE II manual instructions, domain scores were “…calculated by summing up all the scores of the individual items in a domain and by scaling the total as a percentage of the maximum possible score for that domain” (17). Guideline overall quality was considered “high” when 5 or more domains scored more than 60%, “average” when 3 or 4 domains scored more than 60%, and “low” when no more than two domains scored more than 60%, as previously performed (13–16). Mean scores ± standard deviations of each guideline were then calculated. Domain overall quality was assessed by calculating the mean scores of each domain being considered as good (≥80%), acceptable (60–79.9%), low (40–59.9%), or very low (<40%).



Statistical Analysis

The level of agreement among the four appraisers was assessed using the intraclass correlation coefficient (ICC) analysis and rated as: poor (ICC ≤ 0.20); fair (ICC from 0.21 to 0.40); moderate (ICC from 0.41 to 0.60); good (ICC from 0.61 to 0.80); and very good (ICC ≥ 0.81) (13–16). Scores collection and calculation as well as the statistical analysis were performed by an independent reviewer (SC) with 9 years of experience in scientific research and biostatistics.




RESULTS


Literature Search and Guidelines Selection

The literature search returned 162 records. The majority of the retrieved papers was excluded after the evaluation of title and abstract, with 29 remaining articles extensively reviewed in full-text and 7 guidelines finally eligible for the appraisal process (18–24). A flow-chart of the guideline selection process is illustrated in Figure 1. Details of the selected recommendation papers are reported in Table 2.
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FIGURE 1. Guideline selection process.





Table 2. Details of the selected guidelines.
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Statistical Analysis

The ICC analysis showed a very good agreement among the four appraisers with values ranging from 0.907 to 0.993; the ICC scores with their 95% confidence intervals are reported in Table 3.



Table 3. Results of the Intraclass correlation coefficient analysis.
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Guideline Scores

According to the AGREE II tool, six out of seven guidelines showed an “average” quality with one guideline demonstrating “low” quality. The highest domain scores were found in Domain 1 “Scope and purpose” (mean score = 81.2%) indicating good quality, followed by Domain 4 “Clarity of presentation” (mean score = 77.6%) suggesting an acceptable quality. The remaining domains showed a low level of quality and in particular Domain 5 “Applicability” was the most critical with a mean score of 41.7%. Similarly, Domain 2 “Stakeholder involvement,” Domain 3 “Rigor of development” and Domain 6 “Editorial independence” were considered of low quality achieving mean scores of 52, 55.1, and 58.9%, respectively.

The highest variability in domain scores was observed in Domain 3 “Rigor of development” and Domain 6 “Editorial independence” with a SD of 21.8 and 22.7%, respectively, while the lowest variability was found in Domain 4 “Clarity of presentation” with SD of 9.5%. In the remaining domains, the variability ranged from 12 to 14.4%. All domains and guidelines scores are shown in Table 4 and Figure 2. Detailed scores of each guideline are reported in the Supplementary Materials.



Table 4. Results of the AGREE II-based guidelines evaluation.
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FIGURE 2. Line chart illustrating the overall domain scores of each guideline.






DISCUSSION

Overall, the current imaging guidelines for the management of glioma patients showed an intermediate level of quality according to the AGREE II analytical approach. In detail, six out of the seven guidelines showed an average level of quality with only one revealing low quality.


Domain Scores

Domain 1 “Scope and purpose” and Domain 4 “Clarity of presentation” presented with the highest scores as they are primarily taken into account by guideline developers when defining the objectives and convey the recommendations. Domain 4 was the only one performing higher than 60% in all investigated guidelines. The remaining domains were judged with lower mean scores, ranging from 41.7% (Domain 5) to 58.9% (Domain 6). In particular, Domain 2 “Stakeholder involvement” performed poorly (mean score = 52%) as not all relevant professional groups (e.g., medical and/or radiation oncologist) were involved in the guideline drafting. In almost all cases, authors consisted of radiologists along with neuro-surgeons. Moreover, the views and preferences of the target patient group were not considered e.g., in terms of experiences and expectations. Although this issue may appear unwonted and not customary for medical/radiological guidelines, the AGREE II tool provides suggestions about how to facilitate patient and public involvement (e.g., by prior conferring with patients to understand main issues, using interviews or literature review on their preferences or by stakeholder's external review on the draft). Of note, target users have been scarcely specified; this is an issue that could be easily addressed by clearly indicating which professionals are meant to use the guideline.

Domain 3 “Rigor of development” assesses the methodology by which the guideline is elaborated and unfortunately obtained a low mean score (55.1%), ranging from 20.3 to 73.4% with a SD of 21.8%. The high variability discerned is due to the opacity in the methodology employed for evidence search and evaluation, enabled usually through the performance of systematic literature reviews. Only Thust et al. specifically discussed the possible methodological limitations (24). Furthermore, methods for formulating the recommendations were not always clearly named and structured techniques (e.g., the Delphi method) to reach a final consensus were not used. The most critical results were presented in Domain 5 “Applicability,” in which none of the guidelines achieved a score higher than 60%. It should be noted that issues addressed in this Domain are conventionally difficult to be considered given that resources and costs are heterogeneous among different countries and national healthcare systems. This domain also contains very specific criteria, such as the inclusion of dedicated sections to provide solutions to barrier analysis, tools to capitalize on guideline facilitators or methods by which the cost information was sought. Finally, Domain 6 “Editorial independence,” even if showing a low-quality mean score (58.9%), did not emerge as critical as occurred in previous AGREE-II evaluations (13, 14). In almost all papers, conflict of interests and funding disclosures have been stated, as the majority of guidelines is published on peer-reviewed journals, which oblige for such statements. However, in none guideline the declaration “the views of the funding body have not influenced the content of the guideline” was included.



Considerations

General remarks can be made in light of the present appraisal, especially regarding the overall average scores of the evaluated guidelines, with none of them fulfilling high quality. While in certain guidelines the recommendations were well-underpinned by a rigorous systematic review of literature, the recommendations were disadvantaged by lacking contributions from international expert panels, other disciplines-of-interest and considerations for the routine application of the recommended procedures. On the other hand, European guidelines did not immerse in detail for the evidence search and synthesis methodology. It is worth mentioning that 4 out of 7 guidelines though close to reach a final “high” score, having each 4 domains scoring higher than 60%, they overall scored moderately as Domain 2 “Stakeholder involvement” and Domain 5 “Applicability” performed poorly. Thus, emphasizing to these domains will improve dramatically the future guidelines quality. The results of the current guidelines appraisal are better than those of a previous AGREE II evaluation of clinical practice and management guidelines in glioma patients (25). In the previous evaluation, tangible concerns were voiced for Domain 2 “Stakeholder involvement,” Domain 3 “Rigor of development,” Domain 5 “Applicability,” and Domain 6 “Editorial independence.” A further AGREE II evaluation of the clinical practice guidelines for rehabilitation on brain tumor patients also showed moderate quality results (26). Furthermore, an improvement in terms of guidelines quality over time seems to emerge from our analysis. Based on the aforementioned results, the quality of future imaging guidelines in gliomas could be further improved by summarizing the key evidence elements derived from literature review and expert consultation and to report them close to the final recommendations. Data related to any guideline external review and update process should also be provided.



Limitations

The heterogeneity of the selected guidelines, dealing either with the definition of a standardized MRI protocol or with clinical indications of other than MRI techniques, pose an inherent limitation in our evaluation. We attempted to mitigate this risk by a universal and robust appraising tool as the AGREE II domains; we acknowledge, however, that the AGREE II instrument does not directly assess the quality of the guideline content (8). Furthermore, it is sensible that guidelines aiming to assess the role of imaging in the management of glioma patients might differ in terms of tumor sub-types (i.e., low- vs. high-grade], overall setting or even be published as appendices in wider clinical guidelines. This makes difficult a broad-based acceptance, an obvious finding in the paper of Thust et al. (24), who probed the adherence of European centers to the “mainstay” glioma MRI protocol proposed by Ellingson et al. (19). A further limitation in our study might be the exclusion of guidelines in non-English language. Finally, while initial evidence suggests to weight the domain scores for the overall quality assessment (27), we decided not to embrace this approach. Nevertheless, the possibility to prioritize one domain over the other could be considered in future AGREE II appraisals.




CONCLUSIONS

The existing guidelines on the role of imaging in glioma patients showed an overall intermediate level of quality according to the AGREE II tool evaluation. The fairly high number of available guidelines highlights the profound interest of the oncological and radiological communities to significantly improve the management in terms of clinical indications, protocol appropriateness, and acquisition techniques. In this perspective, issues and suggestions transpired from this appraisal could be taken into account to improve the quality of imaging guidelines in neuro-oncology.



CONTRIBUTION TO THE FIELD STATEMENT

The quality of imaging guidelines in terms of methodological rigor has been recently questioned and found to be heterogeneous, thus potentially affecting the reliability of guidelines themselves. The use of imaging guidelines is crucial for the assessment of glioma patients, especially in the context of multicenter studies and clinical trials for new drugs development and the assessment of response to treatment. We therefore joined a recent initiative of the European Network for the Assessment of Imaging in Medicine (EuroAIM) and assessed the quality of imaging guidelines focused on glioma using the Appraisal of Guidelines for Research & Evaluation version 2.0 (AGREE II) tool. According to our results, existing guidelines on glioma imaging emerged as of average quality. We also provided suggestions to further increase the quality of future guidelines on glioma imaging on the basis of the raised criticisms.
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Immunohistochemical data based on isocitrate–dehydrogenase (IDH) mutation status have redefined glioma as a whole-brain disease, while occult tumor cell invasion along white matter fibers is inapparent in conventional magnetic resonance imaging (MRI). The functional and prognostic impact of focal glioma may however relate to the extent of white matter involvement. We used diffusion tensor imaging (DTI) to investigate microstructural characteristics of whole-brain normal-appearing white matter (NAWM) in relation to cognitive functions as potential surrogates for occult white matter involvement in glioma. Twenty patients (12 IDH-mutated) and 20 individually matched controls were preoperatively examined using DTI combined with a standardized neuropsychological examination. Tumor lesions including perifocal edema were masked, and fractional anisotropy (FA) as well as mean, radial, and axial diffusivity (MD, RD, and AD, respectively) of the remaining whole-brain NAWM were determined by using Tract-Based Spatial Statistics and histogram analyses. The relationship between extratumoral white matter integrity and cognitive performance was examined using partial correlation analyses controlling for age, education, and lesion volumes. In patients, mean FA and AD were decreased as compared to controls, which agrees with the notion of microstructural impairment of NAWM in glioma patients. Patients performed worse in all cognitive domains tested, and higher anisotropy and lower MD and RD values of NAWM were associated with better cognitive performance. In additional analyses, IDH-mutated and IDH-wildtype patients were compared. Patients with IDH-mutation showed higher FA, but lower MD, AD, and RD values as compared to IDH-wildtype patients, suggesting a better preserved microstructural integrity of NAWM, which may relate to a less infiltrative nature of IDH-mutated gliomas. Diffusion-based phenotyping and monitoring microstructural integrity of extratumoral whole-brain NAWM may aid in estimating occult white matter involvement and should be considered as a complementary biomarker in glioma.
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INTRODUCTION

While the extent of tumor resection is regarded as an important therapy-dependent prognostic factor, the infiltrative nature of diffuse glioma remains a diagnostic and therapeutic problem and an obstacle to curative treatment. Infiltrative glioma growth preventing the definition of clear tumor borders has been described early on based on histological findings (1). With identification of the isocitrate–dehydrogenase (IDH) mutation in codon 132 of IDH1 (or infrequently in codon 172 of IDH2) as being the most common molecular genetic alteration in grade II and grade III gliomas, immunohistochemical data using antibodies specific to IDH1 R132H mutant protein have revealed a more widespread tumor cell distribution than expected. Occult tumor cell invasion has thereby been delineated even in areas remote to the primary tumor site, which had macro- and microscopically appeared unaffected (2). These findings have redefined cerebral glioma as a systemic rather than focal brain disease, which is supported by cellular observations of diffusively invading tumor cells expanding to extensive intracerebral networks (3).

In view of these findings, standard treatment and disease monitoring strategies focusing only on the focal tumor and its borders seem to be insufficient. With immunohistochemical analyses being limited to post-mortem IDH-mutant glioma, and conventional magnetic resonance imaging (MRI) incapable of delineating diffuse tumor cell migration, the extent of occult tumor cell burden has not been determined in vivo, although it might offer prognostically valuable information. As diffuse infiltrative glioma growth has histologically been characterized to occur typically along white matter (WM) tracts (4), diffusion tensor imaging (DTI) appears of particular interest. It provides indirect information about the microstructural WM architecture and its integrity in vivo, based on water diffusion properties in the intra- and extracellular space (5). This notion is based on a simplified model, in which water diffusion within a given voxel can be described as diffusion tensor or ellipsoid. The shape of the ellipsoid is characterized by three eigenvalues (λ1–3), providing measures of the three primary axes of the ellipsoid. Diffusivity along the principal axis (λ1) is called axial diffusivity (AD), and diffusivity along the two minor axes (λ2 and 3) is called radial diffusivity (RD) (6, 7). While AD has been related to axonal integrity, RD has been assumed to provide information about the degree of myelination (8, 9). These eigenvalues can be used to calculate scalar DTI summary measures such as fractional anisotropy (FA), reflecting the orientation preference of water diffusion within a given voxel (5, 10), and mean diffusivity (MD), reflecting the mean amount of water diffusion irrespective of its direction (11). While higher FA and AD in WM have been linked to preserved fiber integrity, increases in MD and RD have been related to structural disintegration (12).

Studies on glioma-induced WM changes in regions remote to the primary tumor site are only sparse, but suggest DTI to allow tracing glioma cell infiltration into brain regions distant to the primary tumor site, which is inapparent in conventional imaging (13–16). Previous studies in this regard were based on region-of-interest (ROI) analyses, in which DTI metrics were determined locally at assumed tumor projections along predefined WM structures such as the corticospinal tract or in peritumoral areas, with restriction to observer-dependent predefined regions. Based on peritumoral anisotropy and diffusivity measures (17), the more favorable prognosis in IDH-mutated glioma (18, 19) has been related to a less invasive behavior as compared to IDH-wildtype gliomas. A ROI-independent diffusion-based microstructural characterization of whole-brain normal-appearing white matter (NAWM) under consideration of IDH-mutation status and in relation to cognitive functions has, to the best of our knowledge, not yet been attempted.

While glioma patients with “non-eloquent” tumor locations do not exhibit apparent deficits in basic sensory-motor functions, cognitive impairment has been described across different tumor locations in most of the patients already at the time of diagnosis (20, 21), which has been linked to early WM involvement (22). While patients with lower-grade gliomas initially may present with impressive tumor volumes but only minor cognitive dysfunctions, patients with high-grade tumors at comparable anatomical sites can be more severely impaired (21, 23). This might be based on different dynamics of tumor-induced cortical deafferentation or reorganization processes, depending on the local tumor growth rate. Alternatively, this could also be related to varying degrees of occult systemic tumor cell burden, with immunohistochemically proven diffuse tumor cell migration into brain regions remote to the primary tumor site (2).

This study aimed to preoperatively investigate microstructural and functional characteristics of whole brain NAWM as potential measures of occult systemic WM involvement in glioma. In order to restrict analyses to NAWM, contrast-enhancing and non-contrast-enhancing tumor lesions including any perifocal T2- or T1-weighted signal alterations such as perifocal edema were captured in tumor lesion masks and excluded from analyses. We hypothesized that global microstructural WM integrity and related cognitive functions would be compromised in glioma. Moreover, WM integrity was assumed to be more preserved in IDH-mutated than in IDH-wildtype glioma, which would agree with the notion of a more favorable prognosis and less infiltrative nature of IDH-mutated glioma.



MATERIALS AND METHODS


Subjects

Twenty patients (mean age: 44.8 years, SD = 15.5, 13 males, 12 IDH-mutated) and 20 matched healthy controls (mean age: 45.3 years, SD = 15.9, 13 males) were prospectively enrolled in the study at a single university hospital center. All subjects underwent anatomical MRI, DTI, and standardized neuropsychological testing. Patients were examined preoperatively and histopathological diagnoses were determined (based on tumor specimens obtained by biopsy or tumor resection) according to the revised WHO tumor classification of 2016 (24), integrating imaging, histological, and molecular genetic criteria. IDH-mutation status was determined by immunohistochemical analysis with identification of the IDH1 R132H mutation or, when results were negative or unequivocal, by additional DNA analysis using next-generation sequencing. IDH-mutation status was defined by presence of mutations of IDH1 on exon 4, codon 132 or of IDH2 on exon 4, codon 172.

All participants gave written informed consent prior to study enrollment. This study was approved (EK 294/15) by the local ethics committee, and conducted in accordance with the standards of Good Clinical Practice and the Declaration of Helsinki. Only patients >18 and <80 years of age with unilateral supratentorial tumor and a Karnofsky index of >70 were included. All patients except one were naive to tumor-specific treatment prior to enrollment in the study. One patient with presumed low-grade glioma (according to neuroradiological criteria) consented in participation in the study, but finally refrained from surgery, so that histopathological confirmation could not be obtained in this subject. For detailed information on patients' demographics and tumor characteristics (see Table 1).



Table 1. Clinical description of included patients.
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Neuropsychological Assessment

All participants underwent a cognitive assessment using a standardized neuropsychological examination. Duration of testing was about 60 min and included the following tests: The Verbal Learning and Memory Test (25) (VLMT) is designed as a list-learning paradigm and included eight trials: five trials (Trials 1–5) of repeated presentation and immediate recall of a list of 15 words (Trial A), followed by the presentation and recall of a second “interference” list of 15 words (Trial B), another trial assessing immediate post-interference recall of list A (Trial 6), and an additional recall trial after a 20-min delay (Trial 7). A final recognition trial (Trial 8) included those words from Lists A and B, and 20 phonologically or semantically similar words to Lists A and B. Participants needed to identify and recognize the words that were part of List A. This study focused on VLMT scores including total learning (the sum of scores for Trials 1–5, VLMT_rec), consolidation performance as number of words forgotten over time (Trial 5 score – Trial 7 score, VLMT_con), and recognition (Trial 8 score, VLMT_recog).

The Attention Network Test (ANT), a modified Posner task (26), is a selective reaction time task that is used to examine three attentional systems, including tonic and phasic alertness, spatial, and executive attention. The participants' task is to react as quickly as possible to directional stimuli (arrows) that are imbedded in special cues or distractors intending to stimulate the various attention components. Specifically, an arrow, which can point to the right or left, appears in the middle of the screen below or above a fixation cross, and participants should indicate that arrow's direction by button press. By varying cues and distracters, responses address either the alertness or spatial (orientation) or executive (conflict) condition. The ANT consists of four blocks and 288 trials, including one practice block (24 trials) as well as three test blocks (96 trials each), which takes participants about 20 min to finish. Specifically, this study focused on overall alertness by investigating mean reaction times (RTs) in seconds (RT of correct trials, ANT_RTcor) as well as the number of errors in the according subtrials of the test (number of errors, ANT_err).

As a test for executive functions, the Trail-Making Test (27) (TMT) was carried out in which participants first have to connect numbers in ascending order (TMT-A). In the second part, numbers and letters are connected alternating in ascending order (TMT-B). RTs in seconds are recorded separately for each part of the test and the difference between the two is regarded to reflect task-switching (difference in RT between TMT-A and TMT-B, TMT_RTexe).



MRI Data Acquisition

All participants underwent MRI examination on a 3-Tesla Siemens Prisma MRI scanner equipped with a standard 32-channel head coil. The scanning protocol included a 3D T1-weighted as well as a 3D inversion recovery scan for tumor volume segmentation, as well as diffusion-weighted imaging (DWI) to investigate WM integrity. Pulse sequences were as follows: First, a sagittal 3D T1 magnetization-prepared rapid acquisition gradient echo (MPRAGE) sequence was acquired [repetition time (TR) = 2,300 ms, echo time (TE) = 2.01 ms, 176 slices with a slice thickness of 1 mm, flip angle = 9°, field of view (FoV) = 256 mm, voxel size = 1 mm isotropic, and 256 × 256 matrix]. In addition, DWI data were acquired using an echo planar imaging (EPI) sequence (64 diffusion directions with b-value = 1,000 s/mm2, one b0 image, TR = 6,300 ms; TE = 81 ms; 55 axial slices with 2.4 mm slice thickness, FoV = 216 mm, voxel resolution = 2.4 mm isotropic) and a fluid attenuation inversion recovery (FLAIR) sequence was applied (TR = 4,800 ms, TE = 304.0 ms, number of slices = 160 with 1 mm slice thickness, FoV m s250 mm, and 1 mm isotropic voxel resolution). For tumor identification purposes, a contrast-enhanced, T1-weighted turbo inversion recovery magnitude (TIRM) dark-fluid sequence was acquired (TR = 2,200 ms, TE = 32 ms, slice thickness = 3 mm, flip angle = 150°, FOV = 230 mm, voxel size = 0.9 × 0.9 × 3.0 mm3, matrix = 256 × 256) as well as a T2-weighted TIRM dark-fluid scan (TR = 9,000 ms, TE = 79 ms, slice thickness = 3 mm, flip angle = 150°, FOV = 230 mm, voxel size = 0.9 × 0.9 × 3 mm3, matrix = 256 × 256).



MRI Data Processing

Tumor Masking

In a first step, tumor lesions were segmented semi-automatically on the basis of each patient's anatomical 3D T1-weighted and 3D-FLAIR weighted images using ITK-SNAP software (28). In a second step, tumor lesion masks were manually corrected and lesion volumes (Tvol in cm3) were computed. Any apparent tumor lesions including contrast-enhancing and non-contrast-enhancing tumor, as well as any perifocal T2 hyper- or T1 hypointensities including perifocal edema, were included in the lesion masks and excluded from analysis, thereby restricting the analyses to the remaining whole-brain NAWM. In addition, lesion masks were binarized for later use in the normalization procedure of image preprocessing.

DTI Preprocessing

The first part of DTI data preprocessing was performed using the FDT diffusion toolbox as implemented in FSL (29) and included distortion and motion correction (eddy current correction) as well as skull stripping (BET brain extraction tool). Diffusion tensors were estimated using DTIFIT, and individual FA, MD, RD, and AD images were created for every subject. Further preprocessing was carried out using SPM12 (30, 31) as implemented in Matlab 9.3. First, subjects' T1-weighted anatomical images were segmented using the segmentation approach, which allows the inclusion of the individual tumor masks for patients as masking image, saving deformation field matrices for standard space as well as subject space (inverse) transformation. After this, diffusion images were co-registered to the corresponding T1-weighted anatomical images. For control subjects, diffusion images were then normalized to their matched patients' diffusion space by means of inverse transformation using the unified segmentation approach (32). Finally, the individual binary tumor mask was applied to patients' FA, MD, RD, and AD images in order to mask out tumor tissue for further analyses. For controls, the tumor mask of the corresponding patient match was applied accordingly, thereby controlling for known WM heterogeneities depending on anatomical site, gender, and age.

DTI Metrics

For between-group comparisons of patients and controls, an approach analogous to TBSS as implemented in FSL was applied. For this purpose, individual diffusion space FA images were skeletonized and thresholded at an FA value of 0.2. The FA-derived skeleton was then applied to MD, RD, and AD diffusion images and masked with patients' WM masks. In order to obtain a most complex characterization of diffusion properties of NAWM, two categories of diffusion values were calculated, resulting in eight dependent diffusivity parameters: First, the mean (M) of each diffusivity parameter across all voxels within the skeleton was computed, producing four mean parameters (in units and mm2/s) for each subject (FAM, MDM, RDM, and ADM). In a second step, these voxel-based diffusivity parameters were further computed using histogram analyses according to Baykara and colleagues' approach (33): Accordingly, the peak width of the skeletonized diffusion parameters was determined by computing the difference between the 95th and 5th percentile of each of the skeletonized FA, MD, RD, and AD values (PS in mm2/s), resulting in four additional diffusion parameters for each subject (FAPS, MDPS, RDPS, and ADPS). For a better comparability to the FA parameters, all mean and PS values of MD, RD, and AD were multiplied with a factor of 1,000. An overview of DTI preprocessing steps and DTI metrics computation is given in Figure 1.


[image: image]

FIGURE 1. Example of a grade III tumor segmentation based on a fluid attenuation inversion recovery (FLAIR) image. Segmented tumor tissue (red) was excluded in both patients' diffusion weighted images (DWIs) as well as their matched controls' DWIs (black) prior to white matter (WM) skeleton extraction. Only those WM voxels revealing a fractional anisotropy (FA) value of 0.2 or higher were used to create a WM skeleton mask (orange), which was then applied to mean, radial, and axial diffusivity (MD, RD, and AD) maps. Mean (M) and peak width difference between the 95th and 5th percentile (PS) of each skeletonized diffusion parameter were computed by means of histogram analyses.





Statistics

All statistical analyses were performed with SPSS 24. Based on our hypotheses, group differences in FA, MD, RD, and AD parameters (FAM, MDM, MRD, MAD, FAPS, MDPS, RDPS, and ADPS) and cognitive performance (VLMT_rec, VLMT_con, VLMT_recog, ANT_RTcor, ANT_err, and TMT_RTexe) between patients and controls as well as between IDH-mutated (IDHmut) and wildtype patients (IDHwt) were analyzed using independent-samples t test, tested one-sided with a significance level of p < 0.05. In addition, standardized effect sizes (ES) with the respective confidence intervals (CIs, Hedges bias corrected) were computed.

The relationship between WM integrity (FAM, MDM, RDM, ADM, FAPS, MDPS, RDPS, and ADPS) and cognitive performance (VLMT_rec, VLMT_con, VLMT_recog, ANT_RTcor, ANT_err, and TMT_RTexe) was analyzed using Pearson's partial correlation analyses separately for patients and controls, tested one-tailed with a significance level of p < 0.05 and controlled for effects of age, education, and tumor volume. Furthermore, intercorrelations between respective diffusivity parameters (FAM-FAPS, MDM-MDPS, RDM-RDPS, and ADM-ADPS) were computed using partial correlations corrected for age, education and tumor volume.




RESULTS


Diffusion Parameters and Cognitive Performance

NAWM of patients and controls differed in anisotropy, with significantly lower FA and AD values in patients compared to controls (FAM: MPAT = 0.42 and MCG = 0.43 units, t = 1.85, p = 0.04, ES = – = 49, CI = [−1.12–0.14]; ADM: MPAT = 1.17 and MCG = 1.18 mm2/s, t = 2.01, p = 0.03, ES = – = 49, CI = [−1.12–0.14]). Significant group differences in cognitive performance were found for verbal learning and task switching (VLMT_rec: MPAT = 47 and MCG = 57 words, t = 2.65, p = 0.01, ES = – = 91, CI = [−1.64 to −0.18]; TMT_RTexe: MPAT = 43 and MCG = 23 s, t = −2.54, p = 0.01, ES = 0.98, CI = [0.19–1.76]) (see Figure 2). For detailed results on diffusivity and behavioral measures (see Table 2).
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FIGURE 2. Significant results of between-group and partial correlation analyses. Significant differences in fractional anisotropy (FA) and axial diffusivity (AD) as well as performance on the Verbal Learning and Memory Test (VLMT, VLMT_rec = number of words recalled) and the Trail-Making Test (TMT, TMT_RTexe = reaction times on differences between TMT parts A and B) are displayed in gray for the control group (CG) and black for patients (PAT) in the upper panel. All significant partial correlations (rpartial) between mean (M) and peak width of skeletonized (PS) FA, mean, radial, and axial diffusivity (MD, RD, and AD), and behavioral performance are visualized for patients in the lower panel. Significances for each analysis (N = number of subjects included) were computed at p < 0.05, including standardized effect sizes (ES) and confidence intervals (CI).





Table 2. Results of group statistics on differences between patients and controls.
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Correlations Between Diffusivity Parameters and Cognitive Performance

Intercorrelations between M and PS diffusion parameters revealed significant associations for FA and MD (CG: FAM-FAPS: rpartial = 0.77, p < 0.001, and MDM-MDPS: rpartial = 0.51, p = 0.02; PAT: FAM-FAPS: rpartial = 0.80, p = 0.003 and MDM-MDPS: rpartial = 0.78, p = 0.004).

In the patient group, significant correlations were found between diffusion parameters and verbal learning, attention, and task switching. Higher FA values were associated with better performances in verbal learning (FAM-VLMT_rec: rpartial = 0.59, p = 0.04), attention (FAM-ANT_RTcor: rpartial = –0.60, p = 0.03; FAPS-ANT_RTcor: rpartial = –0.71, p = 0.01), and task switching (FAM-TMT_RTexe: rpartial = –0.63, p = 0.03). In contrast, higher MD and RD correlated significantly with worse attentional performance (MDM-ANT_RTcor: rpartial = 0.59, p = 0.04; RDM-ANT_RTcor: rpartial = 0.63, p = 0.03) (see Figure 2). In controls, higher MD values correlated significantly with worse attentional performance (MDPS-ANT_err: rpartial = 0.53, p = 0.02).



IDH-Mutation Status

Patients differed in diffusion parameters depending on IDH-mutation status, revealing higher FA (FAM: MIDHmut = 0.43 and MIDHwt = 0.40 units, t = −3.45, p = 0.002, ES = −1.43, CI = [−2.47 to −0.04]) as well as lower MD, RD, and AD values for IDH-mutated than for IDH-wildtype gliomas (MDM: MIDHmut = 0.78 and MIDHwt = 0.81 mm2/s, t = 3.28, p = 0.002, ES = 1.43, CI = [0.40–2.47]; MDPS: MIDHmut = 0.29 and MIDHwt = 0.36 mm2/s, t = 2.54, p = 0.01, ES = 1.24, CI = [0.23–2.26]; RDM: MIDHmut = 0.58 and MIDHwt = 0.62 mm2/s, t = 3.55, p = 0.001, ES = 1.27, CI = [0.26–2.29]; RDPS: MIDHmut = 0.41 and MIDHwt = 0.45 mm2/s, t = 2.60, p = 0.01, ES = 1.33, CI = [0.31–2.36]; ADM: MIDHmut = 1.16 and MIDHwt = 1.18 mm2/s, t = 2.02, p = 0.03, ES = 0.96, CI = [−0.03–1.94]) (see Figure 3). Furthermore, cognitive performance differed significantly between IDH-mutated and IDH-wildtype patients with regard to verbal recall and verbal recognition (VLMT_rec: MIDHmut = 51 and MIDHwt = 35 words, t = −2.35, p = 0.02, ES = −1.29, CI = [−2.52 to −0.05]; VLMT_recog: MIDHmut = 13 and MIDHwt = 11 words, t = −2.24, p = 0.02, ES = −1.23, CI = [−2.48–0.01]).


[image: image]

FIGURE 3. Group differences in diffusivity parameters depending on IDH-mutation status. Significant differences in fractional anisotropy (FA), mean diffusivity (MD), and radial diffusivity (RD) are displayed for patients with isocitrate–dehydrogenase (IDH)-mutation status (lined bar) and IDH-wildtype patients (dotted bar). Significances for each analysis (N = number of patients) were computed at p < 0.05, including standardized effect sizes (ES) and confidence intervals (CI).






DISCUSSION

DTI revealed functionally relevant microstructural alterations of NAWM in glioma patients, which agrees with the notion of glioma as a systemic rather than a focal brain disease. Microstructural heterogeneity of NAWM was related to the prognostically relevant IDH-mutation status.


DTI of NAWM

DTI was used to investigate glioma as systemic brain disease by voxel-wise comparison of extralesional WM of patients and individually matched healthy controls. Prior lesion masking excluded any macroanatomically apparent tumor lesions including perifocal T2- or T1-weighted signal alterations such as caused by edema or perifocal tumor infiltration, which are known to be associated with altered diffusion properties (34, 35).

Agreeing with our hypothesis, diffusion properties of NAWM differed between patients and controls, showing decreases of FA and AD in patients. Furthermore, IDH-mutated gliomas were associated with higher FA, but lower MD, RD, and AD values of NAWM than IDH-wildtype gliomas. These results agree with the notion of a compromised microarchitecture of NAWM in gliomas, with decreases in FA and increases in isotropic diffusion values having been linked to WM degradation (33) and tumor cell infiltration (2, 36). Our results agree with previous findings on decreases of FA and increases of the apparent diffusion coefficient (ADC) at presumed tumor infiltration trajectories along the corticospinal tract in children with diffuse intrinsic pontine glioma (DIPG): Wagner et al. examined patients with DIPG and patients with low-grade brainstem glioma in comparison to controls. They found lower AD and increases in RD at assumed tumor projections remote to the primary lesion site. Decreases of AD were related to axonal damage by disruption of microstructural fiber tract architecture, accompanied by increases of isotropic tissue, which was assumed to reflect diffuse tumor infiltration with increased cellular density in the extracellular matrix (15). Another study applying serial measurements of diffusion properties in children with pontine glioma showed longitudinal changes of diffusion parameters; they suggested those changes to reflect different disease stages, with a transient increase of FA and decrease of ADC relating to transient treatment response, while a subsequent decrease of FA and increase of ADC were regarded to reflect tumor progression (37). Accordingly, Kallenberg et al. described increases in ADC and decreases in FA values in tumor projection areas onto the corpus callosum in glioma patients as an indicator of an occult transcallosal tumor progression (14).

Price and colleagues previously correlated histopathological specimens obtained by image-guided biopsies with DTI metrics. Tumor infiltration was related to increases in the isotropic component, while tumor was associated with reduced anisotropy relative to the contralesional hemisphere. Authors furthermore showed that tumor infiltration occurred in normal-appearing regions on T2-weighted images in 40% of cases (36). Another study described biopsies taken from normal-appearing brain areas with identification of tumor infiltration in half of these specimens (38). Based on those findings, in which histologically proven tumor cell infiltration in NAWM was linked to decreases in anisotropy and increases in diffusivity (MD and RD) values, the diffusion changes found in our study appear to be compatible with previous observations of occult tumor cell infiltration into NAWM, although histopathological evidence cannot be provided here. Although FA is regarded as highly sensitive for microstructural alterations, the scalar measure seems unspecific as to its precise histoanatomical correlate, unless complementary information is available. Interpretation of differences in diffusion values therefore has to be regarded with caution, as values can be ambiguous as they are modulated by multiple factors (39). Moreover, interpretation of diffusion data with regard to tumor pathology is further complicated, as diffusion measures can relate to different pathologies and might offer different possible attributions (39). Related to tumor pathology, diffusion changes might be caused by vasogenic edema, by tumor-infiltration-induced changes of the extracellular milieu with increases in cellular density, or by local tumor effected fiber disruption and secondary Wallerian degeneration. Even neuroplasticity accompanying chronically progressive tumor lesions could be assumed, while aging-related WM changes have to be considered in addition, as well as region-specific dynamics and longitudinal changes during the disease course. Moreover, different tumor-induced processes may even occur in parallel.

However, irrespective of the precise histoanatomical nature of the here observed altered diffusion properties of NAWM, present results indicate that glioma may impact on systemic microstructural WM properties, which cannot be delineated in conventional imaging. Furthermore, cognitive dysfunction was shown not only to depend on local tumor effects but also to be associated with occult WM involvement, which could be regarded as structural correlate of a more widely distributed cognitive network disintegration. It therefore appears promising to monitor and further investigate microstructural characteristics of NAWM in glioma, as it could provide a better understanding of the correlation between the macroscopically apparent tumor lesion and its clinical manifestation and might offer additional non-invasive biomarker in vivo. Whole-brain WM characteristics in glioma patients should be further explored with regard to histopathological and molecular genetic specifications, as they might reflect local tumor characteristics which may precede locally apparent disease dynamics.



Cognitive Performance and Its Association With WM Integrity

In accordance with previous research, treatment-naive patients in our study presented with cognitive impairment in all cognitive domains tested. Most distinctive deficits were found in verbal memory and executive functions, which have been described to manifest early in the disease course, and often prior to other tumor-related symptoms (21, 22). Although it has to be assumed that tumor site had an impact on the type of cognitive domain affected, further subanalysis of different tumor locations and behavioral performance was not attempted, not only in view of the small sample sizes but also because this study did not aim at a clinicotopographical correlation with tumor site. Instead, we intended to investigate the potential impact of a focal tumor lesion on systemic microstructural WM integrity and its relation to cognitive dysfunction. Systemic WM disintegrity contributing to cognitive decline is known from normal aging (40), WM diseases, or neurodegenerative disorders (33, 41). In view of spatiotemporally widely distributed cognitive network representations (42), we thus aimed to investigate cognitive deficits as functional surrogates of tumor-induced systemic network alterations based on occult WM involvement.

Agreeing with this notion, decreases in FA and increases in MD and RD as potential signs of WM disintegrity were associated with worse cognitive performance in our study. Previous studies suggested cognitive performance in glioma patients to be regarded as a prognostically relevant factor, with better performances on verbal memory and executive tests correlating with longer survival rates and less aggressive tumor growth in high-grade gliomas (43, 44). Moreover, the post-treatment cognitive status has been suggested as a clinical predictor of tumor recurrence, even in the absences of structural evidence in conventional imaging (45). While subtle cognitive impairment is often neglected in clinical routine, standardized neuropsychological assessment combined with information about microstructural NAWM characteristics may improve treatment monitoring by increasing the clinical sensitivity to disease dynamics.



IDH-Mutation Status

With IDH-mutation having emerged as a major prognostic disease marker (18, 19, 46), the more favorable prognosis in IDH-mutated gliomas has been attributed to slower local tumor growth rates (46), to anatomical predelection sites that are more accessible to extensive tumor resection (47, 48), or to a less infiltrative nature of diffuse tumor cell migration (17). In our sample, IDH-wildtype patients showed lower FA, but higher MD, RD, and AD values of NAWM as compared to IDH-mutated glioma, which may indicate a less preserved microstructural integrity of NAWM than in IDH-mutated patients: With glioma cells invading the intercellular space along WM fibers (4), initial fiber displacement is ensued by axonal damage and disruption of the blood–brain barrier and leads to vasogenic edema. While increases in isotropic diffusion values have previously been linked to tumor cell infiltration with increased cellular density in the extracellular matrix and later on with vasogenic edema, decreases in anisotropy components have been related to increased fiber density or axonal damage and fiber disruption (14, 15, 37, 38). Higher MD, RD, and AD but lower FA values in our IDH-wildtype glioma patients thus might reflect an increased cellular density in the extracellular matrix due to tumor cell invasion with fiber compression and ensuing axonal damage. Decreased AD values in IDH-mutated glioma might relate to the slower and presumably less invasive growth behavior, more prone to remote axonal degeneration due to secondary Wallerian degeneration. Microstructural disintegrity and occult tumor cell invasion cannot be proven based on the present data. However, our results agree with findings by Price and colleagues (17), who found differences in peritumoral isotropic and anisotropic diffusion properties related to IDH-mutation status, suggesting IDH-mutated glioblastomas to have a less invasive phenotype than IDH-wildtype glioblastomas (17). With the IDH1 R132 (Arginine 132) mutation leading to an accumulation of 2 hydroxyglutarate, magnetic resonance spectroscopy (MRS) allows the measurement of this oncometabolite in vivo (49, 50), which has been applied for non-invasively predicting IDH-mutation status in glioma patients (51) and for investigating remote glioma cell infiltration in vivo (52–54). Recent studies even used MRS to identify tumor-specific metabolic profiles and investigated metabolic–transcriptional alterations under consideration of genetic profiles (55–57). A multimodal approach combining MRS and a diffusion-based characterization of NAWM microarchitecture may allow future studies to further specify histopathological correlates of NAWM diffusion properties in vivo.

Microstructural alterations of NAWM were accompanied by worse verbal memory performance in IDH wildtype as compared to IDH-mutated patients, which supports previous observations of higher cognitive dysfunction related to tumor grade (21, 23) and is in line with increasing evidence of the prognostic predominance of molecular rather than histopathological tumor characteristics (18, 46).



Limitations

It cannot be excluded that pharmacological effects caused by corticosteroids or anticonvulsants may have influenced behavioral performance and diffusion values in the patient group. NAWM integrity was however associated with cognitive performance even in subjects without medication. Furthermore, a recent study examined patients with gliomas and found increased neurocognitive dysfunction associated with grade IV as compared to grade II or III tumors, which was found to be independent of steroids and anti-epileptic medication (23). In addition, dexamethasone has been reported to affect diffusion only within tumor, but not in normal brain, and steroid-related reductions of MD have been observed in peritumoral tissue in high-grade gliomas, whereas FA values have remained unchanged despite corticosteroid treatment (58). It may thus be assumed that decreases in MD under steroid treatment are more likely related to reductions in vasogenic edema, whereas anisotropy values appear to be less sensitive to steroid effects and to reflect structural fiber integrity independent thereof.

A further limitation is the small sample size and tumor heterogeneity in our cohort, which has impeded further analyses of the potential impact of different tumor characteristics such as tumor grade or histoanatomical specifications on structural and functional properties of NAWM. Nevertheless, a particular strength of the present study is the matching of patients with healthy subjects controlling for age, gender, lesion volumes, and educational level. A further appeal of the method used is the potential clinical perspective, as the ROI-independent approach reduces interobserver variability and allows integration of patients with different tumor locations and sizes. Even among the small number of subjects examined in this study, differences in behavioral performance as well as in diffusion properties of NAWM were observed. While the strength of the effect sizes further reinforce the informative value of the present results, larger patient studies are needed to validate and further extend the present findings.




CONCLUSIONS

DTI revealed microstructural alterations of NAWM in glioma patients in association with cognitive dysfunction, adding to local tumor effects. Microstructural heterogeneity of NAWM was furthermore associated with IDH-mutation status, which might reflect a more preserved microstructural integrity of NAWM and less occult systemic tumor burden in IDH-mutated as compared to IDH-wildtype glioma. Diffusion-based phenotyping microstructural properties of NAWM may aid in estimating occult WM involvement and in disease monitoring and should be considered as a complementary biomarker in glioma.
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Purpose: We aimed to analyze 18F-fluorodeoxyglucose positron emission tomography (18F-FDG PET) images via the radiomic method to develop a model and validate the potential value of features reflecting glioma metabolism for predicting isocitrate dehydrogenase (IDH) genotype and prognosis.

Methods: PET images of 127 patients were retrospectively analyzed. A series of quantitative features reflecting the metabolic heterogeneity of the tumors were extracted, and a radiomic signature was generated using the support vector machine method. A combined model that included clinical characteristics and the radiomic signature was then constructed by multivariate logistic regression to predict the IDH genotype status, and the model was evaluated and verified by receiver operating characteristic (ROC) curves and calibration curves. Finally, Kaplan-Meier curves and log-rank tests were used to analyze overall survival (OS) according to the predicted result.

Results: The generated radiomic signature was significantly associated with IDH genotype (p < 0.05) and could achieve large areas under the ROC curve of 0.911 and 0.900 on the training and validation cohorts, respectively, with the incorporation of age and type of tumor metabolism. The good agreement of the calibration curves in the validation cohort further validated the efficacy of the constructed model. Moreover, the predicted results showed a significant difference in OS between high- and low-risk groups (p < 0.001).

Conclusions: Our results indicate that the 18F-FDG metabolism-related features could effectively predict the IDH genotype of gliomas and stratify the OS of patients with different prognoses.

Keywords: 18F-FDG PET, radiomics, glioma, isocitrate dehydrogenase, non-invasive prediction


INTRODUCTION

Glioma is a common type of primary malignant central nervous system tumor and causes significant morbidity and mortality (1), with an incidence of 4–5 per 100,000 individuals. The prognosis of patients is grim; <50% of patients with low-grade glioma have no recurrence 10 years after diagnosis (2), and the 5-year survival rate of patients with high-grade glioma is just 5% (3). Isocitrate dehydrogenase (IDH) is emphasized as a key biomarker for glioma prediction and prognosis in the 2016 update of the WHO diagnostic criteria (4), and the overall survival (OS) of patients with IDH mutants is significantly better than the OS of those with wild-type IDH (5). The IDH biomarker is also critical for accurate glioma classification (4), planning of the scope of surgical resection (6), and guiding of the chemotherapy regimen (7, 8). Thus, accurate IDH genotype prediction may have a positive impact on the individualized treatment plan of patients with glioma.

The status of IDH mutation is currently mainly detected through immunohistochemistry, PCR product sequencing, and other technologies, using surgical or biopsy tumor samples. However, there is still an unmet clinical need for easily accessible biomarkers that can be used to acquire the underlying tumor genotype and achieve patient survival stratification accurately. Several exploratory studies have tried to use detection and analysis techniques that use circulating tumor cells, circulating tumor DNA, and serum/cerebrospinal fluid biomarkers to identify IDH mutants. Nevertheless, these studies are still at a relatively early stage (9, 10). At the same time, other studies have attempted to predict the status of IDH genotypes in patients with glioma through magnetic resonance (MR) or positron emission tomography (PET) imaging parameters, including the apparent diffusion coefficient and relative cerebral-blood-volume for MR and the tumor-to-brain ratio and time-to-peak for PET (11, 12). However, the above studies of IDH genotype identification based on image parameters lacked the necessary validation data to verify the performance of the proposed methods.

An emerging radiomic method based on the combination of artificial intelligence and medical imaging has attracted wide attention due its potential value for accurate diagnosis and prognosis assessment (13). The radiomic method aims to perform non-invasive tumor analysis by extracting a suite of quantitative features from medical images (14–16). These features include a variety of gene expression types that provide a more comprehensive description of tumor characteristics, enabling researchers to obtain an effective signature to inform objective clinical decisions (17–19). Some studies have been carried out based on MR images and radiomic methods and have demonstrated the potential value of radiomic features in predicting the gene status of gliomas (20–22). It is well-known that PET imaging is functional molecular imaging that uses tracers to visualize biological processes such as uptake of glucose, consumption of amino acid analogs, cell proliferation, etc. Specifically, 18F-fluorodeoxyglucose positron emission tomography (18F-FDG PET) reflects the uptake of glucose in tumor areas and determines the spatial distribution of radioactive PET imaging agents quantitatively in vivo, using elevated metabolism at the molecular level to map tumorigenic activity (23). This imaging method provides additional insight beyond MR imaging (MRI) into the biology of gliomas, which facilitates the analysis of the tumor from the perspective of glucose metabolism. In glioma research, 18F-FDG PET is widely applied, for example for tumor grading (24), determination of tumor extent (25), surgical planning (26), differentiation of tumor progression and necrosis (27), and prognosis prediction (28). However, to the best of our knowledge, few studies have used 18F-FDG PET images and the radiomic method to predict IDH genotype.

Therefore, in this study, we performed a comprehensive analysis and developed a combined model based on 18F-FDG PET radiomic signatures and the preoperative clinical characteristics of patients for non-invasive prediction of glioma IDH genotype status. We hypothesized that this radiomic analysis may identify differences in 18F-FDG metabolism between tumors with different IDH genotypes and thereby help to assess patient IDH genotype and prognosis.



MATERIALS AND METHODS


Patients

For this retrospective study, we used database records of patients who were diagnosed with primary glioma between 2010 and 2017 at the Peking Union Medical College Hospital, Beijing, China. A total of 127 consecutive cases were included in this study according to the inclusion and exclusion criteria presented in Supplementary Methods 1 and Supplementary Figure 1. The design and protocol of the study were conducted in accordance with the Declaration of Helsinki and were approved by the Ethics Committee of Peking Union Medical College Hospital, with all requirements for informed patient consent waived. These patients were randomly divided into two groups, two-thirds (N = 84) in the training cohort and one-third (N = 43) in the validation cohort.



IDH Mutant Detection

IDH1 and IDH2 mutations were detected postoperatively in patient tumor tissue using direct sequencing, as described by Horbinski et al. (29). DNA was isolated from formalin-fixed, paraffin-embedded tumor tissue using the Simplex OUP®FFPE DNA extraction kit (TIB, China), and the quantity was assessed by spectrophotometry using a NanoDrop 2000 (Thermo Fisher, US). Polymerase chain reaction (PCR) was accomplished with IDH1 primer (IDH1-F) 5′-TGATGAGAAGAGGGTTGAG-3′, (IDH1-R) 5′-TTACTTGATCCCCATAAGCC-3′, and IDH2 primer (IDH2-F) 5′-GACCCCCGTCTGGCTGTG-3′, (IDH2-R) 5′-CAAGAGGATGGCTAGGCGAG-3′ using the DRR007 kit (Takara, Japan) and a Verity 96-Well Thermal Cycler (Thermo Fisher, US) to amplify the fragment that contains two mutation hotspots. PCR products were treated with Exonuclease I and Antarctic Phosphatase (New England Biolabs, UK) and sequenced using a Genetic Analyzers 3500 (Thermo Fisher, US).



18F-FDG PET Data Acquisition and Tumor Segmentation

18F-FDG was produced in situ using an RDS-111 Cyclotron (CTI, US). After a fast of at least 4 h, patient blood glucose level was tested and confirmed as not exceeding the normal limit (6.4 mM). A dose of 5.55 MBq (0.15 mCi) 18F-FDG per kg of body weight was injected intravenously under standardized conditions in a quiet, dark room with the patient's eyes closed. An 18F-FDG PET/CT scan was performed 40–60 min after the 18F-FDG injection using a Biograph 64 TruePoint TrueV PET system (Siemens Medical Solutions, Germany). The reconstruction of PET imaging used a 336 × 336 pixel matrix, corresponding to a voxel size of 1 × 1 mm with a 3 mm slice thickness.

The three-dimensional region of interest (ROI) of every tumor was manually segmented within each slice using ITK-SNAP software (http://www.itksnap.org) by two neurosurgeons with >10 years' experience in neuro-oncology and neuro-PET, respectively, who were blinded to the final pathological result. The result of each segmentation was reviewed by a senior nuclear medicine physician with over 20 years' experience in this field. If the divergence between segmentations by the two neurosurgeons was <5%, the final ROI was determined as the overlapping region of the two ROIs, and if the divergence was more than 5%, the senior nuclear medicine physician made the final decision.



Radiomic Feature Extraction and Feature Selection

The radiomic analysis workflow of our study is illustrated in Figure 1. Calculations for all radiomics features were implemented from a standard uptake value (SUV) image using the open-source PyRadiomics package (https://github.com/Radiomics/pyradiomics) in Python (30). The PET image normalization method is detailed in Supplementary Method 2. Ninety-nine quantitative radiomics features were calculated from the ROI within each original SUV image, comprising 13 shape and size features, 18 first-order statistical features, and 68 texture features (22 gray-level co-occurrence matrix, 14 gray-level dependence matrix, 16-gray level run length matrix, and 16 gray-level size zone matrix features) (31). By applying eight different decomposition level wavelet filters, 688 first-order statistical and texture radiomics features were obtained. A total of 774 first-order statistical and texture features were calculated after applying the “logarithm, square, exponential, gradient, squareroot, lbp” filter. Filter descriptions and mathematical definitions for the computed radiomics features are described at (http://pyradiomics.readthedocs.io/en/latest/features.html). After applying different filters, the same number of features was extracted, including 18 first-order statistical features and 68 texture features (22 gray-level co-occurrence matrix, 14 gray-level dependence matrix, 16 gray-level run length matrix, and 16 gray-level size zone matrix features).


[image: Figure 1]
FIGURE 1. Workflow of the proposed radiomic analysis for non-invasively predicting isocitrate dehydrogenase (IDH) genotype and prognosis in glioma patients.


In order to facilitate the construction of the radiomic signature and control the feature coefficients, all radiomic feature values were normalized to between 0 and 1 according to the maximum and minimum value for the subsequent analysis. The method of feature selection with the elastic net is considered as an extension of the least absolute shrinkage and selection operator, which is appropriate in situations where the number of predictors exceeds the number of cases. With the elastic net method, which is considered an extension of the least absolute shrinkage and selection operator (32, 33) and is appropriate in situations where the number of predictors exceeds the number of cases (34). In this study, the key IDH-associated radiomics features were selected first, and then the final feature set was determined according to the greatest area under curve (AUC) value of 10-fold cross-validation. The p-value, based on univariate analysis, was used to assess the potential impact of clinical characteristics (Supplementary Table 1) on IDH genotype prediction.



Model Construction and Validation

With these selected key radiomic features, a support vector machine model with a radial basis function kernel was then used to construct a radiomic signature for IDH genotype prediction in the training cohort with 10-fold cross-validation. Details of the model are provided in Supplementary Method 3. Training cohort data and the radiomic signature generated together with selected clinical features were used to establish a multiple logistic regression model for predicting the patient's IDH genotype.

The accuracy of the IDH status predictions using the above methods was assessed using the receiver operating characteristic (ROC) curve and the AUC values in the training cohort and a completely independent validation cohort. The most valuable IDH genotype prediction model was determined by comparing the predicted performance indicator values and the ROC curves (Delong's test) of the three models in the training cohort and the validation cohort and was evaluated based on the calibration curve and Hosmer-Lemeshow test (35). Decision curve analysis was used to manifest the clinical usefulness of the model by quantifying the net benefit at different threshold probabilities (36).



Survival Analysis

Furthermore, the patients in the training and validation cohorts were divided into high- and low-risk groups according to the predicted result of the optimal model developed. The Kaplan-Meier curve was used to stratify the survival trend between patients in the two risk groups. The log-rank test was then used to verify whether there were statistical differences in survival between the two groups.



Statistical Analysis

The differences between features were assessed using Pearson's Chi-Square tests or Fisher's exact tests for categorical variables and Student's t-tests or Mann-Whitney U-tests for continuous variables, as appropriate. The above statistical analyses were performed with SPSS Statistics software, version 18.0 (Chicago, IL, USA) or R software, version 3.4.1 (www.R-project.org). The two-tailed threshold of p < 0.05 was considered statistically significant.




RESULTS


Clinical Characteristics

All patients underwent surgery to remove tumors, and their IDH genotype status was assessed. Of the 84 patients in the training cohort, 38 were identified as having an IDH mutant and 46 as having the IDH wild-type gene. Of the 43 patients in the independent validation cohort, 13 had an IDH mutant and 30 had the IDH wild-type gene. The baseline characteristics of the training and validation cohorts are shown in Table 1 and showed no significant differences between the two groups (p = 0.09–0.92), which justified their applicability as training and validation cohorts. The baseline information of patients with different IDH phenotypes is shown in Supplementary Table 2.


Table 1. Clinical characteristics of patients in the training cohort and validation cohort.

[image: Table 1]



Radiomic Feature Extraction and Feature Selection

In total, 1,561 radiomic features were computed in our study. After applying the elastic net method, 11 key radiomic features were selected from the training cohort for generating the radiomic signature (Figure 2), all of which showed significant differences (independent t-test p < 0.05) between IDH mutant and IDH wild-type cases (feature details are shown in Figure 2). These key radiomic features included 1 shape, 7 texture, and 3 first-order statistical features. The results of the univariate analysis of clinical characteristics revealed age and the type of tumor metabolism as significant predictors (p < 0.05), as presented in detail in Supplementary Table 1.


[image: Figure 2]
FIGURE 2. Forest plot of the 11 selected radiomic features. All features yielded significant differences in IDH mutant and IDH wild-type patients (independent t-test, p < 0.05).




Model Construction and Validation

IDH genotype prediction using the above radiomic signature achieved a noteworthy result, producing AUCs of 0.904 [95% confidence interval (CI), 0.886–0.923] and 0.890 (95% CI, 0.861–0.919) in the training and validation cohorts, respectively. The predictive potential of the selected clinical characteristics was assessed by establishing and evaluating the clinical model, obtaining AUCs of 0.705 (95% CI, 0.673–0.738) and 0.664 (95% CI, 0.634–0.695) in the training and validation cohorts, respectively. A multivariable combined model was developed through the combination of age, type of tumor metabolism, and radiomic signature, which was visualized through a nomogram (Supplementary Figure 2). Detailed information such as the feature coefficients and predicted probability calculation method of the combined model are indicated in Supplementary Table 3. The combined model achieved the best result, with AUCs of 0.911 (95% CI, 0.895–0.931) for the training cohort and 0.900 (95% CI, 0.877–0.923) for the validation cohort. Figure 3 shows the ROC curves and the probability distribution of the predicted IDH mutants in the training and validation cohorts for the three models. More details on the predictive indicators obtained by these models are given in Table 2. The predictive performance of the combined model in the training and validation cohorts is also depicted by the barplots in Figure 4. Subgroup analysis shows that our model can also show good predictive performance with different glioma grades. The AUC was 0.88 and 0.93 in lower-grade tumors (WHO II and WHO III) and glioblastoma (WHO IV), respectively. Details are shown in Supplementary Figure 3.


[image: Figure 3]
FIGURE 3. The diagnostic performance of these different models in predicting IDH genotype. The first row depicts the receiver operating characteristic (ROC) curves of the three models. The second row depicts the distribution of the IDH mutant probabilities predicted by the three models, where the horizontal dash lines are the quartiles. Subgraph (A–C) show the performance of clinical model, radiomic signature and combined model to predict IDH genotype, respectively.



Table 2. Diagnostic performance of the radiomic signature, clinical model, and combined model.
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[image: Figure 4]
FIGURE 4. Barplots depicting the predictive performance of the combined model. A blue bar with a predicted probability value > cutoff (0.5) indicates that the model successfully identifies the IDH mutant patients; a blue bar with a predicted value < cutoff indicates that the signature fails to identify the IDH mutant patients. For the green bars, the opposite applies.


Based on the results shown in Table 2 and Supplementary Table 4, the radiomic signature and the combined model showed significantly better discrimination performance (p < 0.05) than the clinical model alone according to the AUCs in the training and validation cohorts. Here, our results also confirm that the combined model, with more incorporated information, had the highest AUC value and showed more obvious differences in the predicted probability distribution trends of patients with different genotypes in the two cohorts. The combined model calibration curve displayed good agreement between prediction and observation in the training and validation cohorts, and the Hosmer-Lemeshow test did not show a significant difference (p > 0.05), demonstrating a good fit in both cohorts (Figure 5). As shown in Supplementary Figure 4, decision curves were used to demonstrate the benefits of the combined model. We found that if the threshold probability of clinical decision was >0% or >8% in training or validation cohorts, then patients would benefit more from the combined model than if genotype was not predicted.


[image: Figure 5]
FIGURE 5. Calibration curves of the combined model in the training and validation cohorts.




Survival Analysis

Our results suggest that the combined model not only has great potential for predicting IDH genotypes but can also help to stratify the OS of patients through Kaplan-Meier analysis (Figure 6). The predicted value of the combined model divided patients into high-risk (predicted probability <0.5) and low-risk (predicted probability ≥0.5) groups. Meanwhile, our results indicated significant statistical differences in the OS of patients, using a log-rank test between the two groups in the training and validation cohorts (p < 0.05).


[image: Figure 6]
FIGURE 6. Kaplan-Meier analysis of overall survival according to the actual IDH status and the IDH status predicted by the combined model in the training and validation cohorts.





DISCUSSION

In this study, we obtained 11 metabolism-related radiomic features that could reflect significant differences in different IDH genotypes of gliomas. Specifically, we developed a combined model that links the above metabolic features and clinical information to predict the IDH genotype of a glioma effectively. Moreover, our results also demonstrate that there is a significant correlation between the probabilities predicted with the combined model and patient prognosis.

Our study extended previous radiomic studies on predicting IDH genotypes in patients with glioma, which predominantly linked quantitative features based on MR images to predict glioma patient IDH genotype. Yu et al. (20) showed that a radiomic study based on 110 T2-FLAIR MR images was potentially useful for non-invasive prediction of IDH genotype in grade II gliomas. Zhang et al. (21) used a combination of radiomic features based on multiparameter MRI and clinical features to predict IDH genotype in 120 high-grade gliomas. Lu et al. (22) used 214 MR images from The Cancer Image Archive and 70 collected preoperative MR images to predict the IDH mutant in low-grade gliomas. However, these studies do not fully reflect the advantages of non-invasive prediction because they all used knowledge of pathological tumor grade to select patients. The difference is that our study extracts quantitative features based on PET images that reflect tumor FDG metabolic information. Moreover, the combined model is a promising method for predicting a patient's IDH genotype and does not require prior selection of the patients based on pathological grade. Figure 7 illustrates a comparison of two representative patient cases with similar image and clinical representation; the combined model effectively distinguished between the individual with an IDH mutant and the IDH wild-type patient.


[image: Figure 7]
FIGURE 7. 18F-fluorodeoxyglucose positron emission tomography images of two patients with IDH mutant and IDH wild-type status. The red boundaries in the images were manually delineated as the region of interest. All the clinical characteristics and predicted probabilities of the combined model are presented in the center table.


PET imaging is widely used in clinical tumor therapy and can non-invasively provide information related to tumor metabolism, predicting the progression and recurrence of glioma more effectively than MRI (37). 18F-FDG PET imaging can show alterations in the tumor microenvironment glucose metabolism, also known as the oncological Warburg effect (38). The differences in metabolic microenvironments between the two genotypes of glioma were reflected by the radiomic signature that combined 11 prominent high-dimensional radiomic features. The results show that the combined model has extraordinary predictive potential and can combine more information to enhance and perfect the predictive ability for IDH genotype; thus, as an indicator parameter, it may provide important predictive power for future IDH prediction. Until now, radiomic studies using 18F-FDG PET images for IDH genotype classification of gliomas have not been well-described in the literature. Our study clarifies the association between the radiomic features of 18F-FDG metabolism and IDH genotypes and has achieved noteworthy predictive and prognostic performance.

Our findings were in line with previous radiomic studies showing that features of PET images are potentially useful for solving clinical problems (39, 40). For example, the radiomic feature sphericity is a measure of how spherical tumors are and, here, shows the metabolic shape of the tumor. A recent radiomic study demonstrated that the sphericity feature based on 18F-FDG PET is associated with low therapeutic benefit and survival in colorectal cancer (40). Results from our study suggest that there are also significant differences in the shape feature based on 18F-FDG PET images in gliomas with different IDH genotypes (p = 0.016, Student's t-test). The sphericity of IDH-mutant glioma is lower than that of the IDH wild-type. These conclusions indicate that radiomic features based on 18F-FDG PET images play an important role, have robust applicability in solid tumor analysis, and may serve as valuable indicators to assist clinicians in making decisions.

Furthermore, the prognostic value of 18F-FDG PET textural features before treatment has been confirmed in several types of extracranial tumors (41, 42). It is well-known that patients with gliomas of different IDH genotypes differ in their survival times. According to follow-up information on patients, our study found that the survival curves predicted by the combined model achieved similar performance to the survival curves of patients with actual IDH genotypes, which could be used to effectively stratify the prognosis of patients (see Figure 6). Therefore, the predicted outcome of the combined model we developed was proved to be an independent risk factor for prognosis, providing a new method for predicting the prognosis of patients with glioma and showing promise as a prognostic biomarker.

Nevertheless, our study has several limitations. We used retrospective data and did not combine our analysis with baseline CT and MRI features. As this was a single-center study, larger data sets from multiple centers should be interrogated to assess the potential clinical utility of our model further. Moreover, large datasets based on multi-modal imaging may be used for refining the model to improve its predictive performance. Furthermore, although our PET-based imaging method had good predictive performance, the clinical implications of these radiomic features are currently difficult to interpret.

In summary, our results confirm that the radiomic analysis of PET images reflecting glucose metabolism in gliomas could reveal metabolic differences among gliomas with different IDH genotypes, which provides the possibility of non-invasive identification of IDH genotypes in patients. Moreover, we found a strong association between the predicted probabilities and the OS of patients, which further proved the prognostic value of the combined model.
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Background: Low-grade gliomas (LGG) in adults are usually slow growing and frequently asymptomatic brain tumors, originating from glial cells of the central nervous system (CNS). Although regarded formally as “benign” neoplasms, they harbor the potential of malignant transformation associated with high morbidity and mortality. Their complex and unpredictable tumor biology requires a reliable and conclusive presurgical magnetic resonance imaging (MRI). A promising and emerging MRI approach in this context is histogram based apparent diffusion coefficient (ADC) profiling, which recently proofed to be capable of providing prognostic relevant information in different tumor entities. Therefore, our study investigated whether histogram profiling of ADC distinguishes grade I from grade II glioma, reflects the proliferation index Ki-67, as well as the IDH (isocitrate dehydrogenase) mutation and MGMT (methylguanine-DNA methyl-transferase) promotor methylation status.

Material and Methods: Pre-treatment ADC volumes of 26 LGG patients were used for histogram-profiling. WHO-grade, Ki-67 expression, IDH mutation, and MGMT promotor methylation status were evaluated. Comparative and correlative statistics investigating the association between histogram-profiling and neuropathology were performed.

Results: Almost the entire ADC profile (p25, p75, p90, mean, median) was significantly lower in grade II vs. grade I gliomas. Entropy, as second order histogram parameter of ADC volumes, was significantly higher in grade II gliomas compared with grade I gliomas. Mean, maximum value (ADCmax) and the percentiles p10, p75, and p90 of ADC histogram were significantly correlated with Ki-67 expression. Furthermore, minimum ADC value (ADCmin) was significantly associated with MGMT promotor methylation status as well as ADC entropy with IDH-1 mutation status.

Conclusions: ADC histogram-profiling is a valuable radiomic approach, which helps differentiating tumor grade, estimating growth kinetics and probably prognostic relevant genetic as well as epigenetic alterations in LGG.

Keywords: low-grade glioma, apparent diffusion coefficient, histogram analysis, radiomics, histopathology, imaging biomarker


INTRODUCTION

Gliomas are primary central nervous system (CNS) tumors originating from sustaining glial cells of the CNS and account for approximately 30 percent of all symptomatic brain neoplasms in adults (1). Based upon histopathologic characteristics like mitotic activity, necrosis, cytological atypia and anaplasia, gliomas are subdivided by the World Health Organization (WHO) into four grades, ranging from WHO grade I—which represents biologically rather benign lesions—to WHO grade IV (2), which entails the most aggressive entities. Only tumors matching the WHO criteria for grade I- and II are classified low-grade gliomas (LGG). Most frequently encountered manifestations of LGG are pilocytic astrocytomas (WHO grade I) and diffuse astrocytomas (WHO grade II). Pilocytic astrocytoma is the most common primary brain tumor in childhood, rarely occurring in adults, which commonly follows an uneventful course. However, malignant transformation has been reported in a number of patients and observation vs. intervention remains an individually challenging decision (3).

Diffuse astrocytoma accounts for the vast majority of LGG in adults and generally exhibits a more protracted course with significantly greater long-term survival compared to high-grade gliomas (HGG) (4). Therefore, and related to the fact that diffuse astrocytomas often occur in eloquent brain regions, a conservative “wait and see”-approach including periodic controls is usually employed as standard management for most of these patients, aiming to avoid disabling surgical morbidity but to preserve functional independence as long as possible. On the contrary, several studies in recent years indicated better prognosis and overall survival of patients after partial or total resection, which has partially led to a paradigm shift in therapy from “watchful waiting” toward early tumor surgery (5–7).

The major obstacle rendering the decision for the optimal personalized therapy very difficult is related to the unpredictable course of the individual LGG.

Therefore, precise recognition of the individual neoplasm including information on its tumor heterogeneity and probable tumor-biological evolution is pivotal.

Magnetic resonance imaging (MRI), offering the highest detail of anatomical as well as functional information in CNS neoplasms has become the gold standard for diagnosis and follow up imaging (8). Among the variety of functional imaging techniques like spin labeling, spectroscopy, perfusion weighted imaging etc., especially diffusion-weighted imaging (DWI) has gained significant importance for assessment of brain tumors (9).

By mapping the diffusibility of water molecules in biological tissues through apparent diffusion coefficient (ADC) maps (10), DWI allows assessment of the underlying microscopic architecture of the examined tissue (11). In context of glioma imaging, DWI including ADC-mapping were shown to be especially valuable for tumor grading and the differentiation of LGG from HGG (12), for assessment of prognosis (13), for estimation of tumor growth potential (14) and the differentiation of gliomas from other, morphologically indistinguishable lesions (15).

However, most of the DWI studies investigated simple, mostly two-dimensional region-of-interest-based estimations of the ADC, neither accounting for the three-dimensional complexity of the tissue nor considering all parameters of the ADC histogram. As introduced by Just and coworkers (16), histogram analysis can provide more than first order histogram characteristics, which basically represent specific proportions of one investigated value (in our case the ADC). Those second order characteristics—kurtosis, skewness, and entropy—describe more complex aspects of the (ADC-) distribution and its particular shape, which notoriously facilitate the assessment of the microarchitecture of the particular lesion. The entropy of a histogram profile for example, describing the degree of randomness of the respective distribution, has been established as an important biomarker reflecting tumor heterogeneity in numerous studies (17–19). Interestingly, even the entropy of simple T1-post-contrast image histograms is able to reflect tumor characteristics like mitotic activity to a limited extent (20).

Therefore, our study aimed to evaluate whether whole tumor histogram analysis of ADC maps can (I) differentiate WHO grade I and WHO grade II tumors, (II) predict the proliferative potential of those neoplasms and (III) predict the presence of prognostic relevant MGMT (methylguanine-DNA methyl-transferase) promotor methylation and IDH (isocitrate dehydrogenase) mutation status.



PATIENTS, PROCEDURES, AND METHODS


Ethics Approval

The study was approved by the ethics committee of the medical council of Baden-Württemberg (Ethik-Kommission Landesärztekammer Baden-Württemberg, F-2017-047).



Patients Collective

The institutional radiological information system (RIS) was searched for patients with the diagnosis glioma and primary brain tumor. Histopathologic diagnosis, Ki-67 proliferation index, IDH-1 mutation status and MGMT promotor methylation status were obtained by searching the hospital patient database. Forty-two patients were identified between 01/2012 and 02/2017, all of which had at least diagnostic biopsy or even surgical removal of the tumor in our hospital and subsequent neuropathological workup. Only patients who received pretreatment MRI scans with sufficient DWI were included. MRI examinations of patients indicating hemorrhage, significant calcifications or artificial MRI data due to other causes were excluded, since these conditions severely influence quantification, and hence, produce incorrect ADC values. Therefore, only 26 patients (12 females, 14 males; ranging from 5 to 58 years with a mean age of 34.2 years) were included in our retrospective analysis: 7 patients with the diagnosis of pilocytic astrocytoma (WHO grade I), 19 patients with the diagnosis of diffuse astrocytoma (WHO grade II); 15 out of 26 patients with IDH-1 mutation and 8 out of 26 patients with IDH-1 wildtype (of 3 patients no IDH-1 mutation status was available); 9 out of 26 patients patients with MGMT promotor methylation and 6 out of 26 patients with unmethylated MGMT promotor (of 11 patients no MGMT promotor methylation status was available); of 2 out of 26 patients no Ki-67 proliferation index was available.



MRI Specifics

For all patients MRI of the brain was performed using a 1.5 T device (MAGNETOM Aera and MAGNETOM Symphony Tx/Rx CP head coil, Siemens, Erlangen, Germany). The imaging protocol included the following sequences:

1. Axial T2 weighted (T2w) turbo spin echo (TSE) sequence (TR/TE: 5390/99, flip angle: 150°, slice thickness: 5 mm, acquisition matrix: 512 x 291, field of view: 230 x 187 mm);

2. Axial DWI (readout-segmented, multi-shot EPI sequence; TR/TE: 5500/103, flip angle 90°, slice thickness: 5 mm, acquisition matrix: 152 x 144, field of view: 230 x 230 mm) with b values of 0 and 1,000 s/mm2. ADC maps were generated automatically by the implemented software package.

All images were available in digital form and analyzed by two experienced radiologists (DHR, SS) without knowledge of the histopathological diagnosis on a PACS workstation (Impax EE R20 XII).



Histogram Profiling of ADC Maps

ADC maps and T2 weighted images were exported from our institutional archive in DICOM format via the aforementioned AGFA PACS. Whole lesion histogram profiling was performed by using a custom-made DICOM image analysis tool (programmed by N.G. using Matlab, The Mathworks, Natick, MA): T2 weighted images were loaded into a graphical user interface (GUI) to tag the tumor suspected lesion of each patient in all respective MRI sections. All regions of interest (ROIs) were then automatically co-registered with the corresponding ADC maps and the whole lesion histogram profile was consecutively calculated, providing the following set of parameters: ADCmean, ADCmin, ADCmax, ADCp10, ADCp25, ADCp75, ADCp90, ADCmodus, ADCmedian, ADC standard deviation (SD), Skewness, Kurtosis, and Entropy.



Neuropathology

All tumor specimens were used for neuro-histological confirmation of the diagnosis. The tumor samples, obtained either by stereotactic biopsy, partial or complete resection were formalin-fixed and paraffin-embedded for histopathologic diagnostics, immunohistochemistry and PCR sequencing. The embedded samples were sectioned at 3 μm and stained by hematoxylin and eosin (H&E). Immunhistochemistry was performed with specific antibodies against IDH1-R132H (dilution 1:20, product no. DIA-H09; Dianova, Hamburg, Germany) and Ki67 M7240 (dilution 1: 800; Dako Denmark A/S, Glostrup, Denmark). The histopathological images were digitalized with a Leica microscope, carrying a DFC290 HD digital camera and LAS V4.4 software (Leica Microsystems, Wetzlar, Germany). Sample sections for immunohistochemistry and PCR sequencing were analyzed histologically for presence of viable tumor infiltration and absence of necrotic areas and hemorrhage. In case of IDH1 immunohistochemistry a strong cytoplasmic staining was interpreted as positive result. Tumor proliferation index was estimated by dividing the number of specifically stained (Ki-67 positive) cell nuclei by all nuclei. The area showing the highest number of positive cell nuclei was selected in each case.

To determine the methylation status of the MGMT gene, tumor DNA was isolated from micro-dissected 10 μm sections from the paraffin-embedded tissue blocks using the Maxwell® RSC FFPE Plus DNA Kit AS1720 (Promega, USA) with a Maxwell® RSC Instrument (Promega, USA), followed by conversion of unmethylated cytosine residues to uracil by bisulfite treatment using the EpiTect® Bisulfite Kit (QIAGEN, Germany), each step according to the manufacturer's procedures. Bisulfite-converted DNA was amplified in a PCR reaction and the methylation status was determined by pyrosequencing according to the manufacturer's protocol using the Therascreen MGMT Pyro® Kit (QIAGEN, Germany), testing 4 CpG islands (chromosome 10, Exon 1, range 131265519-131265537, CGACGCCCGCAGGTCCTCG). Methylation percentage of 10% and higher was considered as methylation positive.



Statistical Analysis

Statistical analysis including graphics creation was performed using GraphPad Prism 8 (GraphPad Software, San Diego, CA, USA). In a first step, DWI data and histopathological information were investigated using descriptive statistics. In a second step, data was tested for Gaussian distribution using the Shapiro-Wilk-Test. T-test was performed to compare evaluated, normally distributed parameters of DWI histogram profiling between grade I and grade II astrocytoma. Also, normally distributed DWI histogram profiling parameters between IDH mutated and IDH wildtype gliomas as well as between MGMT promotor methylated and unmethylated gliomas were compared using unpaired T-test. Mann-Whitney-U Test was performed to compare parameters exhibiting a non-Gaussian distribution between grade I and grade II, between IDH mutation positive and negative as well as between MGMT promotor methylated and unmethylated astrocytomas. Finally, correlation analysis for normally distributed parameters was performed using Pearson Correlation Coefficient. In case of non-Gaussian distribution, Spearman-Rho Rank-Order Correlation was calculated. p-values < 0.05 were taken to indicate statistical significance in all instances. Finally, to assess the accuracy of ADC volume histogram profiling, receiver operating characteristics (ROC) curve analysis was performed and the respective area under the curve (AUC) was calculated as well as Youden's Index for those ADC parameters with the best test accuracy to estimate possible cut-off values.




RESULTS

Figure 1 demonstrates examples of cranial MRI from patients with WHO grade I (upper row) and WHO grade II astrocytoma (lower row) including the corresponding whole tumor ADC histogram, H&E staining and Ki-67 immunohistochemistry.


[image: Figure 1]
FIGURE 1. Compares representative MRI sections, the corresponding whole tumor ADC histogram, H&E staining, and Ki-67 immunohistochemistry of a grade I (A–D) and a grade II glioma (E–H). The first image of the upper case shows a T2 weighted turbo-spin-echo (TSE) sequence of a grade I glioma, originating from the right thalamus with intraventricular tumor mass in the third ventricle and consecutive hydrocephalus (A). The first image of the lower case displays a T2 weighted TSE sequence of a grade II diffuse astrocytoma located in the right frontal and parietal lobe with distinct mass effect (E). The second images of each row show the ADC histograms (B,F; x-axis: ADC values in incremental order, y-axis: number of voxels) followed by H&E staining and Ki-67 immunohistochemistry on the right side (C–D, G–H). For the first case (pilocytic astrocytoma), a proliferation index of 1% was calculated. In the second case (diffuse astrocytoma), proliferation index was 5%.


The results of the descriptive analysis of DWI data of all investigated gliomas are summarized in Table 1. Shapiro-Wilk-Test revealed Gaussian distribution for ADCmean, ADCmin, ADCmax, ADCp10, ADCp25, ADCp75, ADCp90, ADCmodus, ADCmedian, ADC SD, Entropy and Ki-67 (all p < 0.05). Non-Gaussian distribution was determined for Kurtosis and Skewness.


Table 1. DWI histogram profiling parameters of all investigated low-grade gliomas.
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Statistical significant differences between grade I and grade II astrocytomas were identified for the following set of ADC histogram parameters: ADCmean, ADCmax, ADCp25, ADCp75, ADCp90, ADCmedian, ADC SD, and Entropy (all p < 0.05). Mean values of ADC fractions, except the lowest percentile (ADCp10), the minimum values (ADCmin) and the ADC modus, were all significantly lower in the WHO grade II group, whereas Entropy was significantly greater in WHO grade II gliomas compared to grade I gliomas. The standard deviation (SD) of ADC histogram profiles of grade II astrocytomas was significantly lower than in the group of grade I tumors. Differences in Ki-67 expression, representing the actively proliferating tumor fraction, also achieved statistical significance, with increased values in the WHO grade II group. Furthermore, significant differences between MGMT promotor methylated and unmethylated gliomas were identified for ADCmin, being increased in unmethylated gliomas. Comparison of ADC histogram profiles of IDH-1 mutated and IDH-1 wildtype astrocytomas revealed significant differences for Entropy, with higher values in case of muted IDH-1. For reasons of comprehensibility and clarity, results of the comparative statistical analysis are summarized in Tables 2–4. Figures 2A–H shows significant differences in ADC histogram profile parameters between WHO grade I and II astrocytomas, Figures 2I,J illustrates differences of ADC Entropy and ADCmin considering IDH-1 mutation status and MGMT promotor methylation status of the investigated gliomas.


Table 2. Comparison of DWI histogram profiles and Ki-67 index between grade I and grade II glioma.
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Table 3. Comparison of DWI histogram profiles between low-grade gliomas with and without MGMT promotor methylation.
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Table 4. Comparison of DWI histogram profiles between low-grade gliomas with and without IDH-1 mutation.
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FIGURE 2. Provides boxplots of statistically significant differences between the diffusion profile of grade I and grade II gliomas (A–H) as well as between IDH-1 mutation status (I) and MGMT promotor methylation status (J) positive and negative tumors. The last image (K) shows the significant correlation between ADCmax of the whole tumor ADC histograms and the proliferation index Ki-67, the set of parameters with the strongest correlation (r = −0.5218, p = 0.0089).


Correlative statistics revealed significant correlations (p < 0.05) between Ki-67 and ADCmean, ADCmax, ADCp10, ADCp75, ADCp90 as well as ADC SD. Table 5 summarizes the complete results of the correlative analysis. The scatter plot graphically demonstrating the association of ADCmax and Ki-67, the set of parameters with the strongest correlation (r = −0.5218, p = 0.0089), is shown in Figure 2K.


Table 5. Correlations between DWI histogram profile parameters and Ki-67 in all investigated gliomas.
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Furthermore, AUC values were calculated for each of the evaluated parameters exhibiting statistically significant differences between grade I and grade II astrocytomas with the following results (CI: confidence interval): ADCmean [AUC = 0.737, (CI: 0.502–0.972), p = 0.067], ADCmax [AUC = 0.895, (CI: 0.768–1.000), p = 0.0024], ADCp25 [AUC= 0.722, (CI: 0.494–0.949), p = 0.088], ADCp75 [AUC = 0.744, (CI: 0.518–0.970), p = 0.060], ADCp90 [AUC = 0.797, (CI: 0.576–1.000), p = 0.022], ADCmedian [AUC = 0.729, (CI: 0.494–0.965), p = 0.078], ADC SD [AUC = 0.805, (CI: 0.613–0.996), p = 0.019] and Entropy [AUC = 0.752, (CI: 0.559–0.945), p = 0.053]. Figure 3 displays the corresponding ROC of ADCmax, the parameter with the best accuracy. Finally, Youden's Index for ADCmax was calculated to estimate the most promising cut-off value revealing the following result: ADCmax values of 0.002632 and greater indicate grade I astrocytoma (sensitivity: 0.684, specificity: 1.00).
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FIGURE 3. Provides the receiver operating characteristics (ROC) curve of ADCmax, the parameter with the best accuracy in terms of differentiating grade I and grade II gliomas.




DISCUSSION

Despite the revision of the WHO classification of CNS tumors in 2016, which integrated a panel of molecular parameters (2), general histology obtained by light microscopy still remains a major pillar in the glioma grading system. As a consequence, presurgical determination of a tumor's microarchitecture including the identification of potential hot spots, resembling areas of above-average increased proliferation, as targets for biopsy or partial resection is pivotal.

In this regard, our study showed significantly lower values in a variety of the ADC histogram items, more specifically ADCmean, ADCmax, ADCp25, ADCp75, and ADCp90 as well as ADCmedian when comparing grade II with grade I LGG. This finding is in line with earlier reports on the connection between ADC and decreased extracellular space related to increased proliferation and subsequently cellularity (21–24), inherently restricting Brownian motion of extracellular water molecules. As a substantial corroboration, our study confirmed significant differences in Ki-67 expression-based proliferation index when comparing WHO grade I and WHO grade II LGG, varifying higher values in grade II gliomas.

Considering those results, diffusion profiles are valuable tools in addition to anatomic imaging to identify subtle, but biologically distinct tumor compartments in LGG.

Increasing body of evidence suggests the superior value of additionally using the second order histogram dimensions skewness, kurtosis and entropy of the ADC-continuum, for better reflection of tumor heterogeneity and associated tumor-biology (16, 17, 20, 21, 25–32). In this regard, our results show the significant differences of ADC-entropy in grade I vs. grade II LGG, with higher values being associated with higher tumor grade. A comparable relation has been shown in other tumor entities (29). It is indisputable, that higher tumor grades entail increased heterogeneity at the microstructural level, which is accurately reflected by ADC histogram profiles derived from LGG in our analysis.

Low-grade gliomas (LGG) often harbor mutations in one of both genes for IDH. A growing body of evidence indicates that these mutations are at least co-causative for glioma-genesis (33) and therefore represent promising future therapeutic targets. So far, IDH mutation status is a well-established and important prognostic factor in low-grade glioma with better prognosis and survival in case of mutated IDH genes compared to wild-type genes (34–36). The presented ADC histogram analysis elucidates the (so far unreported) potential of ADC entropy to distinguish IDH-mutated and IDH-wild-type LGG. The meaningfulness of this feature cannot be proven by this singular report, but it indicates the potential value of this imaging biomarker and should stimulate further investigations.

A second, equally important molecular property in gliomas bearing great prognostic relevance is the MGMT promotor methylation status. MGMT is a very important DNA repair enzyme. Its expression may be silenced by methylation of its promotor during tumor development, which in turn increases the anti-proliferative effect of alkylating chemotherapeutics. MGMT promotor methylation is associated with an improvement in overall survival (37) in patients suffering from glioblastoma and influences the overall survival of patients with LGG (38). A number of studies investigated the potential of ADC histogram parameters obtained by presurgical MRI for prediction of the MGMT promotor methylation status in glioblastoma, but the results concurrently remain ambiguous (39–43). Also, studies investigating ADC histogram profiling regarding MGMT promotor methylation status in low-grade glioma are completely lacking. Our study shows a significant difference in ADCmin values of LGG with vs. LGG without MGMT promotor methylation. This association is definitely interesting and has the potential to substantiate the importance of histogram profiling for presurgical assessment of individual brain neoplasms, but certainly requires confirmation in a larger cohort.

Finally, significant inverse correlations between Ki-67 expression and ADCmean, ADCmax and the percentiles ADCp10, ADCp75, and ADCp90 were demonstrated. These results are in line with previously published reports on primary CNS lymphomas and meningiomas, proving an inverse correlation between different ADC fractions and Ki-67 expression (25, 29). As discussed above, high Ki-67 expression is a hallmark of increased proliferative activity in neoplastic tissue, naturally resulting in increased cellular density and restricted interstitial diffusion, which is reflected by altered ADC values. In contrast to the first order histogram characteristics, none of the second order characteristics, namely entropy, kurtosis and skewness, showed a significant correlation with Ki-67 expression.

Our study suffers from the following relevant limitations. First of all, it is only a retrospective investigation of a relatively small patient cohort. Furthermore, only data from 1.5-T MRI systems were available, which inevitably leads to lower signal to noise ratios of the MRI data, necessitating acquisition of MRI pictures with smaller pixel matrix and therefore reduced spatial information compared to examinations with a higher field strength. Finally, ADC was calculated by using only 2 b values (0 and 1,000 s/mm2) and small vessel perfusion could therefore have an impact on ADC values in our patient collective.



CONCLUSION

ADC histogram profiling of LGG provides first and second order characteristics allows to draw inferences about the proliferative activity of the lesion at hand and facilitates differentiation of grade I from grade II neoplasms, which may be important for risk stratification especially in cases of extended tumor infiltration or tumors in eloquent brain areas associated with high perioperative morbidity. Furthermore, our results indicate that ADC histogram profiling enables to draw conclusions about the prognostic relevant IDH mutation status and MGMT promotor methylation status in LGG. As a consequence, inclusion of ADC histogram profiling for presurgical definition of morphologically inapparent, tumor-evolutional significant compartmentation is recommended to increase the accuracy of diagnosis and prognosis and to help the treating physician to identify the most appropriate treatment strategy.
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Purpose: The majority of patients with low-grade gliomas (LGGs) experience tumor-related epilepsy during the disease course. Our study aimed to build a radiomic prediction model for LGG-related epilepsy type based on magnetic resonance imaging (MRI) data.

Methods: A total of 205 cases with LGG-related epilepsy were enrolled in the retrospective study and divided into training and validation cohorts (1:1) according to their surgery time. Seven hundred thirty-four radiomic features were extracted from T2-weighted imaging, including six location features. Pearson correlation coefficient, univariate area under curve (AUC) analysis, and least absolute shrinkage and selection operator regression were adopted to select the most relevant features for the epilepsy type to build a radiomic signature. Furthermore, a novel radiomic nomogram was developed for clinical application using the radiomic signature and clinical variables from all patients.

Results: Four MRI-based features were selected from the 734 radiomic features, including one location feature. Good discriminative performances were achieved in both training (AUC = 0.859, 95% CI = 0.787–0.932) and validation cohorts (AUC = 0.839, 95% CI = 0.761–0.917) for the type of epilepsy. The accuracies were 80.4 and 80.6%, respectively. The radiomic nomogram also allowed for a high degree of discrimination. All models presented favorable calibration curves and decision curve analyses.

Conclusion: Our results suggested that the MRI-based radiomic analysis may predict the type of LGG-related epilepsy to enable individualized therapy for patients with LGG-related epilepsy.

Keywords: epilepsy type, low-grade gliomas, machine learning, radiomics, T2-weighted imaging


INTRODUCTION

World Health Organization (WHO) grade II or low-grade glioma (LGG) (1) accounts for the majority of primary brain tumors in young adults (2, 3). The majority of patients with LGG experiences tumor-related epilepsy (4, 5) that impacts their quality of life and may contribute to long-term disability (6–8). Broadly, the type of epilepsy can be generalized or focal based on its presentation (9) and require different methods of treatment. Generalized epilepsy occurs more frequently, is more severe, and requires a relatively higher dose of antiepileptic therapy with the potential for increased side effects, compared to focal epilepsy. An accurate prediction of epilepsy type that occurs in patients with brain tumors could allow customization of antiepileptic therapy.

Radiomics is a research branch in the field of medical imaging (10). Based on the rapid development of machine learning and image processing techniques, radiomic analyses have been successfully applied in the field of oncology (11–16), including glioma (17). Magnetic resonance imaging (MRI) is a routinely used diagnostic tool for glioma management. A lot of tumor information that is not recognized by human eye remains unmined (12). Radiomics can extract high-dimensional radiomic features from medical images to fully exploit the in-depth information of tumors (18). Based on T2-weighted imaging (T2WI), Liu et al. successfully predicted the occurrence of LGG-associated epilepsy by radiomic analysis (19). However, the prediction of the type of epilepsy remains to be determined.

The current study conducted a radiomic analysis to explore the relationship between quantitative radiomic features and the type of tumor-related epilepsy in patients with LGG. Precise radiomic prediction models for epilepsy type could be established and further validated using the screened features.



METHODS


Patients

In this retrospective study, we consecutively enrolled a total of 205 patients with LGG who underwent surgery at the Beijing Tiantan Hospital from September 2012 to December 2014. The inclusion criteria of all enrolled cases were (a) pathologically confirmed grade II gliomas according to WHO criteria 2016 (20) and (b) presurgical T2-weighted imaging. The exclusion criteria of all enrolled cases were no craniotomy or stereotactic biopsy before MRI scan. The enrolled cases were allocated to either the training or the validation cohort according to the surgery time with a 1:1 ratio, i.e., the first 102 cases enrolled formed the training cohort, and the other 103 cases formed the validation cohort. Data on routine clinical variables were collected, including age, gender, tumor pathology, and epilepsy type. The present study further utilized clinical and MRI data from all enrolled cases. The ethics committee of Beijing Tiantan Hospital approved this study, and the requirement for informed consent was waived. Our study was conducted in accordance with the Declaration of Helsinki. The study design is illustrated in Figure 1.


[image: Figure 1]
FIGURE 1. Study design and flowchart. The flowchart of the current study.


Patients were considered to have experienced tumor-related epilepsy when a history of at least one seizure with the presence of an enduring alteration (i.e., LGG) in the brain (21) was reported. The history and type (generalized and focal) of epilepsy were evaluated by an epileptologist based on the patient's presentation according to the classification and terminology of the International League Against Epilepsy (9, 22). The epilepsy type was determined consistently for all the enrolled patients with a history of epilepsy based on the aforementioned criteria.



Brain MRI and Tumor Segmentation

All MRI examinations were performed using a Magnetom Trio 3.0 T scanner (Siemens, Erlangen, Germany) with a 12-channel receive-only head coil scan acquisition. The T2WI parameters were as follows: repetition time (TR), 5,800 ms; echo time (TE), 110 ms; flip angle, 150°; the field of view (FOV), 240 × 188 mm2; voxel size, 0.6 × 0.6 × 5.0 mm3; and matrix, 384 × 300. The MRI data were stored in DICOM format.

Regions of interest (ROIs) of the gliomas were drawn by two neuroradiologists with more than 5 years of clinical experience with ITK-snap (www.itksnap.org). The neuroradiologists were blinded to each other's results. Gliomas were segmented on each MRI slice. We defined ROIs of the LGGs as areas of the MRI images that exhibited abnormal hyperintense signals. The intraclass correlation coefficient (ICC) was used to assess whether the segmentation results of the two doctors were significantly different. No difference was defined as ICC >0.8. In the absence of a difference, each patient would obtain a segmentation result from one of the two neuroradiologists randomly.



Extraction of Quantitative Radiomic Features

A total of 734 radiomic features were extracted based on the research of Liu et al. (19) and Li et al. (23, 24), including 6 location features, 17 first order statistics (FOS) features, 8 shape and size features, 26 gray-level co-occurrence matrix (GLCM) features, 16 gray-level run-length matrix (GLRLM) features, 16 gray-level size zone matrix (GLSZM) features, 5 neighborhood gray-tone difference matrix (NGTDM) features, and 640 wavelet features.

The location features were extracted based on our previous research (19) using (a) polar coordinates parameters (r, θ, and Φ) based on the centroid of the tumor, and (b) City Block distance, (c) Chebyshev distance, and (d) Euclidean distance from the anterior commissure (AC) to the centroid of the tumor. The FOS features reflected the distribution of voxel values within the ROI 3D matrix and the overall information of the tumor. The shape and size features reflected the volume, surface area, and shape of the tumor. GLCM, GLRLM, GLSZM, and NGTDM were collectively referred to as texture features. The GLCM reflected the arrangement of voxels. The GLRLM reflected the arrangement of voxels with equal voxel values. The GLSZM reflected the characteristics of the homogeneous region. The NGTDM reflected the difference between each voxel in the ROI and the adjacent voxels. The wavelet features were calculated by FOS, GLCM, GLRLM, GLSZM, and NGTDM features through Coiflet 1 3D wavelet transform. The detailed information and formulas for the detection of the 734 features were published in our previous researches (19, 24).



Feature Selection and Radiomic Signature Building

The 734 radiomic features were normalized before feature selection using the z-score method. A univariate analysis was used to screen the radiomic features. The criteria for screening features include (a) p-values of Pearson correlation coefficient <0.05 and (b) area under curve (AUC) of the radiomic features >0.6. Least absolute shrinkage and selection operator (LASSO) regression was widely used to compress the coefficients of features and select features to prevent overfitting. Logistic regression was used for data classification to build a reliable prediction model. Thereafter, LASSO and logistic regression were used to calculate the radiomic signature for epilepsy-type prediction using Glmnet package (25). Features dimension reduction and selection, i.e., univariate analyses and LASSO regression, were based on the training cohort. The optimal value of the LASSO's parameter λ was determined by leave-one-out cross-validation (LOOCV) using classification error as criterion during the training phase. We calculated the radiomic signature for the patients after determining the selected features' values using the optimal value of the LASSO's parameter λ. Radiomic signature was the linear weighting of the selected features' coefficients. Radiomic analyses of the study were implemented by MATLAB R2016a (MathWorks, Natick, MA).



Development of an Individualized Prediction Model

Based on cohort of all patients, a multivariable logistic regression analysis was built to predict epilepsy type with clinical information, using the radiomic signature, age, gender, and tumor pathology. Akaike's information criterion was used to select the indicator with the predictive ability for building the multivariable logistic regression model (26, 27). With this radiomics-based model, we also built a novel radiomic nomogram for quantitative prediction of the epilepsy type (28).



Performance Evaluation of the Models

The classification performance of the radiomic signature and radiomic nomogram was assessed by the receiver operating characteristic (ROC) curves and AUCs in each cohort. Calibration curves were plotted to assess the calibration of the radiomic signature and radiomic nomogram (29), accompanied by the Hosmer–Lemeshow test (30). Decision curve analyses (DCAs) determined the clinical usefulness of the radiomic signature and radiomic nomogram by quantifying the net benefits at different threshold probabilities in cohort of all patients (31).



Statistical Analysis

Age and radiomic signature were reported as median and range. The differences between subgroups were assessed by independent samples t-test. Gender and histopathology were reported in frequencies and proportions, and differences between subgroups were assessed by Fisher's exact test. The statistical tests were two sided, and p < 0.05 were defined as significant. Nomogram building and models' validation were implemented with R software (version 3.6.1, Vienna, Austria).




RESULTS


Demographic and Clinical Data

The main clinical and pathological characteristics of all 205 patients are listed in Table 1. Of the 205 enrolled patients, 139 (67.8%) had generalized and 66 (32.2%) had focal seizures. Those with generalized epilepsy accounted for 72 (70.6%) and 67 (65.0%) patients, while those with focal epilepsy accounted for 30 (29.4%) and 36 (35.0%) patients in the training and validation cohorts, respectively. There were no significant differences between the two epilepsy types based on age, gender, and tumor histopathology in cohort of all patients, training cohort, and validation cohort. However, radiomic signature was significantly different between the two epilepsy types (p < 0.001) and hence a potential indicator for diagnosing the types of epilepsy.


Table 1. Clinical characteristic of patients in the training and validation cohorts.
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Performance of Radiomic Signature

Based on the training cohort, a logistic regression prediction model was constructed by integrating the four key radiomic features selected using the univariate analyses and LASSO regression (Table 2). The parameter λ = 0.067 was used as the optimal value. The radiomic signature for each patient in both cohorts was calculated with the train-based model. The predictive ability of the radiomic signature was interpreted from the ROC curve (Figure 2A), where it achieved a performance with classification accuracy = 80.4%, AUC = 0.859 [95% confidence interval (CI), 0.787–0.932] in the training cohort and classification accuracy = 80.6%, AUC = 0.839 (95% CI, 0.761–0.917) in the validation cohort. The radiomic signature demonstrated favorable calibration in the training and validation cohorts (Figure 2B). The p-values of the Hosmer–Lemeshow test for classification predictive ability of the radiomic signature were 0.12 and 0.10, respectively. The DCA showed that using radiomic signature to predict epilepsy type adds more benefit than either the treat-all-patients scheme or the treat-none scheme (Figure 2C).


Table 2. Four radiomic features selected by LASSO regression.
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FIGURE 2. Receiver operating characteristic (ROC) curves, calibration curves, and decision curve analyses of models. (A) ROC curves and (B) calibration curves of the radiomic signature in training and validation cohorts. (C) Decision curve analysis of the radiomic signature. (D) ROC curve and (E) calibration curve of the radiomic nomogram in all patients' cohort. (F) Decision curve analysis of the radiomic nomogram.




Performance of Radiomic Nomogram

Radiomic nomogram for epilepsy type prediction was developed based on the radiomic signature, age, and tumor pathology data (Figure 3). It showed excellent performance in predicting epilepsy type with AUC = 0.863 (95% CI, 0.810–0.916) in cohort of all patients (Figure 2D). The calibration curve and DCA of the radiomic nomogram for the epilepsy type prediction also demonstrated favorable results (Figures 2E,F). The p-value of the Hosmer–Lemeshow test was 0.11.


[image: Figure 3]
FIGURE 3. Radiomic nomogram for prediction of epilepsy type. The radiomic-based nomogram was built using radiomics signature, age, and tumor pathology data.





DISCUSSION

This study develops and presents a quantitative and individualized epilepsy type radiomic prediction model using a series of radiomic T2-weighted imaging features associated with the type of LGG-related epilepsy. The results demonstrate that the MRI-based radiomic model could successfully stratify patients according to their epilepsy type. This easy-to-use nomogram may be a powerful clinical tool for assisting clinicians with personalized therapeutic decisions.

Treatment based on the type of LGG-related epilepsy allows for a more targeted use of antiepileptic drugs, thus minimizing therapy-related side effects in patients with LGG. However, determining the epilepsy type based on its clinical presentation imposes an apparent lag. Thus, there is a need for a clinical model capable of predicting epilepsy type before treatment initiation. In this study, a newly developed radiomic signature and radiomic nomogram predict the epilepsy type for each patient in the study. Thus, patients identified as either generalized or focal epilepsy are subjected to appropriate therapies. Therefore, the radiomic signature and radiomic nomogram provided clinicians with a reliable tool for better prediction of LGG-related epilepsy type.

For the better prediction of epilepsy type, a large number of high-throughput radiomic features that were widely used in previous radiomics studies (18) were also extracted in this study, including location features designed for brain tumor studies by Liu et al. (19). Specifically, we extracted many high-dimensional features that are intuitively challenging to be recognized by humans. Radiomic features provide abundant information on the heterogeneity and microenvironments of gliomas (32), including reliable information for its personalized treatment (33). The use of radiomics-based research in the field of oncology has indisputably impacted the survival outcomes (34, 35), lymph node metastasis (36), and treatment responses (37–39).

Furthermore, based on the quantitative MRI features, radiomic analyses have the ability to assess the clinical characteristics and molecular background of gliomas (40, 41). Therefore, this study further suggests the associations of these radiomics-based MRI features with the type of LGG-related epilepsy.

Tumor location is an influential factor associated with LGG-related epilepsy. Several MRI-based studies indicate the association between the involvement of eloquent (42), cortical (45), and insular regions (43) with epilepsy occurrence, along with the probabilistic risk atlas of LGG-related epilepsy (44). However, there is a need to investigate and predict the type of epilepsy. Furthermore, previous studies not only used the location information as categorized data but also ignored the imaging information inside the tumor area. Since various subregions of a brain lobe may differently influence the occurrence of epilepsy type, we used a quantitative description of tumor location for brain tumors. The distances from the AC to the centroid and the polar coordinates based on centroid of the tumor accurately described tumor location. These location features provide more detailed information for the radiomic prediction models in the current study.

LASSO and logistic regression are widely accepted algorithms in the field of machine learning. In this study, the 734 features extracted could cause overfitting when building the radiomic prediction model, which makes the model lose its generalization ability. Therefore, we performed feature dimension reduction and selection to detect the key features most closely related to the type of epilepsy to improve the discriminative power in the present model. The LASSO regression was used to achieve the best performance in predicting the type of LGG-related epilepsy. With features associated with epilepsy type, a prediction model was constructed using logistic regression. As a sensitive and stable machine learning method for dichotomous forecast, logistic regression has been widely used in feature-based classification. In the current study, the application of LASSO and logistic regression raises the predictive capability of the established model and consequently provided relatively high discrimination accuracies and AUCs.

There are some limitations to the present study. First, the diagnoses provided by experienced epileptologists was based on clinical presentations, and patient's epilepsy originations were unconfirmed because the stereotactic electroencephalographic data were incomplete. Second, the divergence of tumor histopathology in causing various types of epilepsy was not quantitatively assessed by the radiomic model in this study. Third, a multicenter, prospective clinical trial is required to address the limitation caused by small samples. Fourth, the interpretability of radiomic features has always been an intractable task in the study of radiomics.



CONCLUSIONS

Radiomic location features and wavelet-based textural features are associated with the type of LGG-related epilepsy. Radiomics-based prediction models allow for non-invasive, preoperative, and low-cost prediction of epilepsy type. The results of this study suggest that radiomics could be a reliable tool for personalized treatment in patients with LGG-related epilepsy.
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MRI in combination with genomic markers are critical in the management of gliomas. Radiomics and radiogenomics analysis facilitate the quantitative assessment of tumor properties which can be used to model both molecular subtype and predict disease progression. In this work, we report on the Drosophila gene capicua (CIC) mutation biomarker effects alongside radiomics features on the predictive ability of CIC mutation status in lower-grade gliomas (LGG). Genomic data of lower grade glioma (LGG) patients from The Cancer Genome Atlas (TCGA) (n = 509) and corresponding MR images from TCIA (n = 120) were utilized. Following tumor segmentation, radiomics features were extracted from T1, T2, T2 Flair, and T1 contrast enhanced (CE) images. Lasso feature reduction was used to obtain the most important MR image features and then logistic regression used to predict CIC mutation status. In our study, CIC mutation rarely occurred in Astrocytoma but has a high probability of occurrence in Oligodendroglioma. The presence of CIC mutation was found to be associated with better survival of glioma patients (p < 1e−4, HR: 0.2445), even with co-occurrence of IDH mutation and 1p/19q co-deletion (p = 0.0362, HR: 0.3674). An eleven-feature model achieved glioma prediction accuracy of 94.2% (95% CI, 94.03–94.38%), a six-feature model achieved oligodendroglioma prediction accuracy of 92.3% (95% CI, 91.70–92.92%). MR imaging and its derived image of gliomas with CIC mutation appears more complex and non-uniform but are associated with lower malignancy. Our study identified CIC as a potential prognostic factor in glioma which has close associations with survival. MRI radiomic features could predict CIC mutation, and reflect less malignant manifestations such as milder necrosis and larger tumor volume in MRI and its derived images that could help clinical judgment.

Keywords: glioma, radiomics, MRI, CIC, prediction


INTRODUCTION

Glioma is the most common primary tumor in the adult central nervous system (CNS). High-grade gliomas (grade IV) have poor median survival [~14 months (1)] compared with grade II and III (2). In 2016, the World Health Organization (3) updated its glioma classification scheme to incorporate genomic information including IDH (Isocitrate dehydrogenase) mutation and 1p/19q codeletion (4). In addition to facilitating the diagnosis of gliomas, genomic information is also used in guiding the extent of surgical tumor resection and therapeutic strategy. In patients with IDH mutation, gross total resection (GTR) has been found to result in longer survival times compared to non-GTR (5, 6). Although confirming the genetic status of glioma is instructive for surgery and post-surgical treatment, it is still subject to methodological limitations. Neurosurgical biopsies during craniotomy are the current standard used to obtain genomic information about glioma. However, a single biopsy is unlikely to represent the full set of mutations present in the cancer due to high tumor genomic and histological heterogeneity (7–9). Therefore, there is a need to develop a method that can reflect the global characteristics of gliomas which is robust to regional variation and provides clinically actionable conclusions.

The homolog of the Drosophila gene capicua (CIC) gene is a member of the high mobility group (HMG)-box superfamily of transcriptional repressors on chromosome 19q. The role of CIC mutations in human disease is still unclear. It has been reported that CIC mutation promotes glioma cell proliferation, differentiation, and aggression and results in a poor outcome (10–12). However, Jiao et al. (13) found that patients with IDH mutations combined with either 1p19q loss, FUBP1 mutations, or CIC mutations will have longer overall survival than patients with IDH mutations combined with ATRX mutation. However, because CIC mutation is closely related to IDH mutation and 1p/19q co-deletion, whether CIC mutation is an independent prognostic factor remains to be clarified. In addition, CIC mutation tends to occur in oligodendroglioma but not in the astrocytoma (14, 15). But associated studies are mainly based on the 2007 WHO classification; whether these findings will remain when employing the latest 2016 WHO classification still needs to be explored.

Because of the heterogeneity of gliomas, genomic and histological data obtained from biopsies can fail at representing the entire glioma heterogeneity. Magnetic resonance imaging (MRI) provides a possibility to break this limitation, since information about the entire glioma can be obtained. VASARI (Visually AcceSAble Rembrandt Images) MRI features (16) and radiomics features (17) are two common methods to extract features from MR images. Radiomics is a process that converts digital medical images into mineable high-dimension data (18). It provides high-dimensional quantitative information and comprehensive information regarding tumor heterogeneity (18) that may fail to be appreciated by the naked eye of radiologists. Radiogenomics is an emerging field that explores the associations between radiomics and genomics (19). IDH mutation and 1p/19q codeletion have been predicted accurately by radiomics features (20–23), but there has been no reports using radiomics features to predict CIC mutation. Another obstacle of radiomics features is that they are difficult to understand and cannot be related to tumor physiological changes (24).

In this study we aim to identify the value of CIC mutations in gliomas by analyzing the relationship between CIC mutations and the clinical characteristics, key molecular markers, and patient survival. Then, by extracting radiomics features from lower-grade glioma MRI, a robust CIC mutation prediction model is established. The relationship between key features and glioma structural changes in MRI is analyzed to explore the possible physiological changes of gliomas behind structural changes.



MATERIALS AND METHODS


Data Sources

A total of 516 lower-grade glioma (LGG) patients' genomic data and clinical data were downloaded from the TCGA data portal [https://portal.gdc.cancer.gov/]. Among these 516 TCGA patients, 199 patients have MR images stored in the Cancer Imaging Archive (TCIA) (25). Additional genomic and clinical metadata of TCGA was obtained through cBioPortal (26, 27). In addition, the genomics dataset of glioblastoma was also obtained from cBioPortal. All TCGA related data were previously anonymized and are publicly available.



Genomics Data

All genomic data were downloaded from the TCGA dataset. Single nucleotide polymorphism (SNP) data was used to identify gene mutations, including CIC and IDH. Missense, frameshift, and nonsense mutations were included in the definition. Copy number variation (CNV) data was used to identify 1p/19q co-deletion status. A segment mean value < −0.2 was considered as deletion in the corresponding region (28). Because TCGA CNV probes didn't cover the whole chromosome, 1p/19q codeletion status was derived using copy number data as shown in (29).



Histological Type

There are two different WHO CNS tumor classifications, namely from 2007 and 2016. The 2007 classification used in the TCGA defines the histological types as Astrocytoma, Oligodendroglioma, and Oligoastrocytoma. The 2016 classification incorporated molecular biomarkers in their classification scheme, mainly IDH mutation and 1p/19q co-deletion. Oligodendroglioma is defined as Glioma with IDH mutation and 1p/19q co-deletion, and Diffuse Astrocytoma is defined as glioma with IDH mutation but without 1p/19q co-deletion or IDH wild-type (3) (Figure S1).



Image Pre-processing

Quality control (QC) was done manually by reviewing images on a local instance of the Digital Slide Archive (DSA) (30), which allows the rapid review of DICOM files. MRIcron (31) was then used to convert all images from DICOM format to NIFTI format for subsequent analysis.



Image Masking

The FSL image viewer (FSLeyes 0.10.1) (32) was used to draw regions of interest (ROIs) slice-by-slice. A total of 120 T1-weighted (T1W), T1 contrast-enhanced (T1CE), and T2-weighted (T2W) image ROI masks, and FLAIR image ROI masks were generated. All radiomic features were extracted using the T1W image ROI mask.



Image Processing Pipeline

The image processing pipeline is illustrated in (Figure 1). First, we used the FSL Brain Extraction Tool (BET) to remove the skull, eyes, and other non-brain tissue within T1W images (33). We found that the quality of lower-grade glioma images from the TCIA is variable, oftentimes resulting in poor brain extraction using BET. To address this limitation, we manually corrected the BET extraction results to be consistent between images. This approach allowed us to obtain good quality brain tissue masks while speeding up the process in comparison to completely manual brain mask delineation. We used the T1W brain region as a mask to get T1CE, T2, and FLAIR images' brain tissue after we registered T1CE, T2W, and FLAIR to T1W images. FSL FLIRT was used for image registration. In order to make all patients' images comparable, we registered all images and masks to the 1 mm MNI152 atlas. Registered images were bias corrected by FSL FAST. White-stripe normalization (34) was conducted to normalize image intensities.


[image: Figure 1]
FIGURE 1. MRI preprocessing pipeline.




Feature Extraction

Radiomics features were extracted using the Python package PyRadiomics V2.0.0 (35). PyRadiomics can perform various transformations on the original input image prior to extracting features. The transformations we used include: Original, Wavelet, Square, Square Root, Logarithm, Exponential, Gradient, Local Binary Pattern 2D (2D-LBP), and Local Binary Pattern 3D (3D-LBP). After image transformations, 105 radiomics features can be extracted from each transformed image using PyRadiomics, these features are summarized in Table S1. In 3D-LBP images, a rotational invariant operator using spherical harmonics was utilized. Three different radii for the spherical harmonics were used, with radius similar to those used in 2D-LBP images, resulting in three different 3D-LBP images. The information stored in the transformed images of different radii in 3D-LBP is different. In wavelet transformed images, each dimension in the 3D image was divided into high frequency components (H) and low frequency components (L). Combining the H and L of three different dimensions of the 3D image can produce eight different combinations: LLL, LLH, LHL, LHH, HLH, HHL, HLL, HHH.



Feature Selection

LassoCV in the scikit-learn Python package was used for radiomics feature selection (36). It combines cross-validation (CV) and Lasso regression. The advantage of LassoCV is that it does not need to manually set regularization coefficient (λ). It can try the default series of λ through CV iteration, and then automatically select the best model (Figure S2). In LassoCV, to avoid selection bias due to the low proportion of CIC mutations, we used stratified sampling. Both 10-fold CV and 5-fold CV are common (37) but limited by the number of CIC mutation samples, the variance of the 10-fold CV will be great (38), so we choose 5-fold CV. “StratifiedKFold” in the scikit-learn Python package was used. Before the CV splitter splits the samples, all samples are shuffled.

Because of 5-fold CV and data shuffle, only 80% of the total samples were used to train the Lasso model, and these samples should be different each time the Lasso model is built (Figure S2). In addition, for some highly relevant features, Lasso will randomly select one and exclude the others. This results in the features selected by LassoCV not being the same every time. But the probability of important features being selected is always large, so we repeated LassoCV 100 times (Figure S3). The selected features and its coefficient each time were recorded. The features whose sum of the coefficients unequal to zero are included. Features are sorted according to the number of times selected, and the top [image: image] (n: sample size) (39) features are selected, so, 11([image: image]) and 6([image: image]) radiomics features were used to predict the CIC mutation in glioma and oligodendroglioma, respectively.

In order to detect the collinearity between the radiomics features, we performed a Pearson product moment correlation coefficient analysis between the radiomics features, then clustered the correlation coefficients between the features, and then used the clustermap to visualize.



Texture-Based CIC Prediction

A logistic regression model, defined by the function below, was created in Python utilizing the SciKit-Learn package:

[image: image]

In the model, hθ(χ) is the estimated probability of CIC mutation status. CIC mutation presence is defined as one, and absence is defined as zero. z represents ordinary linear regression:

[image: image]

z is the dependent variable. n represents the number of features. (χ1,χ2,χ3...χn) is independent variables. (θ1,θ2,θ3...θn) is features' partial regression coefficient. θ0is the intercept of the linear model.

Because the CIC mutation in our dataset is unbalanced, the weight of two classes are corrected by: n_samples / [n_classes * n_label (CIC mutant or CIC wild-type)]. All features were z-scored before being placed in the model. Because the unit differences between features are eliminated, the coefficients of each feature in the prediction model represent the importance of the feature in the model.



Statistics

Univariate Cox regression was used to find associations between gene mutation and survival. To analyze the classification, clinical characteristics, and other known molecular markers of gliomas and the relationship between CIC mutations, we used the two-sided Chi-square test. To analyze the prognostic value of CIC mutations as molecular markers, we used Log-rank test, Kaplan-Meier survival analysis, and multivariate COX regression analysis. We used the Log-rank test to analyze the relationship between IDH mutation, 1p/19q co-deletion and CIC mutation and overall survival, and Kaplan-Meier survival analysis curve to visualize. To identify whether the CIC mutation is an independent prognostic factor, multivariate Cox tests were used, including age, gender, grade, histological type, IDH mutation, 1p/19q codeletion, and FUBP1 mutation as covariates. The differences were considered significant if the p-value was < 0.05. The image dataset was stratified random sampling into training and testing sets (80% train, 20% test). Training set was used to train the logistic model and the test set was used to test model performance. Because of the stratified random split of the dataset, there will be differences between the training set and the test set each time, resulting in different trained logistic regression models and prediction results, so we repeat the above process 1,000 times (Figure S4). Then we will obtain 1,000 logistic regression models trained by different training sets and the corresponding prediction results. So we sum coefficients of each feature of these 1,000 models as the importance of features. The mean AUC, prediction accuracy, sensitivity, and specificity of model were calculated for the testing set. Receiver operating characteristic (ROC) curve and Precision-recall (PR) curve analysis was conducted to evaluate the models. The coordinate points of the ROC curve and PR curve of 1,000 prediction models are averaged to obtain the average ROC curve and PR curve. The optimal cutoff value in the ROC curve and PR curve is the coordinate point closest to the upper left corner (0,1.0) and the upper right corner (1.0,1.0), respectively (40).



Image Analysis

In order to evaluate the importance of radiomics features and its correlation with CIC mutations, we used the Mann-Whitney U-test to test features in the logistic model. U-test was performed on the features value of CIC mutation and wild-type samples. Significance was defined as p < 0.05. The radiomics features that are significant in U-test and ranked in top 1/3 by importance were used for further analysis. So 3 (11/3) radiomics features from the CIC mutation prediction model in glioma and 2 (6/3) radiomics features from the CIC mutation prediction model in oligodendroglioma will be selected. Images corresponding to the maximum and minimum values of the most significant features were selected. Because some radiomics features were extracted from transformed image, for these features, we show the transformed image but not the original input image. The probability estimates of each sample in the test set results of above mentioned 1,000 logistic regression models are summed, and then the average probability estimates of each sample are obtained. The samples with the largest and smallest average probability estimates are selected. The original T1W, T1CE, T2, and FLAIR images but not transformed images of these two samples were shown. Because the radiomics feature represents the information of the entire glioma, but the 3D image is not conducive to display, so we choose the one with the largest ROI area in the transverse plane slice to represent the entire glioma.




RESULTS


Data Summary

Of the lower-grade gliomas cases downloaded from TCGA, 509 cases had CNV data, SNP data, and clinical data. This 509 cohort was used as our genomics dataset. One hundred ninety-nine MRI cases were downloaded from TCIA, 78 of which were removed due to the lack of at least one of T1W, T1CE, T2W, and FLAIR MRI, and one sample was removed due to the lack of corresponding genomic data in TCGA. A total of 120 cases remained and was used as the image dataset (Figure 2, Table S2). The two cohorts used in this work (TCGA LGG cohort and TCIA imaging cohort) did not differ significantly, with the exception of patient age (42.9 vs. 45.9; p = 0.0356) (Table S2).


[image: Figure 2]
FIGURE 2. Data screening process.




Identification of Mutation Frequency in the LGG Cohort

The cBioPortal was used to obtain information on multiple glioblastoma databases. Through the glioblastoma dataset in cBioPortal, we found that the incidence of CIC mutations in glioblastoma is low (0.3%). Our genomic dataset had a higher incidence of CIC mutations (22.8%), similar to the incidence of CIC mutations found in the imaging dataset (18.3%) (Figure S5). SNP was downloaded from the TCGA data portal for LGG patients, which identifies 14,014 unique SNPs. Among these, only 15 occurred in > 5% of patients (25 of 509 total patients) (Figure 3A). Six of these SNPs were significantly associated with overall patient survival. Among these six, EGFR (HR: 5.04, 95%CI: 3.16–8.02), NF1 (HR: 2.84, 95%CI: 1.64–4.91), and FLG (HR: 2.07, 95% CI: 1.13–3.78) mutation were associated with poor survival. IDH (HR: 0.17, 95% CI: 0.12–0.24), CIC (HR: 0.30, 95% CI: 0.17–0.55), and ARID1A (HR: 0.11, 95% CI: 0.02–0.80) mutation were found to improve survival (Figure 3B). We focused on genes that were present in at least 5% or more LGG cases for the genomic dataset. But on the imaging dataset, since the number of samples is smaller, we looked for genes present in at least 10% of the cases. Similarly, we also adjusted the p-value of survival regression to 0.1. In the imaging dataset, there are a total of seven gene mutations with an incidence rate >10%, namely IDH, TP53, ATRX, CIC, FUBP1, TTN, and PIK3CA mutation (Figure 3C). However, when considering only the samples in the imaging dataset, only IDH mutations (p = 0.0023, HR = 0.3166) and CIC mutations (p = 0.0831, HR = 0.3387) were significantly associated with survival (Figure 3D). Since IDH mutation has been the focus of previous studies (20, 41, 42), with high accuracy prediction results reported, we chose to focus on CIC mutation for our analysis. In conclusion, CIC mutation is the only molecular marker other than IDH mutation that satisfies the sufficiently large incidence, prognostic value, and conditions of radiomics prediction.


[image: Figure 3]
FIGURE 3. CIC mutation has a high occurrence rate and association with survival in LGG. (A) CIC mutation rate in gliomas. GBM, GBM dataset from cBioPortal (TCGA Cell 2103); LGG (509), TCGA LGG dataset; LGG (120), from TCIA. (B) Gene mutations in the TCGA dataset (n = 509), 15 gene mutation rates are >5%. (C) Gene mutations in the TCIA image dataset (n = 120), 12 gene mutation rates are >5%. (D) Multivariate Cox regression result of gene mutations in the genomic dataset, age was included as covariate. Only seven gene mutations are significant.




Association Between CIC Mutations and Clinical Data

We analyzed the association between CIC mutations and clinical data in the genomics dataset. CIC mutations have close association with age, the probability of patients 50 years or older having CIC mutations is significantly greater than those <50 years old (p = 0.0140). The probability of grade 2 patients having CIC mutation is significantly greater than grade 3 patients (p = 0.0236). CIC mutation also have close association with the glioma location (p = 0.003967), the probability of CIC mutations in the temporal lobe is significantly lower than that in the frontal lobe (p = 0.0009) and the temporal lobe (p = 0.0792), but there is no significant difference between the frontal lobe and parietal lobe (p = 0.6411). CIC mutations are also related to clinical symptoms, the probability of samples without headache having CIC mutations is significantly greater than the probability of samples with headache (p = 0.0119), and there is a possible trend that the probability of CIC mutation in samples without visual change is greater than samples with visual changes (p = 0.0646), there is also a strong tendency that the probability of CIC mutation in samples without sensory change is greater than samples with sensory change (p = 0.0563) (Table 1).


Table 1. Associations between CIC mutation presence and clinical characteristics.

[image: Table 1]

The TCGA classification for the glioma cohort is given using the 2007 WHO classification criteria. We reclassified all cases in our cohorts using the 2016 WHO classification criteria. CIC mutation was found in 65.9% of oligodendrogliomas and 2.32% of diffuse astrocytoma. The probability of CIC mutation occurring in oligodendroglioma is significantly greater than that in diffuse astrocytoma (p <1e−4) (Figure 4A, Table S3).


[image: Figure 4]
FIGURE 4. CIC mutation rate is unequal in different glioma classifications and genotypes. (A) CIC mutation in two different WHO CNS tumor classifications. (B) CIC mutation in different genotype glioma. IDH+, IDH mutation; 1p/19q+, 1p/19q codeletion; 1p/19q-, 1p/19q intact. The value above the bar is the ratio of CIC mutation. Chi-square test, ****P < 0.0001.




Associations Between CIC Mutation and Genomic Data

We analyzed the association between CIC mutations and genomic data in the genomics dataset. CIC mutations are also closely related to some important molecular markers. IDH wild-type and CIC mutation is mutually exclusive. IDH mutation is found in nearly all patients with CIC mutation (99.1%) but only 1.1% IDH wild-type patients have CIC mutation. Similarly, almost all patients with CIC mutations have 1p/19q co-deletion (93.1%) but the proportion of CIC mutations in 1p/19q intact patients was only 2.32%, the probability of CIC mutations in 1p/19q co-deletion samples was significantly greater than 1p/19q intact samples (p < 1e−4). 78% of FUBP1 mutation patients had CIC mutation but the proportion of CIC mutations in FUBP1 wild-type patients was only 16.78%, the probability of CIC mutation in FUBP1 mutant samples is significantly greater than that of FUBP1 wild-type samples (p < 1e−4). Among the patients with CIC mutation, 93.1% had IDH mutation combined with 1p/19q co-deletion. 68.35% patients with IDH mutation combined with 1p/19q co-deletion had CIC mutation, but 2.28% other patients had CIC mutations. Patients with IDH mutation combined with 1p/19q co-deletion had a significantly higher probability of having CIC mutations than other samples (p < 1e−4) (Figure 4B, Table S3).



Associations Between Overall Survival and CIC Mutation

In genomic dataset, IDH mutation patients have longer overall survival (OS) than IDH wild-type patients (p < 1e−4, Median OS (days): 2,907 vs. 648) (Figure 5A), CIC mutation patients have longer OS than CIC wild-type patients (p < 1e−4, Median OS (days): 4,445 vs. 1,933) (Figure 5B), 1p/19q codeletion patients have longer OS than 1p/19q intact patients (p = 1e−4, Median OS (days): 4,084 vs. 2,000) (Figure 5C, Table 2). Patients with IDH mutation combined CIC mutation have longer OS than those with IDH mutation only (p = 0.035, Median OS (days): 4,084 vs. 2,660) (Figure 5D), and there is also no significant difference between 1p/19q co-deletion patients with and without CIC mutation in our study (p = 0.3) (Figure 5E). Multivariate cox analysis including age, gender, grade, histological type, IDH mutation, 1p/19q codeletion and CIC mutation showed that IDH mutation and CIC mutation are both associated with better prognosis (p < 1e−4, HR = 0.3173; p < 1e−4, HR = 0.2445), and 1p/19q codeletion is not an independent prognostic factor (p = 0.3246, HR = 0.3322). Patients with IDH mutation combined 1p/19q codeletion don't have significant differences in OS with those with IDH mutation only (p = 0.1646, Median OS: 4,084 vs. 2,660) (Table 2). In log-rank test, CIC mutation doesn't show a significant association with OS in oligodendroglioma (p = 0.2992) (Figure 5F), but the multivariate cox analysis shows CIC mutation improves survival (p = 0.0362, HR = 0.3674) (Table 3).


[image: Figure 5]
FIGURE 5. Kaplan Meier curve and Log-Rank test of IDH, 1p/19q, and CIC. (A) IDH mutation Kaplan-Meier curve shows that patients with IDH mutation have a significantly better prognosis than IDH wild type. (B) CIC mutation Kaplan-Meier curve shows that patients with CIC mutation have significantly longer OS than those whose CIC is wild type. (C) Patients with 1p/19q codeletion have significantly longer OS than those without 1p/19q codeletion. (D) Patients with IDH and CIC mutation have longer OS than patients have IDH mutation only. (E) There is no significant difference in OS between CIC mutation and CIC wild-type of patients with 1p/19q codeletion. (F) 2016 classification Oligodendroglioma. In the Log-Rank test, there is no significant survival difference between patients with and without CIC mutation.



Table 2. Survival analysis results.

[image: Table 2]


Table 3. Associations between CIC mutation and OS of patients with Oligodendroglioma.

[image: Table 3]



Image Feature Extraction and CIC Mutation Prediction

A total of 1,669 features were extracted from each image (Table S1) and a total of 6,676 imaging features from T1W, T1CE, T2W, and FLAIR for each patient. The cluster map of the correlation of 6,676 features shows that there is collinearity between these features, but the collinearity is not very strong. Features can be clustered into some modules, but the size of modules are relatively small (Figure 6A). There is only one large module in the top-left (Figure 6A), but none of features in this module were selected to build the model.


[image: Figure 6]
FIGURE 6. Cluster map of correlation between image features. (A) Cluster map of correlation of 6,676 image features. (B) Cluster map of correlation of 11 features used in glioma CIC mutation prediction model. (C) Cluster map of correlation of six features used in oligodendroglioma CIC mutation prediction model. (D) Cluster map of correlation between 15 image features from (B) and (C).


For the prediction of CIC mutation in glioma, a total of 11 features were selected via Lasso regularization to build a logistic regression model (Table 4). The cluster map of the correlation of 11 features shows that the collinearity between features is weak (Figure 6B). The mean accuracy of the 1,000 repetition data split was 94.2% (95% CI, 94.03–94.38%), significantly higher than the no-information rate (81.7%). The mean AUC of the ROC curve was 0.985 (95% CI, 0.9841–0.9857) (Figure 7). The optimal cutoff value (0.0606) of the ROC curve exhibited a sensitivity, specificity, and accuracy of 94.83, 93.94, and 94.10%, respectively. The mean AUC of the Precision Recall (PR) curve is 0.923 (95% CI, 0.9183–0.9275). The optimal cutoff value (0.8485) of the PR curve exhibited sensitivity, precision, and accuracy of 84.85, 89.51, and 95.4%, respectively.


Table 4. Eleven features used to predict CIC mutation in gliomas.
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[image: Figure 7]
FIGURE 7. CIC mutation has a potential diagnosis value in glioma. (A) Receiver operating characteristic (ROC) curve of glioma CIC mutation prediction model. (B) Precision-recall (PR) curve of glioma CIC mutation prediction model. (C) Receiver operating characteristic (ROC) curve of oligodendroglioma CIC mutation prediction model. (D) Precision-recall (PR) curve of oligodendroglioma CIC mutation prediction model. The optimal cutoff value in ROC curve is the point (red dot) that has the smallest distance to (0,1), or (1,1) in PR curve.


For the prediction of CIC mutation in Oligodendroglioma, a total of six features from 35 Oligodendroglioma patients were selected via Lasso regularization to build a logistic regression model (Table 5). The cluster map of the correlation of six features shows that the collinearity between features is weak (Figure 6C). There are two features that overlap with the 11 features set above. The cluster map of the correlation of 15 features shows that the collinearity between features is weak except T2-square_glszm_LargeAreaLowGrayLevelEmphasis and T2-square_gldm_GrayLevelNonUniformity (Figure 6D). The mean accuracy of the 1,000 repetition data split was 92.3% (95% CI, 91.70–92.92%), significantly higher than the no-information rate (62.9%). The mean AUC of the ROC curve is 0.967 (95% CI, 0.9643–0.9687) (Figure 7). The optimal cutoff value (0.1010) of the ROC curve exhibited a sensitivity, specificity, and accuracy of 94.26, 89.90, and 92.64%, respectively. The mean AUC of the PR curve is 0.9705 (95% CI, 0.9684–0.9726). The optimal cutoff value (0.9596) of the PR curve exhibited sensitivity, precision, and accuracy of 95.96, 93.51, and 93.27%, respectively.


Table 5. Six features used to predict CIC mutation in oligodendrogliomas.
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Image Feature Analysis

Among the 11 features of the logistic regression model of CIC mutation prediction in gliomas, seven features were found significant (Mann-Whitney U-test, alpha = 0.05). To help illustrate some of these imaging characteristics, we extracted 2D image slices that maximize or minimize the top 3 selected features (Figure 8). T2-wavelet-LHL_glszm_SizeZoneNonUniformityNormalized, T1post-wavelet-LHH_ngtdm_Busyness, and FLAIR-wavelet-HLH_firstorder_Median are the top 3 significant features. Among the six features of the logistic regression model of CIC mutation prediction in Oligodendrogliomas (Table S4, Figure 9), three features were found to be significant (Mann-Whitney U-test, alpha = 0.05). T1post-wavelet-LHH_ngtdm_Busyness and T1pre-lbp-3D-m1_gldm_DependenceNonUniformityNormalized were the top 2 significant features. Images corresponding to the highest and lowest probability of CIC mutation (based on logistic regression) were selected (Figure 10).


[image: Figure 8]
FIGURE 8. The appearance of the MR image corresponding to the top 3 radiomic features in glioma. The region encircled in red represents the lesion boundary. (A) Images corresponding to the maximum and minimum of T2-wavelet-LHL_glszm_SizeZoneNonUniformityNormalized. (B) First column images are the Wavelet images corresponding to the maximum and minimum value of T1post-wavelet_LHH_ngtdm_Busyness, second column images are original images of wavelet images. (C) Images corresponding to the maximum and minimum value of FLAIR-wavelet-HLH_firstorder_Median.



[image: Figure 9]
FIGURE 9. The appearance of the MR image corresponds to top 2 radiomics features in Oligodendroglioma. The region encircled in red represents the legion boundary. (A) wavelet images and corresponding original images of the maximum and minimum value of T1post-wavelet_LHH_ngtdm_Busyness. (B) LBP images and corresponding original images of the maximum and minimum value of T1pre-lbp-3D-m1_gldm_DependenceNonUniformityNormalized. LBP image only included mask region in PyRadiomics (35).



[image: Figure 10]
FIGURE 10. MRI of model-based CIC mutation prediction patients. Image with the (A) high probability of being CIC mutation and (B) low probability of being CIC mutation. The region inside the red line represents glioma region.





DISCUSSION

In our study, we utilized TCGA and TCIA to explore the potential to predict genomics based on MR images. We found that CIC mutation has excellent diagnostic value in LGG, and that CIC mutation is mutually exclusive with glioblastoma (Figure 3), so we excluded the TCGA GBM cohort from further study. CIC mutation mainly occurs in IDH mutation and 1p/19q co-deletion patients and is mutually exclusive with IDH wild-type or 1p/19q intact patients (Figure 4). CIC mutation is also associated with clinical characteristics as described in (Table 1). We can speculate IDH mutation, 1p/19q codeletion, and histological type information from CIC mutation status. Grade 2 patients and elder patients are more likely to have CIC mutation. Interestingly, patients without clinical symptoms (headache, visual changes, sensory changes) have higher probability of having CIC mutation. This is probably seen because CIC mutations occur primarily in grade 2 gliomas and oligodendrogliomas. These grades of gliomas have a lower degree of malignancy, slower disease progression, and clinical symptoms occur later and are not obvious, leading to patients being diagnosed at an older age.

In our study, CIC mutation is present in 65.9% of 1p/19q codeletion patients, but rarely in 1p/19q intact patients (2.3%). In order to find out whether the significant correlation between CIC mutations and OS comes from the 1p/19q codeletion, we performed multivariate cox regression analysis. In the result of multivariate cox regression analysis, which included IDH mutation, 1p/19q codeletion, CIC mutation, age, gender, grade, and histological type, CIC mutation is significant (p < 1e−4), but 1p/19q codeletion is not significant (p = 0.3246) (Table 2). We also found that CIC mutation in IDH mutation patients is associated with a better prognosis (p = 0.0287, HR = 0.4178), but there is no significant difference between 1p/19q codeletion and prognosis (p = 0.7011) (Table 2). In addition, in oligodendroglioma (IDH mutation and 1p/19q codeletion) patients, CIC mutation is associated with a better prognosis (p = 0.0362). It was reported that almost every glioma with a CIC or FUBP1 mutation exhibited an IDH gene mutation (13). Thus, we also analyzed FUBP1 status in our study. There are 50 FUBP1 mutation patients, almost all FUBP1 patients exhibited an IDH mutation, and most FUBP1 mutation patients combined CIC mutation. But not all CIC mutation patients have FUBP1 mutation. We did multivariate cox analysis including FUBP1 mutation and found no significant association between FUBP1 mutation and survival (p = 0.2959) (Table S4). Therefore, CIC mutation was an independent good prognostic factor in our study.

As reported, gliomas with different genotypes have different MRI appearances (43–46). In our study we focused on 11 extracted radiomics features. The top 2 of these 11 radiomic features were T2-wavelet-LHL _glszm_SizeZoneNonUniformityNormalized (SZNN) and T1post-wavelet-LHH_ngtdm_Busyness (Busyness). Both features are extracted from wavelet transform images which reflect fine details of the original images. SZNN measures the variability of size zone volumes throughout the image, with a lower value indicating more homogeneity among zone size volumes in the image (35). Busyness is a measure of the change from a pixel to its neighbor. A high Busyness indicates rapid changes in intensity (35). In other words, both Busyness and SZNN are measures of image heterogeneity and non-uniformity. SZNN minimal value corresponding image is flat but the tumor region appears as obvious protruding ridges and depressed trenches in the maximum value (Figure 8).

CIC mutation mainly occurs in Oligodendroglioma but not all. To identify the difference between Oligodendrogliomas with and without CIC mutations, six features were selected after the Lasso process. Top 2 features are T1post-wavelet-LHH_ngtdm_Busyness (Busyness) and T1pre-lbp-3D-m1_gldm_ DependenceNonUniformityNormalized (DNN). DNN measures the similarity of dependence defined as the number of connected voxels within distance δ that are dependent on the center voxel, a lower value indicating more homogeneity among dependencies in the image (35) (Figure 9). The DNN max value corresponding image is extremely complex and heterogeneous but the tumor region appears smaller and simpler in the minimum value. From the images, we find that the appearance of Oligodendrogliomas with or without CIC mutation are similar, not as obvious as the difference between all types of gliomas with or without CIC mutation. Both Oligodendrogliomas with or without CIC mutation are heterogeneous and non-uniform. But according to the meaning of image features, we still speculate that Oligodendroglioma with CIC mutation still appears more heterogeneous and complex.

As discussed above, CIC mutation suggests a better prognosis in patients with IDH mutation and 1p/19q codeletion. Therefore, we concluded that patients with CIC mutation have the best prognosis and longest survival. In our study, most CIC mutation gliomas have a relatively larger tumor region, more obvious mass effect, greater non-uniformity, heterogeneity, and scattered areas of intratumorally necrosis with or without corresponding areas of contrast enhancement. The special appearance may be due to the low malignancy of glioma with CIC mutation. The relatively weak proliferative, invasive and migration ability leads to CIC mutation gliomas growing slowly, resulting in not obvious clinical symptoms and larger tumor volume. This is consistent with published results that show CIC mutation is more likely to occur in patients of older age, grade 2 glioma, and without clinical symptoms. The cause for scattered areas of weak contrast enhancement may be that the tumor is less malignant, resulting in slow tumor growth, less ischemia and hypoxia, and less damage to the blood brain barrier (BBB) which prevents media from leaking through the BBB. On the other hand, gliomas which have a small tumor region but severe necrosis, obvious contrast enhancement, and obvious peritumoral edema (reflects rapid growth) which indicated strong invasion and severe BBB damage have a lower probability of CIC mutation.

Although radiomic features perform well, there are some limitations to our study analysis. First, all data is from public datasets (TCGA and TCIA), which displays large variance in quality of images that may influence predictive analysis. Second, data was imbalanced because of the low incidence of CIC mutation. Third, only structural MRIs were included. Functional and diffusion-weighted MR images are an area of interest that could be included in similar analysis in future work. Lastly, in this study, all images were obtained from one cohort (TCIA). Future work could benefit from using a second independent cohort for testing, which would provide a better measure of model generalizability / reliability.

In conclusion, our results support CIC mutation status as a valuable diagnostic and prognostic biomarker of lower-grade glioma. We showed that CIC mutation could be accurately predicted by MRI radiomic features. MRI of CIC mutation gliomas were found to display visually less malignant manifestations, such as milder necrosis and larger tumor volume. Radiomics plays an important role in the accurate diagnosis and personalized treatment of gliomas. The exploration of its association with medical imaging appearance and its clinical application are worth further efforts.
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Purpose: The present study aimed to evaluate the performance of radiomics features in the preoperative prediction of epileptic seizure following surgery in patients with LGG.

Methods: This retrospective study collected 130 patients with LGG. Radiomics features were extracted from the T2-weighted MR images obtained before surgery. Multivariable Cox-regression with two nested leave-one-out cross validation (LOOCV) loops was applied to predict the prognosis, and elastic net was used in each LOOCV loop to select the predictive features. Logistic models were then built with the selected features to predict epileptic seizures at two time points. Student's t-tests were then used to compare the logistic model predicted probabilities of developing epilepsy in the epilepsy and non-epilepsy groups. The t-test was used to identify features that differentiated patients with early-onset epilepsy from their late-onset counterparts.

Results: Seventeen features were selected with the two nested LOOCV loops. The index of concordance (C-index) of the Cox model was 0.683, and the logistic model predicted probabilities of seizure were significantly different between the epilepsy and non-epilepsy groups at each time point. Moreover, one feature was found to be significantly different between the patients with early- or late-onset epilepsy.

Conclusion: A total of 17 radiomics features were correlated with postoperative epileptic seizures in patients with LGG and one feature was a significant predictor of the time of epilepsy onset.

Keywords: low-grade glioma, epilepsy, radiomics, elastic net, Cox regression


INTRODUCTION

Low-grade gliomas (LGGs) are slow-growing, infiltrative tumors frequently associated with seizures. Up to 90% of the patients with LGG may have seizures as the initial presentation leading to tumor diagnosis. Additionally, epilepsy seizure could be used as a clinical predictor for early tumor recurrence with LGGs (1). The persistence of seizures in these patients may be associated with the worsening of their neurological, neuropsychological, and psychological status, reducing their quality of life (2, 3). With a prolonged duration of epilepsy, the symptoms of LGG may spread to the neocortex and subcortical structures, gradually disrupting normal brain networks and causing dysfunction of both the peritumoral area and remote brain tissues (1). The reported recurrence of epilepsy in 20–40% of patients demonstrates that the current conventional treatment strategy used to address glioma-related epilepsy, including antiepileptic drugs (AEDs) and anti-tumor therapies, remain unsatisfactory (4–6). The application of AEDs has been a controversial issue for a long time, there still has no strategy for individualized prophylactic. Thus, the preoperative prediction of epilepsy seizures following surgery could help clinicians evaluate the risk of patients for epilepsy after surgery, further to make decision of individualized treatment strategy, which was significant for clinical treatment.

Several studies identified risk factors for the development of gliomas related epilepsy: tumor location, tumor histology, microenvironment, and genetic mutation (4, 7–9). Some investigations have used medical imaging to study the correlation between LGG and epilepsy (10, 11), and Wang et al. developed a probabilistic risk atlas of gliomas related epilepsy (8). However, few studies evaluated the correlation between these factors and the risk of epilepsy seizure after surgery. In addition, research has neglected temporal concerning the condition—despite the value of such information to enhance the timeliness of interventions.

The development of pattern recognition technology has driven the development of medical imaging data analysis, and advances in data mining and machine learning have rendered it possible to convert medical images into minable data. The concept of “radiomics” first described in 2012 (12, 13), calls a comprehensive analysis of medical images (14). By converting medical images into high-dimensional, mineable, and quantitative imaging features, radiomics could offer large amounts of information inaccessible to the human eye. Recently, radiomics had been widely and successfully applied to inform decision making in the treatment of tumors and neuropsychiatric diseases (15–17), including in gliomas and epilepsy (18, 19). Liu et al. built a radiomics signature using quantitative imaging features to predict LGG-related epilepsy (20). Based on the successful application, we hypothesized that radiomics analysis could provide a chance for preoperative prediction of epilepsy seizures following surgery in LGG patients. Hence, by incorporating the temporal information, the model could provide a timelier and finer prediction for the intervention.

In this study, we retrospectively collected pretreatment neuroimaging data and prognosis outcomes of 130 patients with LGG who underwent surgery. We attempted to explore the relationship between radiomics features and the prognosis of postoperative epilepsy by performing a multivariable analysis.



METHODS


Patients

A total of 130 patients who were surgically treated at Beijing Tiantan Hospital between October 2005 and August 2008 were collected in this retrospective study. The tumor types of all patients were identified according to WHO 2016 classification. The inclusion criteria were set as: all patients underwent standard surgery and were diagnosed with LGGs confirmed by postsurgical histopathology. To ensure that prognoses were accurate for each patient, we assured that at least two years of follow-up records were available for each patient. All patients were postoperatively followed up every 6 months during the first year, and then annually thereafter. The Ethics Committee of the Beijing Tiantan Hospital approved the study, and written informed consent was obtained from all participants.



Brain Imaging and Tumor Masking

The feature extraction in the current study followed the Image Biomarker Standardization Initiative (IBSI) guideline (21). T2-weighted images were obtained on a Magnetom Trio 3.0T scanner (Siemens, Erlangen, Germany) with a 12-channel receive-only head coil. The parameters were set as follows: repetition time = 5,800 ms; echo time = 110 ms; flip angle = 150 degrees; 24 slices; field of view = 240 × 188 mm2; voxel size = 0.6 × 0.6 × 5.0 mm3; matrix = 384 × 300. Tumors were semi-automatically segmented along the lesion contour on each patient's T2-weighted images in native space by at least two experienced neuroradiologists using the ITK-SNAP software (v 3.6.0; www.itksnap.org), while two other board-certified experts reviewed the segmentations using imaging features in combination with seizure history, clinical examination, neuroimaging data to solve any discrepancies. The areas with abnormal hyperintense signals on the images were identified as tumor volumes, and the cerebrospinal fluid signals should not be involved in. When the concordance between the tumor masks of one patient identified by the two neuroradiologists was higher than 95%, the tumor masks were combined.



Feature Extraction

The delineated tumor area was used as the region of interest (ROI) to extract radiomics features. The features were calculated with the largest slice of ROI. A total of 4,650 features were extracted. These features could be divided into 4 types: shape-based features, first-order statistical features, textural features and wavelet features. Detailed information and formula are described in the supplemental content. The radiomics feature extraction was performed using in-house software written in MATLAB 2017b (MathWorks, Inc., Natick, MA, USA).



Feature Selection and Model Development

This study aimed to find the discriminative radiomics features capable of predicting epileptic seizures after tumor resection, and further to distinguish early-onset seizures (patients who would develop epilepsy within 6 months after surgery) from late-onset ones (patients who would develop epilepsy more than 6 months after surgery). In order to take full advantage of the temporal information, this study adopted a proportional hazards model (Cox model) (22). The end point of this study was disease-free survival (DFS), which was defined as the time from the date of surgery until the date of epileptic seizures (event) or until the latest date at which the patient was known to be free of epilepsy (censored).

Since the dimensionality of the radiomics feature space was high, and could easily lead to over-fitting or bias in the multivariable analysis, dimensional reduction was necessary to ensure the reliability of our results. All features were initially normalized as z-scores. After normalization, we performed univariate Cox regression on each feature, retained the significant features (P < 0.05). Then elastic net (E-net) Cox regression was used as a multivariable analysis to choose the most important features. The E-net penalty was a weighted sum of the least absolute shrinkage and selection operator (LASSO) penalty and ridge penalty, which retained the advantage of feature selection while at the same time, compared with LASSO, avoiding the interference of feature collinearity. The relative weight of LASSO and ridge penalty was selected to maximize the Cox's log-partial likelihood (23):

[image: image]

where ti was the survival time (observed or censored) for the ith patient, R(ti) was the risk set at time ti, [image: image] was the regression vector of p-variables for the ith patient, [image: image] was the column vector of the regression parameters.

Since the sample size of this study was relatively small, we used two nested leave-one-out cross validation (LOOCV) to maximize the utilization of samples and to select the regularization parameters (Figure 1) (24, 25). In the outer LOOCV loop, each subject in turn was left out as the validation set, the other 129 being used to train an optimal E-net Cox model using the inner LOOCV loop. Specifically, the inner LOOCV loop was performed to train the optimal E-net Cox model with a pair of best parameters λ and α maximizing the Cox's log-partial likelihood based on the training data (all 130 samples excepting the one reserved for validation). We thus obtained 130 different models, since the training samples used in each model training were not identical. The features retained in more LOOCV loops were more stable, implying that they played more important roles. Therefore, we chose the features which were retained in at least 90% of the loops (117 loops) as the most important ones.


[image: Figure 1]
FIGURE 1. Flow chart of the study.


The features thus selected were used to build a Cox model and the Harrell concordance index (C-index) was calculated to evaluate its performance (26). We also built two separate logistic models to predict the status at 6 and 24 months using LOOCV, since the 6-month time point was used to define early-onset and the 24-month time point represented the longest available follow-up time for the whole dataset. We then computed the point-biserial-correlation between the probabilities of epilepsy predicted by the logistic model and the true labels (27), computing the correlation coefficient and the corresponding P-values. Additionally, we divided the patients into epilepsy and non-epilepsy groups based on the true label, and used the Student's t-test to compare the predicted probabilities between the two groups separately at 6 and 24 months. Finally, Student's t-test was performed on each selected feature to identify differences between the patients with early- or late-onset of epilepsy.

To evaluate the impact of preoperative epilepsy on radiomics features, we performed a subgroup analysis based on preoperative seizures status. Specifically, we used Student's t-test to compare the predicted risk of the Cox model between preoperative epilepsy and no-epilepsy groups.

Since the pathological type, tumor location and the tumor volume could be the risk factors that may lead to postoperative epileptic seizure, we further investigated the correlation between the selected radiomics features with clinical factors.




RESULTS


Demographic and Clinical Data

According to the follow-up records, 51 patients were considered to have developed epilepsy by the end of the follow-up, specifically, 41 patients within 6 months after surgery, 10 patients within 6 to 24 months after surgery, and 79 patients were seizure-free through the end of the follow-up period. We collected six main clinical factors, age, sex, tumor location, the status of preoperative epilepsy, the tumor pathology types and the IDH status. There was no significant difference in the clinical factors between the epileptic and non-epileptic groups (Table 1). The age range of the patients was from 18 to 68 when they did the surgery.


Table 1. Demographics and clinical characteristics of patients with low-grade gliomas.
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Feature Selected

The features were selected by E-net cox in each inner LOOCV loop, and the loop in which each feature was retained was recorded. After feature selection, we retained 17 features. The number of LOOCV loops in which each feature were selected is listed in Table 2. The features selected by more loops were considered more robust.


Table 2. The features selected by the two-nest LOOCV loop.

[image: Table 2]



Performance

The C-index of the Cox model built with the features selected by the two-nested LOOCV was 0.683, meaning that the selected features were predictive for the risk of epileptic seizures after surgery in LGG patients. When the predicted risk was compared between the two groups (no epilepsy and epilepsy) based on the true labels (Figure 2), the t-test revealed a significant difference between the two groups (P < 0.001).


[image: Figure 2]
FIGURE 2. Boxplots comparison differences between predictions in the non-epilepsy and epilepsy groups. (A) Comparation of epilepsy risk. Boxplot of the predicted risk values of the Cox model corresponding to both the no epilepsy and epilepsy groups. (B) Comparation of probabilities at 6 months. Boxplot of the predicted probabilities of the logistic model at 6 months. (C) Comparation of probabilities at 24 months. Boxplot of the predicted probabilities of the logistic model at 24 months.


The point-biserial-correlation between the probabilities predicted by the logistic model and the true labels was computed separately at the two time points of 6 and 24 months after surgery. At 6 months, the R- and P-values were 0.235 and 0.007, respectively, indicating that the selected features could predict whether patients would develop epilepsy at 6 months after surgery. Similarly, the R- and P-values at 24 months were 0.300 and < 0.001, respectively, indicating that the predictive power of the selected features was retained at 24 months after surgery. Moreover, the Student's t-test comparing the probabilities predicted by the logistic model between the epilepsy and non-epilepsy groups, separately at the two time points, gave P-values both smaller than 0.001 indicating that the features could distinguish patients with epilepsy from those without epilepsy independently of the time point (Figure 2).

Using Student's t-test, we also compared the early- and late-onset epilepsy patients in terms of each selected feature. The P-values are listed in Table 2. The feature named “gabor3_glszm_SZHGE” was significantly different between the early- and late-onset of epilepsy groups, implying that the early-or late-onset of epilepsy in LGG patients could be predicted based on this feature, as shown in Figure 3 and Figure S1, the values of the early-onset group were lower than the late-onset group, indicating that the lower the value of this feature, the sooner that post-operative seizures would occur.


[image: Figure 3]
FIGURE 3. Boxplot of the selected feature comparison between the early-onset and late-onset epilepsy patients.


The subgroup analysis of the preoperative seizures status demonstrated that preoperative epilepsy was not associated with the predictive value of the radiomics analysis (P = 0.847), as shown in Figure 4.


[image: Figure 4]
FIGURE 4. Boxplot of the postoperative epilepsy risk comparison between the preoperative epilepsy and non-epilepsy patients.




Analysis of Clinical Correlation Analysis

With regard to the pathological type, the corresponding R-values and P-values were listed in the Table S1. We found there were no correlation between the selected radiomics features and the pathological type.

To the tumor location, we determined the location of tumors based on the region of the tumors involve, and segmented into frontal lobe, temporal lobe, parietal lobe and Insula. The Students' T-tests were used to determine that if there were any differences in the selected radiomics features when a certain brain region was involved in or not. The results were listed in Table S2. We found that the radiomics feature named “gabor3_glszm_SZHGE” was significantly different when the tumor region located in the frontal lobe or not (P = 0.022).

To the tumor volume, we used the Pearson's correlation to explore the relationship between the selected radiomics features and the tumor volume. The corresponding R-value and P-values were listed in the Table S3. We found six radiomics features were still significant after multiple correlation. For the radiomics feature named “gabor3_glszm_SZHGE,” which was a significant predictor of early or late epilepsy onset, was also significant after Bonferroni correlation (P < 0.001). The result showed that this feature was negatively related to the tumor volume.




DISCUSSION

In the present study, we aimed to evaluate the performance of the radiomics features in the pretreatment prediction of epileptic seizure after surgery in patients with LGG. We used a two-nested LOOCV loop and recorded the frequency of the features to select the most robust and distinguishable features, obtaining in the end 17 radiomics features. The results suggested that the radiomics features could be successfully used for the pretreatment prediction of epileptic seizures following surgery. In addition, we further analyzed the correlation between radiomics features and the time of seizure utilizing the time information, and the results demonstrated that the radiomics features could be used to predict the patients with early- or late-onset epilepsy. The subgroup analysis proved that the radiomics features were not influenced by the status of preoperative epilepsy. The study details according to IBSI was reported in Table S4.

Since the introduction of radiomics, it has gained wide application to the treatment of brain tumors: from diagnosis, through treatment evaluation, to prognosis (28–30). This increased application of radiomics is attributable to its use in helping clinicians to extract more high-throughput information from medical images with higher efficacy, thus improving decision making (31). The use of radiomics has been recently extended to neuropsychiatric diseases with success, suggesting that radiomics might be employable in preoperative prediction of epileptic seizures following surgery in LGG patients. The present study extracted 4650 radiomics features which contained much high-throughput information that beyond of human eyes. By combining the high-throughput information and the time information, we utilized a Cox model to evaluate the performance of radiomics features for preoperative prediction of epileptic seizure after surgery, and the results demonstrated that radiomics could successfully be applied to the pretreatment prediction of postoperative epileptic seizures in LGG patients.

Although the radiomics features contained much information, there were also some redundant information. Hence, we used the E-net regularization to choose the features most predictive of epilepsy status following surgery. Considering the small sample size and the randomness of sample, we performed two-nested LOOCV loops. The features chosen by E-net in each loop would not be identical since the samples were not identical, thus we record the number of loops in which each of the selected features presented because they were chosen by more loops would be more robust. The 17 radiomics features were the most predictive and robust features for the pretreatment prediction of epileptic seizure following surgery, which meant these features had universality for clinical application. In addition, our findings suggest that the radiomics feature named “gabor3_glszm_SZHGE” might be the most important indicator for clinical application since it was predictive of whether and when epilepsy occurs following the operation. Additionally, the mean value of the feature was higher when the frontal lobe was involved in (25.7 in the frontal lobe involved group > 20.8 in the frontal lobe no involved group) according to the clinical correlation analysis. It implied that the larger the feature (gabor3_glszm_SZHGE) value, the later the onset time may be combining with Figure 3, which means that when tumors involved in the frontal lobe, seizure may occur early after surgery. This finding might be helpful for postoperative epilepsy prevention. The result from Table S3 showed that this feature was negatively related to the tumor volume. It implied that the smaller the feature (gabor3_glszm_SZHGE) value, the earlier the onset time may be, which means that the larger the tumor volume, the earlier the onset time based on the current analysis.

The administration of AEDs was a major prophylactic strategy used to address postoperative epilepsy. Details concerning the administration of AEDs to glioma patients, including the drug dosage and duration of prescription, depended on clinical risk factors such as preoperative GRE and tumor resection, etc. (6, 32–34). The standard of AEDs was still controversial and too broad for subjects, and lack of an accurate strategy for individuals now. The present study would help to inform research on the development of individualized prophylactic strategies. Moreover, future clinical applications of our research would help clinicians plan strategies to address the potential onset of epilepsy when treating patients with LGG: the dosages of AEDs need to be raised, and the duration prolonged. Furthermore, our methodology would allow oncologists to perform more frequent and timely follow-up observations of the patients with low values of “gabor3_glszm_SZHGE” and administer an appropriate early intervention.

This study has some limitations. First, the epilepsy status of LGG patients was diagnosed based on clinical presentation, and the patients underwent surgery shortly following diagnosis, so that many of them could not undergo electroencephalography necessary to confirm the diagnosis prior to surgery. Second, the sample size of this study is small, it is difficult to divide an independent validation dataset in this study. For this reason, we adopted a two-nested LOOCV loops to maximize the utility of our sample size and improve the credibility of this study. Despite the above limitations, the features selected in this study performed well, as shown by the C-index. We intend to use a deep learning model and a larger sample size in future studies.



CONCLUSIONS

In conclusion, we selected 17 radiomics features that correlated with postoperative epileptic seizure in patients with LGGs, and found one feature to be a significant predictor of early or late epilepsy onset. Our findings indicate that the features we chose are useful in the management of postoperative epilepsy and that radiomics analysis can potentially be applied to the individualization of prophylactic treatment strategies that address postsurgical epileptic.
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Figure S1. T2-weighted images with tumor masks for two cases with similar tumor location and size. Case 1 corresponds to a patient who developed epilepsy within 6 months of surgery, the radiomics feature named gabor3_glszm_SZHGE equaled 21.8373. Case 2 corresponds to a patient who developed epilepsy within 6–12 months of surgery, the radiomics feature named gabor3_glszm_SZHGE equaled 27.0216. The non-overlaid and ROI-overlaid source images of case 1 were shown in (A,C) separately. The non-overlaid and ROI-overlaid source images of case 2 were shown in (B,D) separately.
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The segmentation of high-grade gliomas (HGG) using magnetic resonance imaging (MRI) data is clinically meaningful in neurosurgical practice, but a challenging task. Currently, most segmentation methods are supervised learning with labeled training sets. Although these methods work well in most cases, they typically require time-consuming manual labeling and pre-trained models. In this work, we propose an automatically unsupervised segmentation toolbox based on the clustering algorithm and morphological processing, named AUCseg. With our toolbox, the whole tumor was first extracted by clustering on T2-FLAIR images. Then, based on the mask acquired with whole tumor segmentation, the enhancing tumor was segmented on the post-contrast T1-weighted images (T1-CE) using clustering methods. Finally, the necrotic regions were segmented by morphological processing or clustering on T2-weighted images. Compared with K-means, Mini-batch K-means, and Fuzzy C Means (FCM), the Gaussian Mixture Model (GMM) clustering performs the best in our toolbox. We did a multi-sided evaluation of our toolbox in the BraTS2018 dataset and demonstrated that the whole tumor, tumor core, and enhancing tumor can be automatically segmented using default hyper-parameters with Dice score 0.8209, 0.7087, and 0.7254, respectively. The computing time of our toolbox for each case is around 22 seconds, which is at least 3 times faster than other state-of-the-art unsupervised methods. In addition, our toolbox has an option to perform semi-automatic segmentation via manually setup hyper-parameters, which could improve the segmentation performance. Our toolbox, AUCseg, is publicly available on Github. (https://github.com/Haifengtao/AUCseg).
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Introduction

High-grade gliomas (HGG) are the most common type of central nervous cancer among adults. It has the characteristics of rapid growth, blurred margins, irregular shapes, and invading into the surrounding tissue (1). Currently, HGG segmentation in magnetic resonance imaging (MRI) plays an important role in clinical treatment (2). Manually labeling gliomas in MRI images by doctors has been regarded as the gold standard of tumor segmentation. But it is a tedious and time-consuming job. Several studies have reported that the variabilities of manual tumor segmentation are over 20% (2–4). In the past two decades, computer-aided methods for the segmentation of HGG have been used to save time for clinicians and address the problem of manual variabilities. Despite the emergence of many excellent algorithms in recent years, the segmentation of HGG is still a challenging job (5).

Deep learning-based methods have achieved high Dice similarity in HGG segmentation. The U-net (6) based network architectures were widely used in this task and performed well. Myronenko et al. (7) proposed a 3D U-net with autoencoder regularization, which ranked the top-1 in BraTS2018. Later, Jiang et al. (8) using the two-stage cascaded U-net won the first prize in BraTS2019. Recently, T Henry et al. (9) took first place in BraTS2020 by a deep supervised 3D U-net. Although these supervised methods perform well for HGG segmentation, they require a large amount of labeled data. However, labeling tumors manually not only requires medical expertise, but also is a time-consuming task.

By contrast, clustering is an unsupervised method, which does not require labeling data for training. Vijay J et al. proposed an HGG segmentation method based on K-means clustering, which can quickly segment the whole tumor from 2D images (10). But simply clustering could cause inaccurate results because of the image noise. To solve this, Tripathy et al. (11) improved the fuzzy c-means with spatial context information and intuitionistic set, also named SIFCM. However, this method is time-consuming. Cai et al. proposed the FGFCM algorithm, which reduced the computing time by only considering the partial value instead of the whole image size (12). However, the above advanced clustering methods have not been applied to HGG segmentation because of the lack of a suitable pipeline.

In addition to clustering-based methods, other unsupervised segmentation methods have been investigated for HGG segmentation. Guo et al. (13) reported a semi-automatic method for the segmentation of HGG based on active contour, which was evaluated on 20 cases (a small portion of BraTS2013 training data) and could segment the whole tumor (WT), the tumor core (TC), necrotic (NC) and enhancing tumor (ET). However, this method requires a region of interest (ROI) provided by the user. Juan-Albarracín et al. (14) further proposed an automatic strategy for the HGG segmentation based on Gaussian Hidden Markov Random Field (GHMRF) on the 21 cases from BraTS2013. However, this method is slow and takes 140 ± 32 minutes for the whole segmentation pipeline. N. Sauwen et al. (15) proposed a method based on hierarchical non-negative matrix factorization (HNMF) and gained acceptable segmentation performance on two independent cross-site datasets (21 cases and 14 cases, respectively).

Although the above unsupervised methods achieved acceptable performance, they used a small dataset with limited sample size so that the conclusions may result in bias. To provide clinicians with more robust and reliable assistance, a much larger dataset should be used to have a more thorough evaluation. Moreover, a ready-to-use toolbox is a big advance for its clinical translation. To address these issues, we aim to propose an automatically unsupervised tumor segmentation strategy based on clustering and morphological methods, and to evaluate our method on BraTS2018, a much larger dataset that includes over 200 cases (2–4). Furthermore, we release our segmentation pipeline as a toolbox to provide clinicians with assistance.



Methods


Pipeline

The pipeline is shown in Figure 1. There are three steps for preprocessing: 1) skull-stripping; 2) co-registration on different MRI modalities; 3) Normalization (0~1).




Figure 1 | Schematic diagram of our automatic unsupervised pipeline. The orange and green boxes indicate a hyper-parameter there.



For segmentation, the core concept of this pipeline is based on the pathological and radiological characteristics of HGG. In the T2-FLAIR images, the HGG edema region shows higher signal intensity than other regions due to high water content. In post-contrast T1-weighted images (T1-CE) images, enhancing area shows a significantly higher signal intensity, which means the damage to the blood-brain barrier. Based on the above two features, the edema and enhancing area of the tumor can be first segmented from T2-FLAIR images and T1-CE images by clustering and selecting the subclass with the highest intensity. According to the characteristics of tumor growth, edema is generally located on the boundary of the tumor, while the necrotic (NC) area is generally within the tumor. Therefore, we can fill the connected domain inside the edema region by analyzing the connected components and regard the edema region as the part of the whole tumor (WT) region. After that, the WT was used as the ROI on T1-CE images and segment the enhancing tumor (ET) on it using clustering. The tumor core (TC) is composed of NC and ET.

Additionally, because NC often occurs in the interior of the rapidly growing area of the tumor (the enhancing area), the necrotic area can be segmented using the connected component analysis. However, due to image quality and clustering accuracy, the segmented enhancing regions may not constitute a closed connected domain. When there is little or no enhancing regions, our pipeline still performs well for the segmentation of WT and TC. Note that for these cases the NC cannot be segmented directly due to lacking a completely connected domain. To solve the problem, we propose an alternative solution that segments the tumor core by clustering intensities in the T2 images instead of T2-FLAIR images (Supplementary Figure S1). Therefore, the NC region can be segmented by subtracting ET from TC. With above concept, the WT, the TC, the ET, and the NC can be successfully segmented in most cases.

Moreover, we also provide an option to segment two or more tumors (Supplementary Figure S2). When there is more than one tumor, the hyper-parameter ‘ROI’ (Table 1) is provided for tumor segmentation. Then tumors can be segmented using our pipeline one by one.


Table 1 | Hyper-parameters in our pipeline.



Based on the proposed pipeline, our method has the five hyper-parameters as shown in Table 1.



Clustering Algorithms


K-Means and Mini-Batch K-Means

K-Means clustering is an unsupervised unstructured iterative partitioning method based on distance. K-means builds a distance model:



In (1), k represents the number of classes; N is the number of elements to be clustered; ||xi-cj||2 is the distance between points xi and cj, usually using Euclidean distance. The process of clustering is to find the parameter that minimizes J. Mini-batch K-means (16) is an optimization for K-means clustering. The main idea of this method is that mini-batches have lower stochastic noise than classic stochastic gradient descent, but do not suffer the large computational cost.



Fuzzy C Means (FCM)

FCM introduces the concept of membership degree in fuzzy mathematics based on k-means clustering. After introducing a membership degree, the distance model becomes as follows:



FCM algorithm is used for clustering, which is to solve the minimum value of equation (2). The   is the membership of element i for class j. It is a conditional extremum problem. The local extremum can be obtained by using the Lagrange multiplier method to incorporate the constraint conditions into the model.



Gaussian Mixture Model (GMM)

GMM uses a probability model to express the clustering prototype. Multidimensional Gaussian distribution is hypothesized for each class. The Gaussian mixture distribution is as:





Where formula (3) is the multi-dimensional Gaussian distribution, Ʃ is the covariance matrix, µ is the mean vector. Formula (4) represents the Gaussian mixture distribution. Where αj represents the mixture coefficient and the probability of the Jth Gaussian distribution. The maximum likelihood method is used to solve the parameters of equation (5):



Since equation (5) contains hidden variables, the Expectation-Maximization (EM) algorithm is generally used to optimize parameters. After the Gaussian distribution is known, we divide the elements according to the posterior probability corresponding to the prototype, that is:






Morphological Methods

The morphological methods were used for dilation and connected components analysis. The connected component analysis is to find the aggregation region of the same voxel. There are three levels of connectivity for 3D images. The analysis of connected components adopts the accelerated algorithm proposed by Wu et al. (17), which greatly reduces the computing time. Dilation refers to local maximum substitution, which is to calculate the maximum value of pixels in the region covered by the core to replace centrosomes, as shown in equation (7).





Evaluation

Multi-parametric MRI images of 210 HGG patients from BraTS2018 (2–4) training sets were used to evaluate the pipeline. Our method was implemented with Python3.6, and the main external packages included Numpy, Scikit-learn, Scikit-image, and so on. The experiments were run at the workstation DELL FC430 with CentOS 7.5.1804, Intel (R) Xeon(R) E5-2640 v4 2.4GHz and the memory 256GB. To search for the most suitable clustering method, the main hyper-parameters of the model were set as the default value shown in Table 1. K-means++ method or K-means is adopted in the clustering to initialize the clustering center. Dice coefficients, false-positive volume fractions, and false-negative volume fractions were calculated to evaluate the segmentation results. We also adjusted the hyper-parameters to evaluate the performance of our pipeline and analyzed the hyper-parameters distribution. Because the hyper-parameter ‘roi’ is subjective, we mainly adjusted the remaining four hyper-parameters.




Results


Comparison of Clustering Algorithms

Using the same default hyper-parameters, we compared tumor segmentation results with different clustering methods. It can be found that K-means is faster than other methods (Table 2).


Table 2 | Computing time per patient (second).



The DICE coefficients of segmentation with different clustering methods are shown in Table 3. The dice coefficient lower than 0.5 is considered as failed detection. The highest mean values of DICE coefficients and success rates are shown in bold. It can be seen that GMM has the best performance in our pipeline.


Table 3 | Dice index of different clustering methods for WT, TC, and ET.



Table 4 shows the DICE, false positive, and false negative of segmentation results with GMM clustering in this pipeline. The whole tumor segmentation under this parameter has a problem of over-segmentation, while the segmentation of the tumor core and enhancing region has a problem of under-segmentation. One possible reason for the problem is that we use the same default parameters for different cases.


Table 4 | Results of the GMM based HGG segmentation pipeline.



As shown in Figure 2, the WT, the TC, and the ET area can be isolated using our method. TC is composed of NC and ET areas.




Figure 2 | Representative segmentation results using our toolbox. The green area represents the tumor edema area; the yellow area represents the ET area; the red area represents the NC area.





Adjusting Hyper-Parameters

Table 5 shows the segmentation result after adjusting the hyper-parameters, including ‘n_cluster1’, ‘n_cluster2’, ‘nc_seg_mode’, and ‘n_cluster3’. Compared with the results before adjusting shown in Table 4, there is a great improvement in Dice and Success Case rate.


Table 5 | Comparison of segmentation results with manually adjusted hyper-parameters.



For the whole 210 cases, the distribution of adjusted hyper-parameters ‘n_cluster1’, ‘n_cluster2’, and ‘n_cluster3’ was plotted in Figure 3A using the kernel density estimation method. The distribution of ‘nc_seg_mode’ was shown in Figure 3B. We could find that the suitable ‘n_cluster1’ is mainly in the range of 3~10, and both ‘n_cluster2’ and ‘n_cluster3’ were mainly in the range of 3~5. As for the ‘nc_seg_mode’, ‘cc’ and ‘t2’ were equally likely to be chosen. So, there are mainly 96 (8*3*4) choices, because the ‘n_cluster3’ would not be used if ‘cc’ was chosen. In practice, we do not have to try every possible option and adjust the parameters in the order of ‘n_cluster1’, ‘n_cluster2’, ‘nc_seg_mode’, and ‘n_cluster3’. For clustering, the large number of subclasses always means big FN. We can use this to speed up the tuning of parameters.




Figure 3 | The distribution of hyper-parameters on BraTS2018 HGG training data (n=210). (A) The distribution of ‘n_cluster1’, ‘n_cluster2’, and ‘n_cluster3’. (B) The distribution of ‘nc_seg_mode’.





Comparison With Other Unsupervised Methods

As shown in Table 6, we compare our methods with several state-of-the-art unsupervised methods. With our method, the WT, TC, and ET can be automatically segmented using default hyper-parameters with Dice score 0.8209, 0.7087, and 0.7254, respectively, which are similar to the published methods. Note that we tested our methods in 210 cases from BraTS2018, which is almost 10 times larger than the datasets other methods used. Another highlight is that the average computing time of our toolbox for each case using the default hyper-parameters is 19 seconds. If adjusted hyper-parameters are used, the average computing time for the segmentation of each case is 22 seconds, which is still comparable to the default setting. As shown in Table 7, both settings are at least 3 times faster than other unsupervised methods.


Table 6 | Performance comparison of several unsupervised methods.




Table 7 | Comparison of computing time (seconds).






Discussion

We propose an automatically unsupervised clustering method for 3D-segmentation of HGG on multi-parametric MR images. Compared with previous unsupervised methods, our method achieved a stable performance in BraTS2018 dataset including 210 subjects, which is much larger than the previous studies. On the other hand, our method takes less computing time (Table 7). Therefore, it may have a broad application, such as clinical translation, preprocessing for supervised learning, etc.


Comparison of Unsupervised Learning Methods

Among the methods of unsupervised learning, the method-based Markov random field and gaussian hybrid model (GHMRF) ranked first among the same kind of unsupervised methods in BraTS2013 challenge (14). Supervised methods based on deep learning have been used in the BraTS challenge since 2013. The two-stage Cas-Cascade U-Net method proposed by Jiang et al. won the championship in BraTS2019 (8). In addition, N. Sauwen et al. (15) introduced more types of MRI data for HGG segmentation, including magnetic resonance spectroscopic imaging (MRSI) et al. They proposed a method based on hierarchical non-negative matrix factorization (HNMF), and tested it on two independent cross-site datasets, which reached a higher place among unsupervised HGG segmentation methods. Compared with the above methods, our method performs well among unsupervised methods although the performance of our method is not as good as supervised method (Table 6). According to BraTS2018 Leaderboard (https://www.cbica.upenn.edu/BraTS18/lboardValidation.html), the Dice for ET, WT, and TC are in range of 0.517~0.825, 0.618~0.913, and 0.537~0.872. Note that the performance of our method is in the similar range with most of deep leaning-based methods for the segmentation of brain tumors. Although some state-of-the-art deep leaning-based models have achieved higher performance than our method, their interpretability remains unclear. By contrast, the clustering model we used is interpretable and maybe easier for the clinical translation, which is another advantage of our method.



Limitations

Although adjusting hyper-parameters can improve the segmentation performance with default hyper-parameters, our method does not perform well for a few cases. We have summarized potential causes for suboptimal segmentation performance with low segmentation DICE scores, which can be roughly grouped into four categories (Supplementary Figure S3): a) uncompleted skull stripping; b) abnormal white matter hyperintensities caused by pathological change, such as demyelination; c) low contrast difference between tumor and normal tissue, and d) blurred images caused by head motion or other reasons.




Conclusion

We proposed a novel 3D-unsupervised method and implemented a toolbox based on that to automatically segment the whole HGG, tumor core, and enhancing tumor in MR images with Dice score 0.8209, 0.7087, and 0.7254, respectively using default hyper-parameters. Our toolbox has the option to do semi-automatic segmentation via manually adjusting hyper-parameters, which could further improve segmentation performance. The combination of GMM with our method performs better than K-means, Mini-Batch K-means, and Fuzzy C Means (FCM). Besides, the computing speed of our method is faster than other unsupervised pipelines. We release our toolbox to provide clinicians with assistance.
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Purpose

To evaluate whether multiparametric magnetic resonance imaging (MRI)-based logistic regression models can facilitate the early prediction of chemoradiotherapy response in patients with residual brain gliomas after surgery.



Patients and Methods

A total of 84 patients with residual gliomas after surgery from January 2015 to September 2020 who were treated with chemoradiotherapy were retrospectively enrolled and classified as treatment-sensitive or treatment-insensitive. These patients were divided into a training group (from institution 1, 57 patients) and a validation group (from institutions 2 and 3, 27 patients). All preoperative and postoperative MR images were obtained, including T1-weighted (T1-w), T2-weighted (T2-w), and contrast-enhanced T1-weighted (CET1-w) images. A total of 851 radiomics features were extracted from every imaging series. Feature selection was performed with univariate analysis or in combination with multivariate analysis. Then, four multivariable logistic regression models derived from T1-w, T2-w, CET1-w and Joint series (T1+T2+CET1-w) were constructed to predict the response of postoperative residual gliomas to chemoradiotherapy (sensitive or insensitive). These models were validated in the validation group. Calibration curves, receiver operating characteristic (ROC) curves, and decision curve analysis (DCA) were applied to compare the predictive performances of these models.



Results

Four models were created and showed the following areas under the ROC curves (AUCs) in the training and validation groups: Model-Joint series (AUC, 0.923 and 0.852), Model-T1 (AUC, 0.835 and 0.809), Model-T2 (AUC, 0.784 and 0.605), and Model-CET1 (AUC, 0.805 and 0.537). These results indicated that the Model-Joint series had the best performance in the validation group, followed by Model-T1, Model-T2 and finally Model-CET1. The calibration curves indicated good agreement between the Model-Joint series predictions and actual probabilities. Additionally, the DCA curves demonstrated that the Model-Joint series was clinically useful.



Conclusion

Multiparametric MRI-based radiomics models can potentially predict tumor response after chemoradiotherapy in patients with postoperative residual gliomas, which may aid clinical decision making, especially to help patients initially predicted to be treatment-insensitive avoid the toxicity of chemoradiotherapy.





Keywords: radiomics, magnetic resonance imaging, residual gliomas, chemoradiotherapy, early prediction



Introduction

Glioma is the most common tumor of the brain and is associated with high rates of disability and death, which is part because the tumor lesion is difficult to completely remove surgically due to its invasive growth characteristics. Presently, according to the international guidelines for the treatment of neurological tumors, concurrent postoperative chemoradiotherapy is recommended for some grade 2, grade 3 and grade 4 glioma patients to treat residual tumor lesions. Radiotherapy and chemotherapy have a definite therapeutic effect on gliomas, but there are also some negative effects, such as hair loss, vomiting, decreased immunity and high cost. Clinical practices have shown that not all gliomas are sensitive to chemoradiation due to the heterogeneity of tumor tissues. Therefore, some patients not only are unable to benefit from the treatment but also unnecessarily suffer from the effects of chemoradiation. Therefore, identifying treatment-insensitive patients has become a critical area of research.

Previously, most studies predicting the response of tumors to radiotherapy and chemotherapy have been based on conventional computed tomography/magnetic resonance imaging (CT/MRI), functional MRI or positron emission tomography (PET), but the predictive performances have not been satisfactory. One of the important reasons is because the deep information within images cannot be comprehended with the naked eye. However, radiomics, an emerging method, can acquire the detailed characteristics from medical imaging data of the entire lesion in a high-throughput manner with computer technology (1–3). These extracted data can then be deeply mined and analyzed, correlated with the clinical or biological information of the disease, and finally used to construct prediction models.

Some studies evaluating tumor response with radiomics have been reported, but the research has mainly focused on colorectal cancer, nasopharyngeal cancer, breast cancer and lung cancer (4–7), showing improved predictive performance with radiomics. However, to the best of our knowledge, few studies predicting the curative effect of chemoradiotherapy for residual gliomas with a radiomics approach have been reported, but this area is very important for choosing treatment for glioma patients.

Thus, the purpose of this study was to extract high-throughput radiomics features from conventional multiparametric MR images, screen for features highly correlated with chemoradiation sensitivity, and establish logistic regression models based on the selected features to predict the treatment sensitivity of gliomas. Ultimately, the model was expected to accurately identify treatment-insensitive patients and thus aid clinicians in optimizing treatment regimens for such patients.



Materials and Methods


Patients

This is a retrospective study approved by our institution’s review board, and the requirement for informed consent was waived. In total, the images and pathological data of 231 consecutive patients were collected from three institutions from January 2015 to September 2020 (institution 1: The Second Affiliated Hospital of Nanchang University; institution 2: The First Affiliated Hospital of Gannan Medical College; and institution 3: Hsiang-ya Hospital). In total, 84 glioma patients with residual gliomas after surgery who were treated with concurrent chemotherapy and radiotherapy were enrolled in this study (institution 1, 57 patients; institution 2, 8 patients; and institution 3, 19 patients). The inclusion criteria were as follows: 1) tumors located above the cerebellar tentorium; 2) pathologically confirmed grade II-IV gliomas; 3) a definite residual tumor confirmed by conventional and advanced MRIs acquired within 72 hours after surgery, as well as clear surgical records of a residual lesion; 4) treatment with concurrent radiotherapy and chemotherapy after surgery within 3 weeks; and 5) available and complete preoperative and postoperative images, pathological data and clinical data. The exclusion criteria were as follows: 1) unclear presence of a residual tumor after surgery; 2) atypical postoperative treatment; and 3) missing or incomplete imaging or pathological data. All patients from institution 1 (57 patients), with a treatment-sensitive-to -treatment-insensitive ratio of 16:41, were defined as the training cohort. Patients from institution 2 and institution 3 (a total of 27 patients), with a treatment-sensitive-to-treatment-insensitive ratio of 9:18, were defined as the validation cohort.



Image Acquisition

Preoperatively and postoperatively, conventional MR scans and contrast enhancement scans were acquired for the 84 glioma patients using different devices with similar scanning protocols. In institution 1, 57 patients underwent head MRI using a 1.5-T (Signa HDxt;GE Medical System, Inc, Waukesha, WI, USA) or 3.0-T device (Discovery 750; GE Healthcare, Milwaukee, WI, USA) with an 8-channel head coil. In institution 2, 8 patients underwent head MRI using 3.0-T device (Discovery 750; GE Healthcare, Milwaukee, WI, USA). In institution 3, 19 patients underwent head MRI using a 1.5-T (Avanto Magnetom; Siemens, Erlangen, Germany) or 3.0-T device (Discovery 750; GE Healthcare, Milwaukee, WI, USA). Preoperative MR images were taken within 2 weeks before the operation. Postoperative images were taken within 72 hours after surgery and 3 months after recurrent concurrent chemotherapy and radiotherapy. All of the scanning protocols and imaging parameters were similar among the different MR machines. Axial T1-weighted (T1-w), T2-weighted (T2-w) and axial contrast-enhanced T1-weighted (CET1-w) images in Digital Communications in Medicine (DICOM) format were selected for further analysis. Pathology results and clinical data were obtained from the Electronic Hospital Information System (EHIS).



Image Normalization

To eliminate the heterogeneity among the MR scan parameters and devices, all images were resampled to 1*1*1 mm³ voxels, and their intensity range was normalized to 0 to 255 using the open-source 3D-Slicer 4.10.2 platform (https://www.softpedia.com/get/Science-CAD/3D- Slicer. shtml).



Treatment and Response Evaluation

All 84 glioma patients from the three institutions began chemoradiotherapy within 3 weeks after surgery. Regarding, radiation range and dose, the gross tumor volume (GTV) included areas of abnormal enhancement and the lumen shown by postoperative MR CET1-w images and areas with abnormal signal on T2-w/FLAIR images. The clinical target volume (CTV) was defined as the GTV plus a margin of 1–2 cm. The radiotherapy dose was 60 Gy/30 fractions, avoiding any organs at risk. The chemotherapy regimen was implemented simultaneously and composed of temozolomide (75 mg/m2). The Response Assessment in Neuro Oncology (RANO) criteria (8) was currently widely used around the world to evaluate the effect of therapy on brain tumors and was also applied in this study to evaluate the treatment sensitivity of residual gliomas. The details of the RANO criteria were shown in the Supplementary Material (1). Partial remission and complete remission were defined by the presence of treatment-sensitive tumors that disappeared or decreased by ≥ 50% on CET1-w images. Stable disease and progressive disease were defined by the presence of treatment-insensitive tumors that increased or decreased by -25% ~ +25% on CET1-w images, lesions that increased by ≥ 25% and any new lesions. The therapeutic sensitivity of a tumor was defined by a combination of imaging findings and some clinical indexes. The approximate evaluation formula for tumor volume change was as follows: Tumor volume ≈ (Maximum long diameter) * (Vertical Maximum short diameter) * (Sum of all layer spacing and layer thickness). The first follow-up MRI was conducted within 72 hours postoperatively and applied as the baseline data.



ROI Segmentation and Feature Extraction

Regions of interest (ROIs) were segmented on preoperative images (T1-w, T2-w, and CET1-w images) using the 3D-Slicer 4.10.2 platform, which was also used for feature extraction. All ROI boundaries in each tumor were delineated on every slice of the T1-w, T2-w and CET1-w images. Twenty random patients’ MR images were chosen and manually segmented by a radiologist with 10 years of experience in diagnosing central nervous system diseases (reader 1), and this process was repeated after 3 weeks to evaluate intraobserver reproducibility. The same segmentation procedure was conducted by another radiologist (reader 2) with 15 years of clinical experience to evaluate interobserver reproducibility.

Four types of radiomics features, shape, first-order, textural, and filter-based features (wavelet features), were extracted from the ROIs through the 3D-Slicer 4.10.2 platform. Additionally, four groups of features were extracted from the T1-w, T2-w, CET1-w and Joint series images.

Semantic features of the lesions, such as enhancement grade, cystic grade and edema grade were extracted from the conventional images. The enhancement, cystic and edema features were all graded into three levels, and the details were shown in Table 1.


Table 1 | Clinical characteristics of the patients and semantic image features in the training and validation cohorts.





Feature Selection, Radiomics Model Development, Model Performance Evaluation

The feature data from T1-w, T2-w, CET1-w and Joint series (T1-w+T2-w+CET1-w) were loaded into the GE IPMs platform. The synthetic minority oversampling technique (SMOTE) algorithm was used to balance the training datasets, and Z-score standardization was used for data normalization. After SMOTE, the training cohort contained 82 samples, with a treatment-sensitive -to -treatment-insensitive ratio of 41:41. To establish the radiomics signature, we used univariate analysis and multivariate analysis, including the Student’s t test, Rank sum test, Variance analysis, Correlation_analysis, Univariate _Logistic analysis and multivariate logistic analysis, to select feature sets from the normalized data. The detailed extraction process was showed in the Supplementary Materials (2–5).

R-4.0.3 (https://www.r-project.org/) and the R studio platform (https://rstudio.com/products/rstudio/download/#download) were used to develop the radiomics models. Features selected from the T1-w, T2-w, CET1-w, and Joint series were analyzed with multiple logistic regression to construct the radiomics models. Model validation was conducted in the validation cohort. Calibration plots and receiver operating characteristic (ROC) curves were generated to evaluate model performance. Decision curve analysis (DCA) was performed to evaluate the clinical utility of the models.



Statistical Analysis

Statistical analysis was performed with IBM SPSS Statistics 25 and R software (version 4.0.3). Student’s t test, Chi-square tests and Fisher’s exact tests were used to compare the clinical characteristics, image and pathology data of the training and validation cohorts. The Delong test was used to compare differences in the ROC curves among various models. The intraclass correlation coefficient (ICC) was applied to assess the stability of each extracted radiomics feature. ICCs were calculated through the ‘irr’ package. Multivariate binary logistic regression was performed with the ‘glmnet’ package. The ‘pROC’, ‘rms’ and ‘rmda’ packages were used to obtain ROC curves, calibration curves and DCA curves, respectively. A two-tailed P-value < 0.05 was considered statistically significant.




Results


Patient Characteristics

No significant differences in patient characteristics were observed between the training and validation cohorts (age, sex, sensitivity to treatment, pathological grade, enhancement grade, cystic grade, and edema grade, Table 1, all P > 0.05), indicating that it was reasonable to use external data from institutions 2 and 3 for validation.



Intraobserver and Interobserver Reproducibility of the Radiomics Features

A total of 2553 (851×3) radiomics features were extracted from the ROIs of the T1-w, T2-w and CET1-w images, respectively, including 18 first-order features,14 shape features, and 75 texture features [gray level dependence matrix (GLDM, 14), gray-level co-occurrence matrix (GLCM, 24), gray-level run length matrix (GLRLM, 16), gray-level size zone matrix (GLSZM, 16) and neighborhood gray-tone difference matrix (NGTDM, 5)], and 744 wavelet features [(18 + 14+24+16+16+5)*8]. Features with intraobserver and interobserver ICCs <0.75 were discarded. Therefore, 467 features from the T1-w images, 380 features from the T2-w images, and 490 features from the CET1-w images were obtained.



Radiomics Signature and Model Construction

After univariate analysis with or without multivariate analysis, several features highly correlated with sensitivity to chemoradiation were identified (6 features from the T1-w images, 7 features from the T2-w images, 6 features from the CET1-w images, and 5 features from the Joint series images). The detailed screening procedures were showed in the Supplementary Materials (2–5). The data acquisition and analysis workflow was showed in Figure 1. These final features were introduced to build four radiomics models through multivariate binary logistic regression:

	Model(T1-w)=-0.1262+(0.9157*wavelet-LLL_glcm_Idmn)-(0.1732*wavelet-LHL_glcm_Imc2)

	+(0.8470*original_firstorder_Skewness)-(0.3914*wavelet-HLL_glcm_DifferenceAverage)

	+(0.5724*wavelet-LHH_firstorder_Median)+(0.4312*wavelet-LHH_glcm_SumEntropy)

	Model(T2-w)=0.0267-(0.2443*wavelet-LHL_gldm_LargeDependenceEmphasis)-(0.6148* original_glrlm_LongRunHighGrayLevelEmphasis)+(0.6830*wavelet-HHL_glcm_SumEntropy)

	-(0.0707*original_glcm_Idn)+(0.7691*wavelet-HHL_glcm_Contrast)+(0.1583*wavelet-LHH

	_firstorder_Maximum) -(0.1271*wavelet-LLL_glcm_Imc1)

	Model(CET1-w)=-0.0983+(0.1927*wavelet-LHL_glrlm_RunVariance)-(0.9772*wavelet-LHH _glcm_Idmn)+(0.3411*wavelet-HLH_glszm_HighGrayLevelZoneEmphasis)-(0.8397*wavelet

	-LHH_firstorder_Kurtosis)+(0.5278*wavelet-HLH_glszm_SmallAreaHighGrayLevelEmphasis)

	-(0.5460*wavelet-HHL_firstorder_Kurtosis)

	Model(Joint series)=-0.7185-(2.0591*T1_wavelet-LLL_glszm_GrayLevelNon

	UniformityNormalized)-(1.9826*CET1_wavelet-LHH_glcm_Idmn)-(2.5979*CET1_wavelet

	-LHH_firstorder_Kurtosis)+(1.2404*T1_wavelet-LLH_firstorder_Kurtosis)-(1.2912*CET1

	_wavelet-LLH_firstorder_Median)






Figure 1 | Data acquisition and analysis workflow. All patients were divided into treatment-sensitive and treatment-insensitive groups. (A) Pictures a and d showed the original images before treatment, b and e showed the postoperative images acquired within 24–72 hours, and c and f showed the postoperative images acquired after approximately 3 months of follow-up. (B) ROIs were defined, and feature extraction, including for first-order, shape-, high-order texture-, and filter-based features, was performed. (C) Feature selection, model building and model evaluation were used to predict the response of glioma patients to chemoradiation by multiple logistic regression analysis.





Model Performance Evaluation

The ROC curves (Figure 2) showed the Model-Joint series and Model-T1 had better performances, with areas under the ROC curves (AUCs) of 0.923 and 0.835 in the training cohort and 0.852 and 0.809 in the validation cohort, whereas Model-CET1 and Model-T2 had poor performances with low AUCs in the validation cohorts. Model-T1 had the best sensitivity, specificity and accuracy compared to the other models. The detailed performance results of the different models were listed in Table 2. The Delong tests did not find significant differences between the ROC curves of the Model-Joint series and Model-T1 (p values of 0.113 and 0.738 in the training and validation sets, respectively). However, the differences between the Model-Joint series and Model-CET1-w and between the Model-Joint series and Model-T2 were significant in the training sets, with p values of 0.014 and 0.012, respectively. Nonsignificant unreliability U test (P=0.982 and 0.052) and Hosmer-Lemeshow test results (P=0.7303 and 0.9084) showed good calibration in the training cohort and validation cohort regarding Model-Joint series. The calibration curves were showed in Figure 3. The DCA curves indicated that the Model-Joint series had the most clinical utility, as showed in Figure 4.




Figure 2 | (A, B) showed the ROC curves of the four prediction models in the training and validation cohorts: the blue curve represented the Model(Joint series), the orange curve represented Model(T1-w), the purple curve represented Model(CET1-w), and the turquoise curve represented model(T2-w).




Table 2 | The performances of the four logistic regression models in predicting sensitivity to treatment in the training and validation cohorts.






Figure 3 | (A, B) showed the calibration curves of the Model(Joint series) in the training cohort and validation cohort. The y-axis represented the actual probability of treatment-sensitive patients. The x-axis represented the predicted probability of treatment-insensitive patients. The diagonal gray line represented a perfect prediction by an ideal model. The black solid line represented the prediction performance of the Model(Joint series), and the closer the black line was to the gray line, the better the prediction performance of the model.






Figure 4 | (A, B) showed the DCA results for four models in the training cohort and validation cohort. The blue curve was for the Model(Joint series), the orange curve was for Model(T1-w), the purple curve was for Model(CET1-w), and the turquoise curve was for Model(T2-w). The x- and y-axes indicated the high-risk threshold and net benefit, respectively. The gray curve represented the assumption that all patients were sensitive to treatment; the black line represented the assumption that all patients were insensitive to treatment.






Discussion

In our study, four MRI-based radiomics logistic regression models were established, derived from T1-w, T2-w, CET1-w and Joint series. Model-Joint series and Model-T1 yielded better predictivity in determining whether glioma patients were sensitive to chemoradiation. Hence, MRI-based radiomics models may help clinicians identify treatment-sensitive and treatment-insensitive patients to tailor treatment to each individual.

Radiotherapy and chemotherapy are important adjuvant treatments for patients with residual tumors postoperatively. Multiparameter MRI, a noninvasive and repeatable examination method, has been widely used to evaluate the efficacy of chemoradiotherapy for tumors. However, there are few studies predicting the curative effect of chemoradiotherapy for residual gliomas before treatment, which is crucial for choosing the right therapeutic schedule. We know that not all glioma patients are susceptible to chemoradiotherapy. Therefore, if we can detect poor responders early, many unnecessary injuries and side effects can be avoided. Additionally, alternative treatments can be chosen earlier, such as targeted therapy (9–12), immunotherapy (13–16), interstitial brachytherapy (17, 18), or even sonodynamic therapy based on ultrasound stimulation and a sonosensitizer (19). In our study, we used radiomics models to predict the sensitivity of residual gliomas to chemoradiotherapy and compared the histopathological grade and conventional MR semantic features between treatment-sensitive and treatment-insensitive patients. The results showed no significant difference in the histopathological grade of gliomas between the treatment-sensitive and treatment-insensitive groups. This may be because the histological grade was determined by the degree of differentiation of a small specimen, which cannot represent the whole tumor, whereas radiomics features provide the tumor’s overall biological information (20, 21). The pretreatment conventional MR semantic features of the tumor lesions, including enhancement, cystic and edema grades, also showed no difference between the two groups. Therefore, conventional MR semantic features may not predict the sensitivity of the tumor to chemoradiation.

Radiomics, an emerging and noninvasive research method, is used to extract high-throughput imaging features that cannot be recognized by the human eye and to evaluate and quantify biological information such as tumor heterogeneity, tumor cell growth and the surrounding microenvironment (22, 23). According to previous studies on locally advanced rectal cancer, radiomics features, including skewness, entropy and several GLCM parameters, extracted from MRI have can be highly significant predictors for the response to neoadjuvant chemoradiotherapy (24–27). In our present work, four groups of radiomics features were selected to establish predictive models, including first-order features, shape-based features, textural features, and wavelet features. The wavelet features were extracted by a three-dimensional discrete wavelet transform using high-frequency and low-frequency filters, which can accurately obtain the detailed features of the images. In the four models (Table 3), the wavelet_firstorder_Kurtosis feature appeared four times, indicating that kurtosis was closely associated with chemoradiotherapy in gliomas; this feature described the overall distribution curve of voxel intensity in the ROI with a flat or sharp peak. However, this result was different from that of Dinapoli N et al. (26), who conducted a study based on an intensity histogram signature to predict the probability of achieving a pathologic complete response using a Laplacian of Gaussian (LoG) filter. We inferred that there may be two reasons for the different results: one was the different types of tumors studied, and the other was the different feature extraction methods. The wavelet_glcm_Idmn feature was the second most repeated feature in all models. GLCM described the joint gray-level distribution of any two pixels in the ROI with some spatial positioning information, and the gray-level distribution can be mined with repetitive regularity. Idmn measured the local variations in the image texture and reflected the homogeneity of the texture. The more uniform the local image was, the stronger the texture regularity, and the larger the Idmn value. The Wavelet_firstorder_Median, wavelet_glcm_Imc and wavelet_glcm _SumEntropy features were repeated twice in the models. Median represented the median gray level intensity within the ROI, which was likely related to chemotherapeutic efficacy according the Ng SH’ study (28). Imc assessed the correlation of the probability distributions, quantifying the complexity of the texture. SumEntropy was the sum of the neighborhood intensity value differences. In the Model-Joint series, the Idmn and median values from the CET1-w scans were both inversely proportional to the sensitivity of glioma to chemoradiation. This meaned that the more heterogeneous the image texture, the smaller the median gray value, and the more sensitive the tumors were to treatment. In our four models, no shape-based features appeared, suggesting that tumor morphology was not closely related to sensitivity to treatment. Additionally, it was noteworthy that no feature was selected from the T2-w images to construct the Model-Joint series. We found most of the features selected from T1-w, T2-w and CET1-w images were texture features, which reflected the internal distribution law of image pixels. Usually, T2-w was significantly superior to T1-w in depicting lesions, but it may focus more on differences in signal strength. However, in analyzing the deep texture structure of the image, T1-w seemed to perform better than T2-w based on machine vision. In future studies, we will focus on this problem and further verify it.


Table 3 | Four groups of radiomics features extracted from MR images were showed.



Among all four models, the Model-Joint series had the best prediction performance for the sensitivity of residual gliomas to treatment, followed by Model-T1, but the Delong test showed that the difference in AUC was not significant between these two models. The reason for this may be because the sample size was not large enough. However, the Delong tests for the comparisons between the Model-Joint series and Model-CET1(p=0.014) and between the Model-Joint series and Model-T2(p=0.012) in the training cohort showed significant differences. In addition, more samples and more complex deep learning algorithms need to be used to further improve the sensitivity, specificity and accuracy of the Model-Joint series in the validation cohort. Nonetheless, one strength of this study was that MRI was used to noninvasively predict both radiotherapy and chemotherapy outcomes for gliomas before treatment beginning, which was worthy of further study in the future.

There are several limitations to this work. First, although the RANO criteria are the current standard for evaluating clinical therapeutic effects in tumors, there are still a few cases that are difficult to classify. Therefore, we asked a chief physician with 30 years of experience to confirm the results. Second, it is more reasonable to enlarge sample in future to compare differences in clinical, pathological, and semantic features between treatment-sensitive and treatment-insensitive patients. In addition, many previous studies have shown that genotype, such as IDH mutation, 1p19q codeletion and MGMT promoter methylation status, has a great correlation with therapeutic effect and tumor prognosis (29, 30). Due to the absence of genetic tests in some patients, genetic phenotype was not included as a predictor of treatment response in this study. However, in the future, it is necessary to conduct prospective studies that integrate additional genetic information into the predictive models.

In conclusion, we explored the potential role of radiomics-based models derived from preoperative multiparametric MRI in predicting the response to concurrent radiotherapy and chemotherapy in residual glioma patients. These models may help clinicians personalize patient treatment and help treatment-insensitive patients avoid unnecessary injuries and side effects from chemoradiotherapy.
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Objective

Monitoring biomarkers using machine learning (ML) may determine glioblastoma treatment response. We systematically reviewed quality and performance accuracy of recently published studies.



Methods

Following Preferred Reporting Items for Systematic Reviews and Meta-Analysis: Diagnostic Test Accuracy, we extracted articles from MEDLINE, EMBASE and Cochrane Register between 09/2018–01/2021. Included study participants were adults with glioblastoma having undergone standard treatment (maximal resection, radiotherapy with concomitant and adjuvant temozolomide), and follow-up imaging to determine treatment response status (specifically, distinguishing progression/recurrence from progression/recurrence mimics, the target condition). Using Quality Assessment of Diagnostic Accuracy Studies Two/Checklist for Artificial Intelligence in Medical Imaging, we assessed bias risk and applicability concerns. We determined test set performance accuracy (sensitivity, specificity, precision, F1-score, balanced accuracy). We used a bivariate random-effect model to determine pooled sensitivity, specificity, area-under the receiver operator characteristic curve (ROC-AUC). Pooled measures of balanced accuracy, positive/negative likelihood ratios (PLR/NLR) and diagnostic odds ratio (DOR) were calculated. PROSPERO registered (CRD42021261965).



Results

Eighteen studies were included (1335/384 patients for training/testing respectively). Small patient numbers, high bias risk, applicability concerns (particularly confounding in reference standard and patient selection) and low level of evidence, allow limited conclusions from studies. Ten studies (10/18, 56%) included in meta-analysis gave 0.769 (0.649-0.858) sensitivity [pooled (95% CI)]; 0.648 (0.749-0.532) specificity; 0.706 (0.623-0.779) balanced accuracy; 2.220 (1.560-3.140) PLR; 0.366 (0.213-0.572) NLR; 6.670 (2.800-13.500) DOR; 0.765 ROC-AUC.



Conclusion

ML models using MRI features to distinguish between progression and mimics appear to demonstrate good diagnostic performance. However, study quality and design require improvement.





Keywords: glioblastoma, machine learning, monitoring biomarkers, meta-analysis, artificial intelligence, treatment response, deep learning, glioma



1 Introduction

Glioblastoma is the most common primary malignant brain tumor with a median 14.6 month overall survival (1). This is in spite of a standard care regimen comprising maximal debulking surgery, followed by radiotherapy with concomitant temozolomide, followed by adjuvant temozolomide. Monitoring biomarkers (2) identify longitudinal change in the growth of tumor or give evidence of response to treatment, with magnetic resonance imaging (MRI) proving particularly useful in this regard. This is due both to the non-invasive nature of MRI, and its ability to capture the entire tumor volume and adjacent tissues, leading to its recommended incorporation into treatment response evaluation guidelines in trials (3, 4). Yet challenges occur when false-positive progressive disease (pseudoprogression) is encountered, which may take place during the 6 month period following the completion of radiotherapy and is manifest as an increase in contrast enhancement on T1-weighted MRI images, which reflects the non-specific disruption of the blood-brain barrier (Figure 1) (5, 6).




Figure 1 | Longitudinal series of MRI images in two patients (A, B) with glioblastoma, IDH-wildtype. All images are axial T1-weighted after contrast administration. Images (Aa–Ad) demonstrate tumor progression. (Aa) Pre-operative MRI of a glioblastoma in the occipital lobe. (Ab) Post-operative MRI five days after resection; there is no contrast enhancement therefore no identifiable residual tumor. (Ac) The patient underwent a standard care regimen of radiotherapy and temozolomide. A new enhancing lesion at the inferior margin of the post-operative cavity was identified on MRI at three months after radiotherapy completion. (Ad) The enhancing lesion continued to increase in size three months later and was confirmed to represent tumor recurrence after repeat surgery. Images (Ba–Bd) demonstrate pseudoprogression. (Ba) Pre-operative MRI of a glioblastoma in the insula lobe. (Bb) Post-operative MRI at 24 hours after surgery; post-operative blood products are present but there is no contrast enhancement therefore no identifiable residual tumor. (Bc) The patient underwent a standard care regimen of radiotherapy and temozolomide. A new rim-enhancing lesion was present on MRI at five months after radiotherapy completion. (Bd) Follow-up MRI at monthly intervals showed a gradual reduction in the size of the rim-enhancing lesion without any change in the standard care regimen of radiotherapy and temozolomide or corticosteroid use. The image shown here is the MRI four months later.



Non-specific increased contrast enhancement occurs in approximately 50% of patients undergoing the standard care regimen. There is an approximately equal chance that the tumor may represent pseudoprogression or true progression because pseudoprogression occurs in approximately 10-30% of all patients (7, 8). For more than a decade, researchers have attempted to distinguish pseudoprogression from true progression at the time of increased contrast enhancement because of the substantial potential clinical impact. If there is true progression the treating clinical team typically will initiate a prompt modification in treatment strategy with termination of ineffectual treatment or initiation of second-line surgery or therapies (9). If there is pseudoprogression the treating clinical team typically will continue with the standard care regimen. However, the decision making can only be made retrospectively with current treatment response evaluation guidelines (4). A monitoring biomarker (2) that reliably distinguishes pseudoprogression from true progression at the time of increased contrast enhancement would fully inform the difficult decision contemporaneously.

Under the standard care regimen, pseudoprogression occurs as an early-delayed treatment effect as opposed to radiation necrosis which is a late-delayed radiation effect (10). Radiation necrosis also manifests as non-specific increased contrast enhancement, however, pseudoprogression appears within 6 months of radiotherapy completion whereas radiation necrosis occurs beyond 6 months. Radiation necrosis occurs with an incidence an order of magnitude less than that of pseudoprogression (11). Another difference between the two entities is that much evidence suggests that pseudoprogression is significantly correlated with O6-methylguanine DNA methyltransferase (MGMT) promoter methylation. As with pseudoprogression, there is a need to distinguish radiation necrosis from true progression at the time of increased contrast enhancement because, again, there is substantial potential clinical impact. In particular, if there is true progression the treating clinical team typically would initiate second-line surgery or therapies. However, the decision making can only be made retrospectively with current treatment response evaluation guidelines (3). Therefore, a monitoring biomarker (2) that reliably distinguishes radiation necrosis from true progression at the time of increased contrast enhancement would fully inform the treating clinical team’s decision contemporaneously.

Developing monitoring biomarkers to determine treatment response has been the subject of many studies, with many incorporating machine learning (ML). A review of such neuro-oncology studies up to September 2018 showed that the evidence is relatively low level, given that it has usually been obtained in single centers retrospectively and often without hold-out test sets (11, 12). The review findings suggested that those studies taking advantage of enhanced computational processing power to build neuro-oncology monitoring biomarker models, for example deep learning techniques using convolutional neural networks (CNNs), have yet to show benefit compared to ML techniques using explicit feature engineering and less computationally expensive classifiers, for example using support vector machines or even multivariate logistic regressions. Furthermore, studies show that using ML to make neuro-oncology monitoring biomarker models does not appear to be superior to applying traditional statistical methods when analytical validation and diagnostic performance is considered (the fundamental difference between ML and statistics is that statistics determines population inferences from a sample, whereas ML extracts generalizable predictive patterns). Nonetheless, the rapidly evolving discipline of applying radiomic studies to neuro-oncology imaging reflects a recent exponential increase in published studies applying ML to neuroimaging (13), and specifically to neuro-oncology imaging (14). It also mirrors the notable observation that in 2018, arXiv (a repository where computer science papers are self-archived before publication in a peer-reviewed journal) surpassed 100 new ML pre-prints per day (15). Given these developments, there is a need to appraise the evidence of ML applied to monitoring biomarkers determining treatment response since September 2018.

The aim of the study is to systematically review and perform a meta-analysis of diagnostic accuracy of ML-based treatment response monitoring biomarkers for glioblastoma patients using recently published peer-reviewed studies. The study builds on previous work to incorporate the rapidly growing body of knowledge in this field (11, 16), providing promising avenues for further research.



2 Materials and Methods

This systematic review and meta-analysis are registered with PROSPERO (CRD42021261965). The review was organized in line with the Preferred Reporting Items for Systematic Reviews and Meta-Analysis: Diagnostic Test Accuracy (PRISMA-DTA) (17) incorporating Cochrane review methodology relating to “developing criteria for including studies” (18), “searching for studies” (19), and “assessing methodological quality” (20).

Pseudoresponse (bevacizumab-related response mimic), an important concern in the United States where it is licensed, was not the focus of the systematic review and meta-analysis.


2.1 Search Strategy and Selection Criteria

Recommendations were followed to perform a sensitive search (with low precision), including the incorporation of subject headings with exploded terms, and without any language restrictions (19). Search terms were applied to MEDLINE, EMBASE and the Cochrane Register to capture original research articles published from September 2018 to January 2021 (Supplementary Table S1). Pre-prints and non-peer reviewed material were excluded.


2.1.1 Inclusion Criteria

Study participants included were adult glioblastoma patients treated with a standard care regimen (maximal debulking surgery, followed by radiotherapy with concomitant temozolomide, followed by adjuvant temozolomide) who underwent follow-up imaging to determine treatment response status (explicitly, differentiating true progression/recurrence from mimics of progression/recurrence (defined below), and designated as the target condition of the systematic review).



2.1.2 Exclusion Criteria

Studies were excluded if they focused on pediatrics, pseudoresponse, or had no ML algorithm employed in the extraction or selection of features, or in classification/regression.



2.1.3 Index Test and Reference Standard

The ML model determined the treatment response outcome, and was designated as the index test of the systematic review. Either clinicoradiological follow up or histopathology at re-operation or a combination of both, were designated as the reference standard of the systematic review. The bibliography of each included article was checked manually for other relevant studies.

A neuroradiologist, T.C.B., and a data scientist, A.C., with 16 and 2 years, respectively, of experience in neuroimaging applied to neuro-oncology, independently performed the literature search and selection.




2.2 Data Extracted and Risk of Bias Assessment

For every study, risk of bias as well as concerns regarding applicability, were assessed by applying QUADAS 2 methodology (21) alongside proformas incorporating items from the Checklist for Artificial Intelligence in Medical Imaging (CLAIM) (22). Data was extracted from published studies to determine: whether the datasets analyzed contained any tumors other than glioblastomas, especially anaplastic astrocytomas and anaplastic oligodendrogliomas; the index test ML algorithm and any cross validation processes; training and hold-out test set information; what reference standard(s) were employed; non-imaging features and MRI sequence(s) included in the analysis.

The appropriateness of reference standard follow-up imaging protocols was reviewed. The handling of confounding factors such as second-line medication therapy, temozolomide cessation, and steroid use were assessed. It was also determined whether the treatment response (target condition) used in the published study was appropriate. Under the standard care regimen, contrast-enhancing lesions enlarging due to pseudoprogression typically occur within 0-6 months after radiotherapy, whereas contrast-enhancing lesions enlarging due to radiation necrosis typically occur beyond this 6 month window, according to the evidence. When “post-treatment related effects” (PTRE) is employed as a term for treatment response outcome, the phenomena of pseudoprogression and radiation necrosis are both included (23, 24). These three terms therefore capture detail regarding the time period when the mimics of progression/recurrence occur. Deviations in the use of the three terms defined here were noted. Data on the length of follow-up imaging after contrast-enhancing lesions enlarged were additionally extracted and evaluated. Clinicoradiological strategies considered optimal in designating outcomes as PTRE or true progression/recurrence included the following: assigning an MRI scan as baseline after radiotherapy (25); excluding outcomes based on T2-w lesion enlargement (25); permitting a period of 6-month follow up from the first time when contrast-enhancing lesions enlarged; during this 6-month period having two subsequent follow-up scans as opposed to a single short interval “confirmatory” follow-up scan. Two follow-up scans mitigate against some scenarios where the contrast-enhancing lesions due to PTRE continue to enlarge over a short interval, and this continued enlargement is seen at a short interval scan confounding assessment by falsely “confirming” true progression (26, 27). This might be termed an “upslope effect”.

A neuroradiologist (US attending, UK consultant), T.C.B., and a data scientist, A.C., with 16 and 2 years, respectively, of experience in neuroimaging applied to neuro-oncology, independently performed the data extraction and quality assessment. Discrepancies between the two reviewers were considered at a research meeting chaired by a third neuroradiologist (US attending, UK consultant), A.A-B. (8 years experience of neuroimaging applied to neuro-oncology), until a consensus was reached.



2.3 Data Synthesis and Statistical Analysis


2.3.1 Performance Accuracy for Individual Studies

Based on the published study data, 2 x 2 contingency tables were made for hold-out test sets from which the principal diagnostic accuracy measures of sensitivity (recall) and specificity were calculated. The area under the receiver operating characteristic curve (ROC-AUC) values and confidence intervals were extracted in studies where these were published. Additional secondary outcome measures of balanced accuracy, precision (positive predictive value) and F1-score were also determined from the contingency tables. In those studies where there was a discrepancy in the principal diagnostic accuracy measures and the accessible published study raw data, this was highlighted. If both internal and external hold-out test sets were published in a study, the principal diagnostic accuracy measures for the external test set alone were calculated. In studies without hold-out test sets, “no test set” was recorded (22) and the training set principal diagnostic accuracy measures from the training set were summarized. The unit of evaluation was per-patient. All test set data included glioblastoma.



2.3.2 Meta-Analysis

The principal diagnostic accuracy measures of sensitivity (recall) and specificity were subject to meta-analysis. We determined two pooled primary measures of accuracy: the true positive rate (sensitivity/recall) and the false negative rate (1-specificity). A bivariate random-effect model (28), which allows for two important circumstances (29–31) (Supplementary Statistical Information), was chosen to determine the two pooled primary measures of accuracy. Briefly, the circumstances are first, that the values of the selected principal diagnostic accuracy measures are usually highly related to one another through the cut-off value. With an increase of sensitivity, specificity is likely to decrease and, as a consequence, these two measures are usually negatively correlated. Second, a relatively high level of heterogeneity is commonly observed among the results of diagnostic studies. This is verified in various ways ranging from visual assessment through chi-square based tests to random-intercept models decomposing total variance of results into between- and within- study levels. The bivariate random-effect model not only allows for the simultaneous analysis of diagnostic measures but also addresses their heterogeneity (28). Bivariate joint modelling of the primary measures of accuracy assumes that the logits of these quantities follow a bivariate normal distribution and allows for a non-zero correlation. Based on this assumption, a linear random-effect model is applied to the data and estimates of mean true positive rate (sensitivity) and false positive rate (1-specificity), along with their variances and correlation between them, can be obtained. The pooled estimates of true positive rate and false positive rate are initially estimated on the logit scale (Supplementary Statistical Information). To be interpretable they require transformation back to the original probability scale (ranging within 0-1 limits).

The parameters of this model also allowed us to plot the summary ROC (SROC) curve and determine the summary ROC-AUC. Using a resampling approach (32), the model estimates were also used to derive the pooled measures of balanced accuracy as well as the positive and negative likelihood ratios and the diagnostic odds ratio.

The meta-analysis was conducted by a statistician, M.G., with 15 years of relevant experience. All the statistical analyses were performed in R (v 3.6.1). The R package mada (v 0.5.10) (33) was used for the bivariate model. Since some of the 2 x 2 contingency table input cell values (true positive, false positive, false negative, true negative) derived from the individual studies contained zeros, a continuity correction (0.5) was applied.




2.4 Prognostic Biomarkers Predicting Future Treatment Response

Most studies of prognostic imaging biomarkers in glioblastoma predict the outcome measure of overall survival using baseline images. Nonetheless, we found a small group of studies using ML models that predicted the outcome measure of future treatment response using baseline images. The studies were examined using identical methodology to that applied to monitoring biomarkers.




3 Results


3.1 Characteristics and Bias Assessment of Studies Included

In all, 2362 citations fulfilled the search criteria of which the full text of 57 potentially eligible articles were reviewed (Figure 2). Twenty-one studies from September 2018 to January 2021 (including the publication of “online first” articles prior to September 2018) were included, 19 of which were retrospective. The total number of patients in the training sets were 1335 and in the test set 384. The characteristics of the 18 monitoring biomarker studies are presented in Table 1 and the characteristics of the 3 studies that applied the ML models to serve as prognostic biomarkers to predict future treatment response using baseline images (or genomic alterations) are presented in Table 2.




Figure 2 | Flow diagram of search strategy.




Table 1 | Studies using machine learning in the development of glioblastoma monitoring biomarkers.




Table 2 | Studies applying machine learning models to baseline MRI images (or genomic signatures) to operate as glioblastoma prognostic biomarkers to predict future treatment response.




3.1.1 Treatment Response Target Conditions

The treatment response target conditions varied between studies (Table 1). Around a quarter of studies (5/18, 28%) designated only 0-12 weeks after radiotherapy as the time period when pseudoprogression appears – as opposed to the entire 6-month time period when pseudoprogression might occur. A third of studies (6/18, 33%) assigned PTRE as the target condition. No study assigned radiation necrosis alone as the target condition. Five studies in the systematic review (5/18, 28%) included grade 3 gliomas. Only two of these five studies employed test sets; the test set in one study did not contain any grade 3 gliomas and the number in the test set in the other study was unclear although the number was small (14% grade 3 in combined training and test datasets). Therefore, as a minimum, all but one test set in the systematic review and meta-analysis contained only glioblastoma, the previous equivalent of glioma grade 4 according to c-IMPACT classification (“glioblastomas, IDH-wildtype” or “astrocytoma, IDH-mutant, grade 4”) (55).



3.1.2 Reference Standards: Clinicoradiological Follow-Up and Histopathology Obtained at Re-Operation

The majority of studies (13/18, 67%) employed a combination of clinicoradiological follow up and histopathology at re-operation, to distinguish true progression from a mimic. A few individual studies employed one reference standard for one decision (true progression) and another reference standard for the alternative decision (mimic); this and other idiosyncratic rules led to a high risk of bias in terms of the reference standard used, as well as how patients were selected, in several studies.



3.1.3 Selected Features

Most studies only analyzed imaging features alone (15/18, 83%) whereas the remainder incorporated additional non-imaging features. A third of studies (6/18, 33%) used deep learning methodology to derive features (specifically, convolutional neural networks).



3.1.4 Test Sets

A third of studies did not have hold-out test sets (6/18, 33%) and instead the performance accuracy was determined using training data through cross-validation (Table 1). Therefore, there was a high risk of bias for the index test used in these six studies. A third of studies had external hold-out test sets (6/18, 33%). The ranges of mean diagnostic accuracy measures in these six studies were: recall (sensitivity) = 0.61-1.00; specificity = 0.47-0.90; precision (positive predictive value) = 0.58-0.88; balanced accuracy = 0.54-0.83; F1 score = 0.59-0.94; ROC-AUC = 0.65-0.85.



3.1.5 Bias Assessment and Concerns Regarding Applicability Summary

The risk of bias evaluation for each study was summarized (Supplementary Figure S1). All or most studies were assigned to the highest class for risk of bias in terms of the reference standard (18/18, 100%) and patient selection (15/18, 83%) QUADAS 2 categories respectively. A third or nearly a half of studies were either in the highest class for risk of bias or the risk was unclear in terms of flow and timing (6/18, 33%) and the index test (8/28, 44%) QUADAS 2 categories respectively. The results from the “concerns regarding applicability” evaluation largely mirrored the results of the risk of bias evaluation.



3.1.6 Prognostic Biomarkers Predicting Future Treatment Response (Subgroup)

There were two studies which were prospective, both of which had a small sample size (n = 10); the third study in this subgroup was retrospective. One study applied genomic alterations alone as features to predict future MRI treatment response. All studies (3/3, 100%) were in the highest class for risk of bias in terms of the reference standard, patient selection and index test QUADAS 2 categories (Supplementary Figure S2). In terms of “concerns regarding applicability” evaluation, the results mirrored the risk of bias evaluation exactly. Diagnostic accuracy measures could not be calculated because of study design. Design constraints included units of assessment in one study being per-lesion whilst another was per-voxel. One study also incorporated a prognostic metric of 1-year progression free survival for the predicted treatment response target condition. Overall, the studies are best considered as proof of concept. Overall, there was insufficient data to perform a subgroup meta-analysis.




3.2 Results of Meta-Analysis

Eleven studies appeared eligible for inclusion in a meta-analysis of monitoring biomarker studies as there was information regarding internal or external hold-out test set data. However, one test was ineligible (n < 10; 3 cells in the 2 x 2 contingency table n = 0). Ten (10/18, 56%) remaining studies were subject to further analyses. Forest plots of sensitivity and specificity (Figure 3) graphically showed a high level of heterogeneity. Also, chi-square tests were applied separately to both primary measures. The p values resulting from these tests were 0.017 and 0.110 for sensitivities and specificities, respectively thus indicating the significant heterogeneity. This supported the choice of the bivariate random-effect model. The pooled true positive rate (sensitivity) = 0.769 (0.649 - 0.858) and the pooled false positive rate (1-specificity) = 0.352 (0.251 - 0.468).




Figure 3 | Forest plots showing sensitivity and specificity.



A scatter plot of false positive rates (1-specificity) and true positive rates (sensitivity) shown in Figure 4 demonstrates individual ROC point estimates and a summary ROC (SROC) curve giving summary ROC-AUC = 0.765.




Figure 4 | Summary Receiver Operator Characteristic Curve (SROC) of diagnostic performance accuracy. The summary point estimate and surrounding 95% confidence region is shown.



The derived pooled measures of balanced accuracy = 0.706 (0.623-0.779); positive likelihood ratio = 2.220 (1.560-3.140); negative likelihood ratio = 0.366 (0.213- 0.572); diagnostic odds ratio = 6.670 (2.800-13.500).




4 Discussion


4.1 Summary of Findings

To date, available evidence is relatively low level (12) for determining the diagnostic accuracy of ML-based glioblastoma treatment response monitoring biomarkers in adults. The available evidence is subject to a number of limitations because recent studies are at a high risk of bias and there are concerns about its applicability, especially when determining the status of response to treatment using the reference standards of follow-up imaging or pathology at re-operation. There are similar and associated concerns regarding the selection of study patients. A third of the studies did not include any type of hold-out test set. Most of the studies employed classic ML approaches based on radiomic features. A third of studies employed deep learning methodologies.



4.2 Limitations


4.2.1 Studies Assessed

Limitations encompassed three main areas. First, the reference standards used in all studies resulted in a high risk of bias and concerns about applicability. With the exception of the prognostic biomarker subgroup of studies, all the studies were retrospective, which increased the risk of confounding. Confounding factors, in relation to imaging follow-up and pathology at re-operation reference standards, were second-line drug therapy and cessation of temozolomide, all of which were rarely considered. Likewise, the use of corticosteroids was rarely considered despite being a confounding factor in relation to the imaging follow-up reference standard. If unaccounted for, an increase in corticosteroid dose may cause false negative treatment response. Some authors provided a statement within their methodology that they followed RANO guidelines (4) which if followed meticulously would surmount some of these clinicoradiological limitations, such as the use of corticosteroids which is integrated with the imaging assessment. One limitation in using the RANO guidelines, however, is that in some scenarios the contrast-enhancing lesions due to PTRE continue to enlarge over a short interval, confounding assessment by falsely confirming true progression if continued enlargement is seen at a second short interval scan; RANO guidelines do not account for this upslope effect (26, 27).

Second, patient selection was problematic and is associated with confounding. For example, patients receiving second-line drug therapy should have been excluded as response assessment may be altered. It is also noteworthy that astrocytoma, IDH-mutant, grade 4 are biologically and prognostically distinct from glioblastomas, IDH-wildtype (55). Variable proportions in individual studies introduces between-study heterogeneity and therefore this is a source of potential confounding when comparing or pooling data. Nonetheless, it is acknowledged that for grade 4 tumors, IDH-mutants have a prevalence an order of magnitude less than IDH-wildtype, likely limiting the impact of such confounding.

Third, hold-out test sets should be used for diagnostic accuracy assessment in ML studies (22) as it is a simple demonstration as to whether the trained model overfits data; nonetheless more than a third of studies did not use either an internal or external hold-out test set. Nonetheless, six studies did use external hold-out tests which might be considered optimal practice for determining generalizability.



4.2.2 Review Process

Imaging reference standards, especially RANO trial guidelines (4) and later iterations (25), are rarely applied correctly and are themselves confounded (56). Because tumors have a variety of shapes, may have an outline that is difficult to delineate, and may be located only within the cavity rim, it can be challenging to perform seemingly simple size measurements (11). For example, large, cyst-like glioblastomas may be “non-measurable” unless a solid nodular component of the rim fulfils the “measurable” criteria.

As well as the scenario described above highlighting the upslope effect of PTRE (26, 27), another limitation of RANO is a failure to acknowledge that pseudoprogression appears over a 6-month period rather than a 3-month period (although it is accepted that even a 6 month cut-off is arbitrary) (26). Follow-up imaging of adequate duration is therefore required in study design. This leads to a further limitation of this or other systematic reviews – it is extremely difficult to design studies with enough nuance to be at low risk of bias in regards to the reference standard.

Another limitation of this systematic review is that pathology at re-operation, where used as a reference standard, is typically not an entirely reliable reference standard for two reasons (57). First, there is the potential for biopsy sampling bias because the entire enhancing tissue may represent an admixture of PTRE and tumor (58). Second, there is a lack of pathological standardization causing a variety of inter-observer diagnostic interpretations given the background of extensive post-therapy related changes (59). Nonetheless, in the absence of more reliable available reference standards at re-operation, it was pragmatically included as an acceptable reference standard. Additionally, according to many authors, it is closer to being a more accurate reference standard compared to follow-up imaging.

Publication bias may also have affected the range of diagnostic accuracy of the monitoring biomarkers included in this systematic review and meta-analysis. Related to this, the exclusion of pre-prints and non-peer reviewed material may exacerbate publication bias. In particular, given that some in the data science community may not submit their work in peer-reviewed journals as peer review is relatively slow compared to the speed at which data science develops, it is plausible that publication bias relates to the make-up of the researcher team. For example, more clinically-orientated teams may be more inclined to publish in a peer reviewed journal compared to more data science-orientated teams.




4.3 Explanation of the Results in the Context of Other Published Evidence

After treatment, “monitoring biomarkers” are measured serially to detect change in the extent of tumor infiltration or to provide evidence of response to treatment (2). In nearly all glioblastomas the integrity of the blood brain barrier is disrupted and MRI is used to take advantage of this. Following intravenous administration of gadolinium-based contrast agents, the hydrophilic contrast molecules diffuse from the vessel lumen and accumulate in the extravascular extracellular space, manifesting on T1-weighted sequences as contrast-enhancing hyperintense regions (60). Subsequently, MRI has been incorporated into recommendations for determining response to treatment in trials (4). In these recommendations, treatment response assessment is based on simple linear metrics of contrast-enhancing tumor, specifically, the product of maximal perpendicular cross-sectional dimensions in “measurable” lesions defined as > 10 mm in all perpendicular dimensions. The recommendations are based on expert opinion informed by observational studies and derived from the biologically plausible assumption that an increase in the size of a tumor identifies disease progression, potentially resulting in a lead time improvement for therapeutic intervention before the tumor becomes clinically apparent (61). The rationale is that there may be advantages in altering management early on before the onset of irreversible disability or the tumor extent precludes intervention. Justification for enhancement as a proxy for tumor has been inferred from data showing that the size of the enhancing region and extent of resection of the enhancing region are “prognostic biomarkers” (2) at both initial presentation and confirmed recurrence (62–64).

The trial assessment recommendations, incorporated in a less stringent form during routine clinical assessment (65), allow for an early change in treatment strategy (9). However, there are important challenges using conventional structural MRI protocols.

First, treatment response assessment typically is made in a retrospective manner as confirmatory imaging is required to demonstrate a sustained increase or a sustained decrease in enhancing volume. This leads to a delay in diagnosis.

Second, contrast enhancement is biologically non-specific, which can result in false negative, false positive, and indeterminate outcomes, especially in regards to the post-treatment related pseudophenomena observed in glioblastoma patients (61). Pseudoprogression is an early post-treatment related effect characteristically appearing within 6 months of glioblastoma patients completing radiotherapy and concomitant temozolomide, whereas pseudoresponse (not examined in this systematic review) appears after patients have been treated with anti-angiogenic agents such as bevacizumab. False-negative treatment response and false-positive progression appear as a decrease or an increase in the volume of MRI contrast enhancement, respectively. Delayed post-treatment related effects caused by radiation necrosis similarly appear as an increase in volume of MRI contrast enhancement, again potentially causing false-positive progression. A different scenario where contrast enhancement is biologically non-specific includes post-operative peritumoral parenchymal enhancement after operative “tissue handling”; or after operative infarction.

Conventional structural MRI protocols are therefore limited and contemporaneous, accurate and reliable monitoring biomarkers are required for glioblastoma treatment response assessment. Three potential solutions are highlighted here:

First, an emerging alternative approach is to harness the potential value of circulating biomarkers (including circulating tumor cells, exosomes, and microRNAs) to monitor disease progression in glioma patients (66). However, as with any potential monitoring blood or cerebral spinal fluid biomarker, potential use requires further evaluation and validation in large scale prospective studies before implementation into standard clinical practice can be envisaged.

Second, another promising approach is to use advanced imaging techniques (67). The last three decades have seen considerable technical developments in MRI (for example, those related to perfusion, permeability and diffusion), 1H-MR spectroscopic imaging, and positron emission tomography (for example using radiolabelled amino acids). A meta-analysis of 28 perfusion and permeability imaging studies showed that the pooled sensitivities and specificities of each study’s best performing parameter were 90% and 88% (95% confidence interval (CI), 0.85 - 0.94; 0.83 - 0.92) and 89% and 85% (95% CI, 0.78 - 0.96; 0.77 - 0.91) for dynamic susceptibility-weighted (DSC) and dynamic contrast-enhanced (DCE) MRI, respectively (68). Clinical translation is far from ubiquitous (65) reflecting that further investigation and consensus standardization is required before implementing any particular widespread quantitative strategy (68). Indeed, advanced imaging is not yet recommended for determining treatment response in trials (4), and there is a lack of evidence that using advanced MRI techniques leads to a reduction in morbidity or mortality (61). However, compared to ML where accuracy-driven performance metrics have resulted in increasingly opaque models, particularly when using structural images, the underlying biological processes relating to advanced imaging appear to be well understood whilst also demonstrating high performance accuracy.

A third approach is to use ML, whether applied to conventional structural MRI, advanced imaging techniques or a combination of both imaging and non-imaging features. Indeed, an advantage of machine learning applied to MRI is that wide data can be handled relatively easily (11) which might allow the wide spectrum of signatures from multiparametric advanced MRI to be captured together to improve performance accuracy. However, a disadvantage when compared to a single modality approach is that combinations of outputs from individual modalities that are without frameworks for technical and clinical use, might compound inter-center variability and reduce generalizability considerably. The advantages and disadvantages of using ML-based monitoring biomarkers for glioblastoma treatment response assessment have been described recently (summarised in Table 3) (61). However, a number of factors demonstrate that only limited conclusions on performance can be drawn from recent studies in our systematic review. These include the high risk of bias and concerns about applicability in study designs, the small number of patients analysed in ML studies, and the low level of evidence of the monitoring biomarker studies given their retrospective nature.


Table 3 | Advantages and disadvantages of using ML-based monitoring biomarkers for glioblastoma treatment response assessment (61).



Nonetheless, overall there appears to be good diagnostic performance of ML models using MRI features to differentiate between progressive disease and mimics. For now, if ML models are to be used they may be best confined to the centers where the data was obtained from, badged as research tools and undergo further improvement.

Concordant with a previous review of studies published up to Sept 2018 (11), the diagnostic performance of ML using implicit features did not appear to be superior to ML using explicit features. However, the small number of studies precluded meaningful quantitative comparison.



4.4 Implications for Clinical Practice and Future Research

The results demonstrate that glioblastoma treatment response monitoring biomarkers using ML are promising but are still at the early development stage and are not yet ready to be integrated into clinical practice. All studies would benefit from the improvements in methodology described above. Methodological profiles or standards might be developed through consortiums such as the European Cooperation in Science and Technology (COST) Glioma MR Imaging 2.0 (GliMR) (67) initiative or the ReSPOND Consortium (76). Determining an accurate reference standard for treatment response is challenging and performing prospective studies capturing contemporaneous detailed information on steroids and second line treatments is likely to mitigate the effects of confounding. Additionally, multiple image-localized biopsies at recurrence may lessen sampling bias due to PTRE and tumor admixture.

In future studies, it would be beneficial to perform analytical validation using external hold-out tests as epitomized by several studies in the current review. Using larger datasets which include a wider range of tumors and mimics as well as parameters from different sequences, manufacturers and coils, and thereby reduce overfitting, would also improve future studies. Multidisciplinary efforts and multicenter collaborations are therefore necessary (61). However, datasets will always be relatively small in neuro-oncological imaging even if distributed machine learning approaches such as federated learning, where the model comes to the data rather than the data comes to the model, overcome data sharing regulatory bottlenecks (61). Therefore, strategies to improve ML performance using small datasets, some of which are at the research stage, should be exploited further. Strategies include data augmentation (generate more varied image examples, within a single classification task) and the related process of meta-augmentation (generate more varied tasks, for a single example) (77) as well as transfer learning and the overlapping process of one- or few-shot learning (78). Transfer learning aims to learn representations from one domain (does not need to consist of brain tumors) and transfer the learned features to a closely related target domain (glioblastoma). Few-shot learning allows classifiers to be built from very small labelled training sets. Another research direction could be reducing the demand for image labelling. This field is known as self-supervised learning (79). Finally, an entirely different approach to counter the challenges of small datasets is to use synthetic data, for example using generative adversarial networks (80).

Predictions can also be made more informative through the modelling of prediction uncertainty including the generation of algorithms that would “know when they don’t know” what to predict (11).

Further downstream challenges for clinical adoption will be the completion of clinical validation (2) as well as the deployment of the clinical decision support (CDS) software to clinical settings. Clinical validation consists of evaluating the CDS software containing the locked machine learning model in a clinical trial thereby producing high level evidence (12). The CDS software deployment brings both technical and non-technical challenges. In terms of technical challenges, the CDS software must be easily integrated into the radiologist’s workflow (electronic health record system and picture archiving and communication system) and preferably deliver a fully automated process that analyzes images in real time and provides a quantitative and probabilistic report. Currently there has been little translation of CDS software into radiological departments however there are open source deployment solutions (71, 81).

Non-technical challenges relate to patient data safety and privacy issues; ethical, legal and financial barriers to developing and distributing tools that may impact a patient’s treatment course; medical device regulation; usability evaluation; clinical acceptance and medical education around the implementation of CDS software (14, 82). Medical education includes articulating the CDS software limitations to ensure there is judicious patient and imaging selection reflecting the cohort used for validation of the model (11).




5 Conclusion

A range of ML-based solutions primed as glioblastoma treatment response monitoring biomarkers may soon be ready for clinical adoption. To ensure clinical adoption, it would be beneficial during the development and validation of ML models that studies include large, well-annotated datasets where there has been meticulous consideration of the potential for confounding.
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Purpose

The first aim of this study was to compare the intratumoral and peritumoral blood flow parameters in glioblastomas and brain metastases measured by pseudocontinuous arterial spin labeling MRI (3D pCASL). The second aim of this study was to determine whether pCASL could aid in identifying the source of brain metastases.



Materials and Methods

This study included 173 patients aged 12 to 83 years (median age—61 years), who were observed at the National Medical Research Center for Neurosurgery. All patients underwent preoperative MRI with pCASL perfusion. Thereafter patients were operated on and received histological diagnosis. No patients received preoperative chemo or radiotherapy.



Results

The values of maximum and normalized intratumoral blood flow were significantly higher in the group with gliblastoma than in the group with brain metastases: 168.98 + −91.96 versus 152.1 + −173.32 and 7.6 + −8.4 versus 9.3 + −5.33 respectively (p <0.01). However, ROC analysis showed low AUC specificity and sensitivity (0.64, 70%, 60% for mTBF and 0.66, 77%, 62% for nTBF). Peritumoral blood flow parameters were also higher in the glioblastoma group (29.61 + −22.89 versus 16.58 + −6.46 for mTBF and 1.63 + −1.14 versus 0.88 + −0.38 for nTBF, respectively; p <0.01). ROC analysis showed the following measurements of AUC, specificity, and sensitivity (0.75, 68%, 73% for mTBF and 0.77, 58%, 91% for nTBF). Regarding pCASL and various histological subsets of brain metastases, the study found statistically significant differences between the lung and melanoma metastases and the lung and kidney metastases. ROC analysis gave the following values for lung and melanoma metastases: AUC—0.76, specificity—75%, and sensitivity—73% for mTBF; 0.83, 67%, and 93% respectively, for nTBF. For lung and kidney metastases: AUC—0.74, specificity—70%, and sensitivity—93% for mTBF; 0.75, 70%, and 93% respectively, for nTBF.



Conclusions

pCASL could aid in differential diagnosis between glioblastoma and brain metastases. Measurement of peritumoral blood flow demonstrates higher specificity and sensitivity than with intratumoral blood flow. Moreover, pCASL provides the ability to distinguish lung metastases from kidney and melanoma metastases.





Keywords: glioblastoma, brain metastases, blood flow, peritumoral zone, intratumoral blood flow



Introduction

The differential diagnosis of metastatic brain lesions and malignant gliomas is an extremely important task, since further approaches to the diagnosis and treatment of these patients differ significantly. Current methods for differentiating glioblastoma from brain metastases are primarily based on the multiplicity of brain metastases, however 50% of metastases are single lesions (1) (Figure 1). Even worse, there are multicentric glioblastomas (2). Secondly, location is important. Metastases rarely involve the corpus callosum and tend to be located gray and white matter junctions, whereas glioblastomas tend to be centered in the white matter (3). Morphologically, the presence of infiltration characterizes glioblastoma—small growths of tumor tissue along the white matter (3). In addition to that, there is an essential feature—glioblastoma can have non-enhancing tumor tissue, which is not typical for metastatic brain damage (4).




Figure 1 | T1 with contrast enhancement. (A) Melanoma metastases (white arrow). Left frontal lobe solitary irregularly contrast-enhancing tumor with central non-enhancing areas and perifocal edema is shown. (B) Multiple primary glioblastoma (white arrows). Left temporal multiple irregularly contrast-enhancing lesions with perifocal edema and non-enhancing central part are shown.



To conclude, making a differential diagnosis between glioblastoma and brain metastases using only standard MRI sequences alone could be a challenging task (5).

In terms of advanced MRI technology, MRI-perfusion and MRI-spectroscopy play a significant role in differentiating these two entities. This study explores the role of ASL-perfusion.

Previously, studies of intratumoral and peritumoral blood flow using contrast MR perfusion (DSC) were conducted, which showed that the values of blood flow in the peritumoral zone were significantly higher for glioblastomas (6). However these studies did not reveal statistically significant differences in intratumoral blood flow (7–9). pCASL MRI-perfusion is a quantitative method for non-contrast assessment of blood flow (10). This method is widely used in the examination of patients with brain tumors, but its role in the differential diagnosis of metastatic lesions and glioblastomas has not been studied enough (11, 12).

Another diagnostic task to determine the histological subtype of brain metastases. Distinguishing different types of brain metastases by blood flow may be clinically important, especially in cases when PET-CT is not available. The assumption of the source of metastases by MRI can affect the order in which diagnostic tests are applied to a patient.

Attempts have been made to differentiate metastases using MR spectroscopy, MR diffusion and CT perfusion (13, 14). The sensitivity and specificity of these methods were found to be low. The use of MR spectroscopy made it possible to distinguish melanoma metastases from all other histological subgroups (15). In the SWI study, it was shown that with quantitative analysis it is possible to differentiate metastases of melanoma from metastases of breast and lung cancer. In the study of diffusion-weighted MRI, no statistically significant differences in diffusion coefficients were found for different histological subtypes of metastases (16).

The study evaluated the role of pCASL in the differential diagnosis of metastases and glioblastomas and studied the blood flow in various histological subtypes of metastases.



Materials and Methods

This study included 173 patients aged 12 to 83 years (median age—61 years) who were observed at the National Medical Research Center for Neurosurgery from 2012 to 2020. Fifty-two percent were women, and 48% were men. The study was retrospective. The inclusion criteria for the study were: 1. All patients must have a diagnosis of either glioblastoma or brain metatastatic disease; 2. All patients must have an MRI with T2-FLAR, T1 after contrast enhancement, and pCASL-perfusion performed at our hospital before surgery. 3. All patients must have had histological verification, which was done by our pathology department.

Of the 173 patients, 55 were diagnosed with brain metastases and 118 with glioblastomas. All patients underwent further tumor resection or stereotactic biopsy with subsequent histological verification of the process. In the group with Brain metastases the following subgroups/subtypes depending on the primary tumor source were established: melanoma (n = 12), kidney cancer (n = 10), breast cancer (n = 12), lung cancer (n = 15), intestinal cancer (n = 4), other tumors (n = 2). The subgroup “other tumors” included patients with diagnoses of metastases of myeloid sarcoma and metastases of cancer of unknown primary origin.

MRI was performed on a 3.0 T General Electric Signa HD MR tomography (GE Healthcare) with an 8-channel head coil. The MRI protocol for all patients consisted of T2, T2-FLAIR, DWI, 3D pCASL, and T1 before and after contrast enhancement.

ASL-scanning was carried out with the following parameters: 3D FSE, 8-lead spiral scanning with the capture of the entire volume of the brain and subsequent reforming with a section thickness of 4 mm; FOV = 240 × 240 mm; matrix 128 × 128, ZIP 512; TR—4717 ms; TE—9.8 ms; NEX = 3; PLD—1525 ms; pixel bandwidth—976.6 Hz/pixel. The duration of scanning was 4 min 30 s.

The ReadyView software package (GE Healthcare) was used to post-process the obtained data

The absolute maximum blood flow in the tumors was measured in all patients, and normalized values were calculated. To do this, an experienced neuroradiologist (>5 years of experience) placed the 4–5 ROIs (Region of Interest) of a small area (20 ± 10 mm2) on a color TBF map in every slice within the tumoral stroma. Then the ROI with the highest blood flow was chosen.

Normalization of blood flow values was carried out by dividing the TBF value in the tumor and peritumoral zone by the TBF value in the unchanged white matter of the contralateral side.

In all patients, the values of blood flow in the peritumoral zone were calculated. The ROI area was 20 ± 10 mm2. All patients received three ROIs in the peritumoral zone at the same level where the intratumoral ROI was placed: ROI1 was drawn in the area of increased MR signal in T2-FLAIR, where there was no accumulation of contrast agent, close to the contrasted part of the tumor (no further than 5 mm). ROI3 was drawn in the area of increased MR signal in T2-FLAIR, at the greatest distance from the contrasted part of the tumor, close to the unchanged white matter, and ROI2 was indicated at an equal distance between ROI1 and ROI3.

In the group of metastases and glioblastomas, a comparison was made of tumor blood flow parameters, ROI1 values, and ROI1–ROI3 gradient values, followed by ROC analysis. The gradient was calculated by subtracting the TBF values at ROI3 from the TBF values at ROI1.

Also, we performed a comparison between the maximum blood flow and normalized values in the histological subtypes of metastases.

The Neuro registration program was used to align blood flow maps with anatomical images (T2-FLAIR, T1 with contrast enhancement).

Statistical processing was carried out in the R-project program; the pROC library was used for ROC analysis. The Spirimen method was used to calculate the correlation coefficients. The Mann–Whitney U test was used to evaluate group comparisons.



Results

First, we obtained the average absolute and normalized values of tumor blood flow in the groups of metastases and glioblastomas. TBF measurements in metastatic brain disease (Figure 2) were statistically lower than in glioblastomas (Figure 3) (p-value <0.05). The data are presented in Table 1 and Figure 4.




Figure 2 | Breast cancer metastases. (A) T1 with contrast enhancement; (B) T2-FLAIR; and (C) TBF blood flow maps aligned with T2-FLAIR. Measurements of hemodynamic parameters in the tumor and peritumoral zone are shown.






Figure 3 | Glioblastoma. (A) T1 with contrast enhancement; (B) T2-FLAIR; and (C) TBF blood flow maps aligned with T2-FLAIR. Measurements of hemodynamic parameters of tumor blood flow in the peritumoral zone are shown.




Table 1 | Average values of blood flow in metastatic and glioblastoma subgroups.






Figure 4 | Boxplot displaying blood flow values in groups of metastases and glioblastomas.



ROC analysis was performed to determine the sensitivity and specificity of ASL perfusion in the differential diagnosis of glioblastomas and secondary brain damage. The ROC analysis data are presented in Figure 5.




Figure 5 | ROC analysis data obtained by comparing the maximum (A) and normalized values (B) of intratumoral blood flow in the groups of metastases and glioblastomas. The values of the optimal threshold are presented, in brackets—specificity and sensitivity.



In our work, the mean absolute and normalized values of blood flow in the peritumoral zone of groups of glioblastomas and metastases were calculated (Table 2). When comparing absolute and normalized parameters (ROI1), peritumoral blood flow in the glioblastoma group was significantly higher (p-value <0.0001). Simultaneously, there were no significant differences in the values of ROI2 and ROI3. However, it was noticed that the blood flow in the peritumoral zone of glioblastomas toward the unchanged white matter decreases and does not change with metastatic brain damage. These results are illustrated in Figure 6.


Table 2 | Average values of absolute and normalized indices of peritumoral blood flow in the groups of metastases and glioblastomas.






Figure 6 | Changes in blood flow indicators in areas of interest: edema (metastases) and edema with infiltrative component (glioblastoma).



For ROI1 values, ROC analysis was carried out, which showed rather high sensitivity and specificity values. The area under the curve was 0.75 and 0.77 for absolute and normalized values, respectively, which indicates good diagnostic capabilities of TBF measurement in the peritumoral zone (Figure 7).




Figure 7 | ROC-analysis data obtained by comparing the maximum absolute (A) and normalized (B) TBF values at the ROI1 point in the groups of metastases and glioblastomas. The values of the optimal threshold are presented, in brackets—specificity and sensitivity.



Gradient values (ROI1–ROI3) were also calculated for the group of metastases and glioblastomas (Table 3). The mean ROI–ROI3 gradient for the group of metastases turned out to be negative, which indicates lower values of blood flow in the white matter near the contrasted part of the tumor. It was proven that there was a statistically significant difference between glioblastoma and metastases (p-value was 0.0008). A comparative analysis of ROI1–RO3 gradients was carried out. The area under the curve was 0.67 (Figure 8).


Table 3 | Mean values of peritumoral blood flow gradient (ROI1–ROI3) for metastases and glioblastomas.






Figure 8 | ROC-analysis data obtained by comparing the maximum absolute values of the ROI1–ROI3 gradient in the groups of metastases and glioblastomas.



In the second part of our work, a comparative analysis of intratumoral blood flow in histological subgroups of metastatic brain lesions was carried out. Average values of TBF for metastases of the kidney, melanoma, breast, lung, and intestine are presented in Table 4 and Figure 9.


Table 4 | Mean values of tumor blood flow in different subtypes of metastatic lesions.






Figure 9 | Box plot showing the value of intratumoral blood flow in the group of metastatic brain lesions.



Intratumoral TBF was shown to be statistically lower in the subgroup of lung cancer metastases compared to the metastatic kidney and melanoma groups (p <0.05). In the subgroups of the lung and breast, statistically significant differences were also obtained. However, when analyzing the normalized values, the p-value was 0.09.

The lowest mean blood flow values were obtained in the subgroup of intestinal cancer metastases. However, when performing a comparative analysis with all other histological types, no significant differences were obtained (p-value >0.05), which is probably due to a small sample of patients with metastases of intestinal cancer (n = 4).

ROC analysis was performed for groups that showed statistically significant differences.

ROC-analysis showed high sensitivity and sensibility in melanoma and lung cancer metastases (Figure 10).




Figure 10 | ROC-analysis data obtained when comparing the maximum absolute (A) and normalized (B) values of intratumoral blood flow in the groups of metastatic lesions in lung cancer and melanoma.



ROC analysis was performed for metastatic subgroups of lung cancer and kidney cancer. High values of sensitivity and specificity were obtained (Figure 11). Thus, ASL perfusion can be recommended for inclusion in the diagnostic algorithm for patients with metastatic brain lesions of unknown origin.




Figure 11 | ROC-analysis data obtained when comparing the maximum absolute (A) and normalized (B) values of intratumoral blood flow in the groups of metastatic lesions in lung cancer and kidney cancer.





Discussion

This study has demonstrated the role of ASL-perfusion in distinguishing brain metastasis from glioblastoma. In addition to this, we studied the blood flow in different subgroups of brain metastasis.

We observed statistically significant differences in intratumoral and peritumoral blood flow between glioblastoma and metastasis. Moreover, we calculated AUC, specificity, and sensitivity and found that for peritumoral blood flow, these values were 0.75, 68, and 73%, respectively, for the maximum TBF and 0.77, 58, and 91% for normalized TBF. For intratumoral blood flow AUC, specificity and sensitivity were 0.64, 70, and 60%, respectively, for maximal TBF and 0.66, 77, and 62% for normalized TBF.

Our results are explained by the biological characteristics of glioblastoma (4). Engelhorn et al. (17) and other studies (6) showed that the boundaries of glioblastoma do not coincide with the contrasted part of the mass on MRI. Tumor cells and alterations of the glial enviroment can be detected in the perifocal zone of increased MR signal in the T2 and T2-FLAIR. The researchers (17) have shown this through in vivo experiments in mice. All laboratory animals underwent an MRI study with contrast enhancement, then the brain was removed, and histological examination and immunohistochemistry were conducted, in which tumor cells and were found in the area of perifocal edema. Due to these features of glioblastoma growth, the term “perifocal edema” does not apply to the designation of the perifocal zone of an altered MR signal without signs of accumulation of a contrast agent; it is more correct to use the term “edema-infiltration” or “infiltrative edema” (18, 19).

We compared our results to other studies in the literature. Sunwoo et al. studied intratumoral and peritumoral TBF in 128 patients with GB and metastases (20).

For the peritumoral blood flow, we acquired results, which are in the same range—Sunwoo et al. obtained 64 and 89.7%, while in our work, values of 58 and 91% were obtained.

A comparison of intratumoral blood flow yielded sensitivity and specificity values of 92.1 and 43.6%, respectively. For intratumoral nTBF, our results were 77 and 62%.

The difference between the results can be due to the different composition of the group of metastases. In addition to that, methods of normalization and ROI selection are different—Sunwoo et al. performed normalization to gray matter values, while in our institute normalization is traditionally performed to white matter TBF. In the study by Sunwoo, at least two ROIs for each region were drawn and the average of the mean of each ROI was recorded (20) while in our study we manually put 4–6 ROIs in every slice with the tumor tissue and then chose the ROI with the highest TBF.

Lin et al. studied 52 patients with glioblastomas and metastases (21). These authors concentrated on ROI gradients in their work and on intratumoral and peritumoral blood flow.

For intratumoral blood flow, the authors did not obtain statistically significant differences. This factor is distinct from our work, probably due to the different composition of the metastasis group In the Lin's study the majority of the brain metastases were of the lung cancer origin.

For peritumoral blood flow adjacent to tumor, the authors obtained values of sensitivity and specificity of 64.29 and 83.33%, respectively. Normalized peritumoral blood flow numbers were 57.14 and 100%. In comparison, we calculated 68 and 73% for mTBF and 58 and 91% for nTBF. While these results are roughly in the same range (especially for the nTBF), the difference in the specificity for maxTBF could be due to the fact that ¼ of patients in the Lin work received steroids, which could affect the study results.

Also, these authors studied the gradient between ROI1 and ROI3 and calculated 92.86 and 100% sensitivity and specificity. Despite the fact that we were able to obtain statistically significant differences between ROI gradients in metastases and glioblastoma our ROC analysis yielded much lower results—59 and 71%.

In the work of Abdel et al. (22), the role of ASL perfusion in the differential diagnosis of glioblastomas and metastases in a group of 36 patients [n (GB) = 21, n (MTS) = 15] was studied. When comparing intratumoral blood flow, the authors obtained high sensitivity and specificity values of 86.7 and 95.2. A comparative analysis of peritumoral blood flow was carried out (ROI with a diameter of 0.5–2 cm was established within 1 cm of the contrasted part of the tumor) and sensitivity and specificity values of 86.7 and 90.5 were obtained. These indicators significantly exceed the values obtained by us and by other authors, which may be associated with a small sample of patients in this work and a different process of ROI selection.

To conclude, measuring peritumoral blood flow may be of greater diagnostic value due to better AUC, specificity, and sensitivity as well as better interstudy agreement.

Secondly, we studied blood flow in different subgroups of brain metastases and compared them with each other. A statistically significant difference was obtained between TBF in the lung cancer and melanoma subgroups and the lung cancer and kidney cancer subgroups. ROC analysis was also carried out.

The lowest mean blood flow was obtained in the metastatic colon cancer group. However, when comparing this group with others, no statistically significant differences in tumor blood flow were found, which may be due to the small number of patients in this group.

The highest blood flow values were obtained in the metastatic kidney cancer group, where all patients had clear cell carcinoma. When analyzing blood flow in these patients, two subgroups emerged: one with a very significant increase in blood flow compared to the white matter of the contralateral side (more than 10 times), and the other with low blood flow values, which practically did not differ from those in unchanged white matter, which is probably due to a pronounced necrotic component in the second subgroup.

In our study, the role of pCASL-perfusion in the differential diagnosis of various histological subtypes of metastases was investigated. We calculated the maximum TBF in lung, melanoma, kidney, and intestinal cancers and compared them to each other.

In the article by Dolgushin (23), the average values of blood flow using CT-perfusion in different histological types of metastases were calculated. The highest TBF in this work was obtained for melanoma metastases (113.99 ± 29.19). For the lung, breast, kidney, and intestine subgroups, values of 85.12; 92.05; 73.94; and 97.05 ml/100 g/min were calculated, respectively. Differences from this work may be due to different physical methods for measuring hemodynamic parameters (24). In the study by Qui et al. (25) where ASL perfusion was studied compared with CT with xenon, it was shown that the pCASL values are closest to the physiological values of blood flow, whereas with CT perfusion, these parameters may vary. The most significant differences with this work are presented in the values of blood flow in metastases of renal cell carcinoma. However, in our study, it was revealed that these metastases can be characterized by both very high blood flow and TBF values that practically do not differ from the white matter, which probably determines these differences.

Our study has several limitations. First, it was a retrospective study. Secondly, the study groups are not equal and, for example, patients with metastasis of colon cancer are not represented enough.



Conclusions

In our study, we could obtain statistically significant differences between the intra and peritumoral TBF in glioblastoma and metastases. An interesting feature that could be used in making a diagnosis is the presence of zones with high blood flow in the peritumoral area of glioblastoma. This fact could be explained by the infiltrative nature of glioblastoma growth.

When studying blood flow in various histological subtypes of metastases, significant differences in TBF were found. High sensitivity and specificity values were obtained between the groups of melanoma and lung, lung and kidney, which suggests that pCASL-perfusion could contribute to identify the source of metastatic tumor.
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Background and Purpose

Gliomas are one of the most common tumors in the central nervous system. This study aimed to explore the correlation between MRI morphological characteristics, apparent diffusion coefficient (ADC) parameters and pathological grades, as well as IDH gene phenotypes of gliomas.



Methods

Preoperative MRI data from 166 glioma patients with pathological confirmation were retrospectively analyzed to compare the differences of MRI characteristics and ADC parameters between the low-grade and high-grade gliomas (LGGs vs. HGGs), IDH mutant and wild-type gliomas (IDHmut vs. IDHwt). Multivariate models were constructed to predict the pathological grades and IDH gene phenotypes of gliomas and the performance was assessed by the receiver operating characteristic (ROC) analysis.



Results

Two multivariable logistic regression models were developed by incorporating age, ADC parameters, and MRI morphological characteristics to predict pathological grades, and IDH gene phenotypes of gliomas, respectively. The Noninvasive Grading Model classified tumor grades with areas under the ROC curve (AUROC) of 0.934 (95% CI=0.895-0.973), sensitivity of 91.2%, and specificity of 78.6%. The Noninvasive IDH Genotyping Model differentiated IDH types with an AUROC of 0.857 (95% CI=0.787-0.926), sensitivity of 88.2%, and specificity of 63.8%.



Conclusion

MRI features were correlated with glioma grades and IDH mutation status. Multivariable logistic regression models combined with MRI morphological characteristics and ADC parameters may provide a noninvasive and preoperative approach to predict glioma grades and IDH mutation status.





Keywords: glioma, magnetic resonance imaging, isocitrate dehydrogenase, diffusion-weighted magnetic resonance imaging, apparent diffusion coefficient



Introduction

Glioma is the most common primary tumor in the central nervous system. Clinically, glioma is usually divided into low-grade gliomas (LGGs) and high-grade gliomas (HGGs) based on the histopathological assessment. LGGs are well-differentiated, while HGGs are poorly differentiated and have a relatively poor prognosis (1–3). In recent years, more and more studies have shown that traditional histopathological grading of glioma has certain limitations due to the remarkable heterogeneity of tumors. For example, some LGGs overlap genetically with primary glioblastoma and show similar rapid disease progression (4, 5). It is difficult to distinguish them just by evaluating proliferation markers and cell morphology (6).

The 2016 World Health Organization (WHO) Classification of Tumors of the Central Nervous System officially listed molecular detection results as one of the important diagnostic bases for glioma classification for the first time (7), and the newly released 2021 guidance (WHO CNS5) emphasized the diagnostic value of molecular diagnosis for glioma subgroup (8). This substantial change has been achieved by further advancing the role of molecular diagnosis in the classification of CNS tumors, but still relying on other established methods for diagnosis of tumor characteristics including histology and immunohistochemistry. Isocitrate dehydrogenase (IDH) is a common molecular marker in glioma and is frequently used for predicting prognosis. Prior studies have shown that the prognosis of IDH-mutant gliomas is better than IDH-wild type gliomas (9, 10). This genetic grouping serves an important clinical indicator of stratifying tumors with differential susceptibility to adjuvant treatment. The biological similarities between some LGGs and glioblastomas make it critical to identify glioblastomas and separate them from more favorable IDH-mutant entities (11).

Unfortunately, preoperative distinction between different glioma grades and subtypes remains challenging with insufficient sensitivity and specificity. In addition, in the cases that gliomas at certain specific sites cannot be resected or punctured, or in patients who cannot undergo surgery due to age or other problems, the method based on image analysis can be used as a supplementary diagnostic tool for molecular classification of gliomas, and thus may have great potential value in treatment decisions (12). Magnetic resonance imaging (MRI) has been demonstrated a promising approach to non-invasively distinguish various tumor entities (13, 14).

MRI is also the preferred imaging method for glioma. Morphological characteristics and enhancement pattern of gliomas can be obtained by conventional MRI. Prior studies have shown that gliomas with different grades and IDH mutation status have differences in lesion properties such as location, internal signal and enhancement patterns (15, 16). Several imaging biomarkers contribute to the diagnosis of molecular subtypes of gliomas. Such as, T2-FLAIR mismatch (T2FM), which is a sign demonstrated a specificity of almost 100% for IDH mutant astrocytoma in recent studies (17, 18). However, morphological indicators are difficult to be quantified, so it cannot predict glioma grades and molecular subtypes accurately. Diffusion-weighted imaging (DWI) is an important sequence of MRI and serve for the identification and differential diagnosis in a broad spectrum of cancers (19). The assessment of cancers using DWI is based on the assumption that free water motion in tissues diminishes with growing tumor cellularity (20). The calculation of apparent diffusion coefficient (ADC) maps from DWI (at least with two b values) is a fast and straightforward procedure that can support grading and have shown the capability for IDH typing in gliomas (21–23). However, it is often difficult to identify the grades or even molecular subtypes of gliomas with single indicators obtained only by conventional MRI sequences. Few studies have combined MRI morphological features and ADC values to predict glioma grades and IDH mutation status. Additionally, consideration of patient age may help diagnosis because it has been shown that IDH-wild type gliomas are more common in older patients (11).

The purpose of our study was to explore the correlation between MRI morphological characteristics, ADC parameters and glioma grades, IDH mutation status. The developed multivariate predictive models may provide a new strategy for the formulation of glioma treatment, follow-up plan and prognosis evaluation.



Materials and Methods


Patient Selection

A total of 166 glioma patients admitted to our hospital from 2016 to 2020 were selected, including 92 males and 74 females, aged from 14 to 85 years old, with a median age of 53 years old. There were 43 cases in LGGs (12 cases in grade I, 31 cases in grade II), 123 cases in HGGs (18 cases in grade III, 105 cases in grade IV). There were 48 IDH-mutant cases and 112 IDH-wild type cases. Inclusion criteria: (1) Meet the diagnostic criteria of glioma; (2) All patients underwent surgical treatment and obtained postoperative pathological results and molecular diagnosis results. (3) The patients underwent preoperative MRI examination with complete data. Exclusion criteria: (1) Receiving conservative treatment; (2) MRI imaging quality was poor and cannot be studied and analyzed; (3) Complicated with other neurological diseases, such as cerebral infarction, cerebral hemorrhage. All patients signed informed consent before the enhanced MRI examination according to the hospital regulations. This retrospective study was exempted from ethical review.



MRI Parameters

MR images were acquired with a 3.0-T MRI scanner (MAGNETOM Prisma; Siemens Healthineers, Erlangen, Germany). The MRI protocols for brain tumor at our hospital included T2-weighted, T2-weighted fluid-attenuated inversion recovery (FLAIR), T1-weighted sequences before and after administration of a gadolinium-based contrast agent and DWI. The parameters of MRI scanning are attached in Supplementary Material. Gadolinium-diethylenetriamine pentaacetic acid (Gd-DTPA) as injected via the cubital vein mass with a high-pressure syringe at a dose of 0.1 mmol per kilogram of body weight and a flow rate of 5 mL/s. Enhanced T1W scanning was performed at axial, coronal, and sagittal positions.

The ADC map is created by dividing the signal from the trace-DWI image by the signal from each corresponding point in the b0 image and taking logarithms:

	

Where ADC stands for apparent diffusion coefficient, b0 = 0 s/mm2 and b1 = 1000 s/mm2, Sb0 and Sb1 are the signal intensities of each image at b0 and b1. ADC maps are mathematically calculated using the inline technique, as the pure display of consolidated ADC values.

To ensure high-quality ADC maps, the DWI sequence was optimized to maximize signal noise ratio (SNR) and reduce artifacts that may be caused by motion, B0 inhomogeneity, chemical shifts, Nyquist ghosting, susceptibility effects, and noise amplification. Eddy current of the diffusion-encoding gradient was minimized by using a twice-refocused bipolar diffusion preparation. In order to get the ideal ADC map, the noise level was set to 40, as recommended by the equipment manufacturer. Correspondingly, we can get the ADC values from the ADC map by drawing regions of interest (ROIs).



Image Analysis

Two radiologists with more than 10 years of experience in radiology independently reviewed the MR images. The disagreements were resolved through consultation. The morphological signs of MRI were observed, including (1) hemorrhage; (2) cystic lesion; (3) tumor boundary, including clear or blur; (4) peritumoral edema, including no edema, mild edema (the longest diameter of edema < the longest diameter of the tumor), severe edema (the longest diameter of edema ≥ the longest diameter of the tumor); (5) enhancement pattern, including no enhancement, patchy enhancement and rim enhancement; and (6) distribution of lesions, which were divided into the single lobe, trans-lobe growth with corpus callosum involvement, trans-lobe growth with insula involvement, trans-lobe growth (neither corpus callosum involvement nor insula involvement), thalamus or brain stem.

In this study, ADC values and derived parameters were measured at Syngo. Via workstation (Siemens healthineers, Erlangen, Germany), including (1) Minimum apparent diffusion coefficient (ADCmin): Three different 20-30 mm2 ROIs) of visually lowest ADC values were outlined in each tumor, and the average value was ADCmin. (2) Mean apparent diffusion coefficient (ADCmean): The ROI is plotted as large as possible on the largest layer of tumor transverse axis entity components, avoiding necrosis, cystic degeneration, calcification, vessels, etc., and the ADC value is measured as ADCmean. (3) Map ROI in the contralateral hemispherical center of the normal white matter and measure ADC (ADCnawm). ADCmin/ADCnawm was denoted as rADCmin (relative ADCmin). (4) ADCmean/ADCnawm was denoted as rADCmean (relative ADCmean). The average values of the above parameters measured by 2 physicians were obtained. ADC ROI is outlined in Figure 1.




Figure 1 | Schematic diagram of ADC measurement. (A) T2W axial map of IDH-wild type glioblastoma of the right temporal lobe. (B–D) ADC diagram ROI delineates sketch. ADCmin (ROI of 3 lowest visual ADC values for each patient, red circle), ADCmean (maximum cross-section of axial solid tumor, blue circle), and ADCnawm (contralateral hemisphere centrum semiovale normal appearing white matter, yellow circle).





Histopathologic Analysis

All tissue specimens were fixed into paraffin blocks and analyzed in the Pathology Department of our hospital. The tumors were classified into grade I, II, III and IV, according to 2016 WHO Classification of Tumors of the Central Nervous System (glioma-related classification and grading). The IDH mutation status of tumor specimens were detected by immunohistochemical examination and determined according to the combination of the specimen with the monoclonal antibody that can detect IDH1 gene R132H point mutation in glioma. Positive IDH1 expression was defined as IDH-mutant group, and negative IDH1 expression was defined as IDH-wild type group.



Statistical Analysis

The statistical analysis was conducted using SPSS 22.0. The Shapiro-Wilk test was carried out to test the normality of continuous variables. Since all continuous variables in this study were normally distributed, they were described as mean ± standard deviations (SDs) and compared by Student’s t-test. The categorical variables were described by number and percentage (%) and compared by Chi-square tests. For the dependent variables of dichotomies or disordered multiclassification, Pearsonχ2 test or exact probability method was used to compare the differences between the two groups, including the Holm-Bonferroni correction of multiple tests. Wilcoxon rank-sum test was used to compare the difference between the two groups for the ordered multi-classification dependent variable (degree of peritumoral edema). The receiver-operating characteristic curve (ROC) analysis was performed to evaluate the diagnostic performance of the developed models. Variables with P < 0.05 in the univariate analysis were included in multivariate logistic regression analysis and model construction. P < 0.05 indicated that the difference was statistically significant.




Results


Patient Demographics

A total of 166 patients were included in the analysis. There was no gender difference between low-grade and high-grade glioma patients (P = 0.172). The age of high-grade glioma patients (55.5 ± 14.5) was higher than that of low-grade glioma group (38.6 ± 12.8) (P < 0.05). IDH mutation was more common in LGGs than that in the HGGs (48.8% vs. 23.5%) (P < 0.05) (Table 1).


Table 1 | Demographics of the study population.





Comparison of MRI Morphological Characteristics Between LGGs Group and HGGs Group

Compared with LGGs, HGGs were more prone to have hemorrhage (P < 0.01) and cystic lesion (P < 0.05) (Table 2). In addition, the peritumoral edema was more severe (P < 0.001), and tumor boundaries were less clear (P < 0.01) in HGGs than those in LGGs. In terms of enhancement pattern, HGGs were more likely to show rim enhancement, while LGGs were more likely to show no obvious enhancement (P < 0.001). Regarding the distribution of lesions, a single lobe (41.9%) was more frequently to be observed in LGGs, while HGGs were more likely to show cross-lobe growth (66.6%) with corpus callosum and insula. There were significant differences in the distribution and location of lesions between two different grades of gliomas (P < 0.001) (Table 2).


Table 2 | Comparison of MRI morphological characteristics of LGGs and HGGs.





Comparison of Morphological Characteristics Between IDH-Mutant Group and IDH-Wild Type Group

There were no significant differences between IDH-mutant gliomas and IDH-wild type gliomas in hemorrhage, cystic lesion, peritumoral edema and tumor boundary (All P > 0.05) (Table 3). In terms of enhancement pattern, IDH-wild type gliomas were more likely to be characterized by rim enhancement, while IDH mutant gliomas were more likely to be characterized by no obvious enhancement (P < 0.001). There were significant differences in the distribution of lesions between gliomas patients with and without IDH mutation (P < 0.01). Compared with IDH-wild type gliomas, IDH-mutant gliomas were more likely to be associated with insula involvement (P < 0.001). IDH-mutant cases tended to have one lobe, and the lesions were mostly located in the frontal lobe (11/15, 73.3%) (Table 3). The representative MRI features and pathological characteristics of gliomas of different IDH molecular subtypes at different grades are shown in Figures 2–5.


Table 3 | Comparison of MRI morphological characteristics between IDH-mutant and IDH-wild type gliomas.






Figure 2 | A 28-year-old male patient with left frontal oligodendroglioma, WHO grade II, IDH-mutant type. (A–C) MRI axial T2W, T1W, and T2-FLAIR sequences showed clear tumor boundary, no cystic lesion, no hemorrhage, and no obvious edema around the tumor. (D) T1 postcontrast showed no obvious enhancement. (E, F) When b value was 1000, tumor was unrestricted diffusion in DWI and ADC images. (G) HE staining showed moderate increase in cell density, a small amount of nuclear atypia and loose background (×200). (H) IDH1 positive expression (×200).






Figure 3 | A 21-year-old female patient with right frontoparietal temporal lobe pilocytic astrocytoma, WHO grade I, IDH-wild type. (A–C) MRI axial T2W, T1W, T2-FLAIR sequences showed clear tumor boundary, no hemorrhage, and severe edema around the tumor. (D) T1 postcontrast showed thin wall ring enhancement. (E, F) When b value was 1000, tumor was unrestricted diffusion in DWI and ADC images. (G) HE staining showed moderate cell density with oligodendrocyte like changes and a focal myxoid background (×200). (H) IDH1 negative expression (×200).






Figure 4 | A 43-year-old female patient with left frontal anaplastic astrocytoma, WHO grade III, IDH-mutant type. (A–C)MRI axial T2W, T1W, T2-FLAIR sequences showed clear tumor boundary, slightly uneven internal signal and no peritumor edema. (D) T1 postcontrast showed no obvious enhancement. (E, F) When b value is 1000, tumor was locally and slightly restricted diffusion in DWI and ADC images. (G) HE staining showed moderate to severe increase in cell density, accompanied by nuclear atypia and mitotic images (×200). (H) IDH1 positive expression (×200).






Figure 5 | A 62-year-old male patient with glioblastoma of the right fronto-parietal lobe with corpus callosum involvement, WHO grade IV, IDH-wild type. (A–C) MRI axial T2W, T1W, T2-FLAIR sequences showed multiple cystic lesions within the tumor, with uneven signals and severe peritumor edema. (D) T1 postcontrast showed obvious irregular and thick rim enhancement. (E, F) When b value is 1000, tumor was locally obvious restricted diffusion in DWI and ADC images. (G) HE staining showed increased cell density and marked atypia, accompanied by extensive necrosis (×200). (H) IDH1 negative expression (×200).





Comparison of ADC Values and Derived Parameters Between LGGs Group and HGGs Group

ADCmin, ADCmean, rADCmin and rADCmean of HGGs were significantly lower than those of LGGs (All P < 0.001) (Table 4). ROC curve analysis was then performed to differentiate LGGs from HGGs using ADC indicators (Figure 6). It was found that the diagnostic efficiency of rADCmin was higher than that of ADCmin, and rADCmean was higher than that of ADCmean. Among four different ADC parameters measured, rADCmin had the highest diagnostic efficiency in differentiating LGGs from HGGs, with an AUROC of 0.775 (95% CI=0.695-0.856), the diagnostic optimal cut-off value of 1.26×10-3 mm2/s, the sensitivity of 62.79%, specificity of 80.49%, and Yuden index of 0.443 (Table 4).


Table 4 | Comparison and ROC curve analysis of ADC parameters between LGGs and HGGs.






Figure 6 | ROC curves of ADC indicators and combined predictors for differentiating LGGs from HGGs.





Comparison of ADC Values and Derivative Parameters Between IDH-Mutant Group and IDH-Wild Type Group

The ADCmin, ADCmean, rADCmin and rADCmean of IDH-wild type gliomas were significantly lower than those of IDH-mutant gliomas, and the differences were statistically significant (P < 0.05) (Table 5). The diagnostic performance of ADC parameters for distinguishing gliomas patients with and without IDH mutation was then evaluated by the ROC analysis (Figure 7). Analysis showed that the diagnostic efficiency of rADCmin was higher than that of ADCmin, and rADCmean was higher than that of ADCmean. Similar to the differentiation of glioma grades, rADCmin had the highest diagnostic efficiency in differentiating IDH-mutant gliomas from IDH-wild type gliomas, with the diagnostic optimal cut-off value of 1.14×10-3 mm2/s, an AUROCC of 0.656 (95% CI=0.566-0.746), the sensitivity of 62.5%, specificity of 66.96%, and Yoden index of 0.295 (Table 5).


Table 5 | Comparison and ROC curve analysis of ADC parameters between IDHmut and IDHwt gliomas.






Figure 7 | ROC curves of ADC indicators and combined predictors for distinguishing IDH mutants from IDH-wild type gliomas.





Multivariate Logistic Regression Analysis

We next tested the multivariate models by combining all the above significant factors. Age was divided into two groups: < 60 years old and ≥ 60 years old. Relative ADC parameters (rADCmean and rADCmin) were divided into two groups according to the optimal cut-off value in single factor analysis. The Noninvasive Grading Model for predicting glioma grades included age, rADCmean, rADCmin, cystic lesion, hemorrhage, tumor boundary, peritumoral edema, lesion distribution and enhancement pattern. And the predictor factor 1 (pre1) were generated. The Noninvasive IDH Genotyping Model for predicting glioma IDH mutation status generated pre2, containing age, rADCmean, and rADCmin, lesion distribution and enhancement pattern.

We found that age (≥ 60 years), rADCmin (< 1.26×10-3 mm2/s), rim enhancement, and lesion distribution (thalamus or brainstem) were independent risk factors for predicting HGGs (Table 6). Age (≥ 60 years), rim enhancement, and lesion distribution (trans-lobe growth with corpus callosum involvement) were independent risk factors for IDH-wild type gliomas (Table 7). The accuracy of the multivariate logistic regression model combining age, morphological characteristics and ADC parameters in predicting glioma grades and IDH mutation status was improved compared with that of a single indicator (Figures 6, 7). The Noninvasive Grading Model showed an AUROC of 0.934 (95% CI=0.895-0.973), a sensitivity of 91.2%, and a specificity of 78.6% in differentiating HGGs from LGGs. The AUROC of the Noninvasive IDH Genotyping Model was 0.857 (95% CI=0.787-0.926), with a sensitivity of 88.2% and specificity of 63.8% (Table 8).


Table 6 | Multivariate logistic regression analysis of glioma grades.




Table 7 | Multivariate logistic regression analysis of IDH status of glioma.




Table 8 | Diagnostic efficiency of multivariate Logistic regression model.






Discussion

The malignancy of glioma determines the choice of the surgical treatment plan and the prognosis of patients. The higher the tumor grade is, the worse the prognosis is. However, a single histopathological grade often has limitations. As in WHO grade IV glioblastoma, the degree of malignancy and prognosis may be different with different IDH gene types. WHO CNS5 in 2021 introduces a series of molecular diagnostic indicators on the basis of histological diagnosis, forming an integrated diagnosis and hierarchical reporting system, and defining multiple tumor types and subtypes (8). IDH gene family is still an important molecular marker of adult diffuse glioma. But something has changed. Previously, glioblastoma was diagnosed based on histological findings of microvascular proliferation and/or necrosis, including IDH mutations (10%) and IDH wild-type tumors (90%). In WHO CNS5, glioblastoma will contain only IDH wild-type tumors. IDH is a key rate-limiting enzyme of the tricarboxylic acid cycle (TCA), and IDH gene mutation in most gliomas occurs at the R132H site of IDH1 (24). Studies have shown that IDH mutation is an early event of glioma formation and has an important impact on glioma progression and tumor behavior (25). The clinical outcome of the IDH-mutant group is often better than that of the IDH-wild type group (26), and the IDH-wild type group is more aggressive, similar to the biological behavior of glioblastoma (17). Histopathological and immunohistochemical analysis is the final criteria for grade diagnosis and molecular subtype diagnosis of glioma, but there are the following limitations: (1) Internal heterogeneity and sampling bias of glioma may lead to errors in pathological results (27, 28). (2) The delayed diagnosis is not conducive to the formulation of surgical plan and the selection of preoperative treatment plan. (3) Some patients obtain pathological results by biopsy before surgery, but this is an invasive procedure, which may induce cerebral hemorrhage, epilepsy and other complications and increase the risk of iatrogenic injury (29, 30). MRI examination is an important auxiliary diagnostic method for glioma. MRI manifestations of glioma with different grades and IDH mutation status also have their characteristics. MRI can provide rich information for the diagnosis and prognosis evaluation of glioma. In this study, we successfully developed two noninvasive models by combing multiple new MRI features to distinguish low- and high-grade gliomas as well as with and without IDH mutation. These multivariate models led to a better predictive performance for glioma severity and IDH mutation than the single predictor.

In addition to IDH, many other molecular markers of glioma have been studied more and more in recent years, such as 1p/19q co-deletion, MGMT promoter methylation, TP53 mutation, EGFR amplification, etc. (31). These molecular markers have been confirmed to be related to the prognosis and treatment response in glioma patients. And in the fifth edition of the guidelines (WHO CNS5), glioblastoma, IDH-wildtype should be diagnosed in the setting of an IDH-wildtype diffuse and astrocytic glioma in adults if there is microvascular proliferation or necrosis or TERT promoter mutation or EGFR gene amplification or +7/-10 chromosome copy (8). Therefore, the importance of molecular markers for the diagnosis of glioma has once again attracted strong attention. However, it is difficult to predict the molecular subtypes of glioma with high accuracy by conventional MRI technology and general image post-processing simply. In recent years, classical machine learning approaches and deep learning approaches have shown the ability to identify the predictive features and to perform the actual prediction (32). Deep learning technology achieving performance that exceeds humans in the identification of content in images. So it can see the unseeable to predict molecular markers from MRI of brain gliomas. It is believed that a more reliable model can be used to better identify molecular markers of glioma through the combination of MRI and machine learning in the future.

Aging is usually associated with a poor prognosis of glioma. Consistent with the recent study, in our study, we found that high-grade glioma patients were older than patients with low-grade glioma (33). We further showed that age ≥ 60 years was an independent risk factor for predicting HGGs and IDH-wild type gliomas. A previous study reported that IDH-wild type gliomas are more common in elderly patients (34). We also found that the age of IDH-wild type gliomas was higher than that of IDH-mutant gliomas.

MRI morphological characteristics of gliomas with different grades and IDH mutation status may differ greatly. In this study, HGGs are more prone to cystic lesions and hemorrhage, which may be related to the high microvascular density and strong invasiveness of HGGs. We did not observe significant difference between IDH-mutant gliomas and IDH-wild type gliomas in terms of the cystic lesion, hemorrhage and peritumoral edema. However, Lasocki et al. showed that the proportion of edema was statistically significant between IDH-mutant gliomas and IDH-wild type gliomas. All five IDH-mutant patients had an edema rate of 5-33%, whereas most IDH-wild type patients had an edema rate of > 33% (44% of IDH-wild type patients had an edema rate of 34-67% and 14% had an edema rate of 68-95%) (35). The differences may be related to the subjective classification of the degree of edema and the selection bias of the enrolled cases.

The enhancement of glioma mainly depends on the degree of damage to the blood-brain barrier. The contrast agent retention in abnormal angiogenesis thus produces characteristic enhanced images (36). Therefore, MRI enhancement features are of high value for the judgment of the malignant degree of gliomas. In this study, most HGGs and IDH-wild type gliomas showed rim enhancement, while most LGGs and IDH-mutant gliomas showed hypovascular, which is basically consistent with previous literature reports (3, 11). Lasocki et al. suggested that unenhanced tumor volume > 33% was associated with IDH-mutant glioblastoma (35). Tumor location and distribution of lesions are one of the important factors affecting the prognosis of glioma patients. In this study, it was found that LGGs are more common to involve a single lobe, while HGGs are more common to involve multiple lobes, and more likely to involve corpus callosum and insula. The differences in the distribution of lesions in gliomas with different IDH mutation status have also been reported in previous literature. Nakae et al. showed that tumor location in the unilateral frontal lobe was highly correlated with IDH-mutant gliomas (P < 0.001) (37). Goze et al. found that 100% of LGGs with insula centers were IDH mutants (38). In our study, we also showed that compared with IDH-wild type gliomas, IDH-mutant gliomas were more likely to be associated with insula involvement, and frontal lobe involvement was more common in cases involving the single lobe.

A meta-analysis showed that ADC was significantly negatively correlated with the number of tumor cells in gliomas (39). The results of our study are consistent with previous studies, and the four ADC parameters of HGGs are lower than those of LGGs. The white matter cell substructure of HGGs was greatly damaged, and the diffusion of water molecules was limited. Therefore, In DWI imaging, HGGs showed higher signals, and LGGs showed lower signals. And accordingly, HGGs had lower ADC values (40, 41). In addition, The ADC value of IDH-wild type gliomas was significantly lower than that of IDH-mutant gliomas (13, 22, 23), which was consistent with the results obtained in this study. Patel et al. noted that histologically observed microcysts tended to increase in IDH mutant LGG cases, which could explain the higher ADC values in these cases, but the pathophysiological mechanism needed to be further elucidated (17).

In this study, we demonstrated the effectiveness of the combination of ADC parameters and MRI morphological features in predicting glioma grades and IDH molecular subtypes. The two multivariate logistic regression models combined with age, ADC parameters and MRI morphological qualitative parameters performed better in distinguishing the LGGs group from the HGGs group and the IDH-mutant group from the IDH-wild type group than using any single ADC value parameter alone.

However, this study also had some limitations, such as (1): This study was a single-center retrospective analysis, and the number of enrolled cases was relatively small. (2) Conventional MRI sequences and enhanced sequence were used instead of multimodality MRI imaging to obtain multi-parameter characteristics of tumors. Compared with other diffusion imaging, ADC has some limitations. (3) Subjective judgment errors may occur in the judgment of certain imaging features. For example, in some cases, it is difficult to distinguish simple vasogenic edema from non-enhanced tumors.

In conclusion, gliomas with different grades and IDH mutation status had significant differences in MRI morphology and ADC parameters. By combining age, MRI morphological characteristics and ADC value parameters, the accuracy of predicting histopathological grades and IDH molecular subtypes of glioma was greatly improved.
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Background

Quantitative contrast-enhanced ultrasonography parameters are affected by various factors. We evaluated corrected quantitative contrast enhanced ultrasonography in differentiating benign adnexal tumors from malignant tumors.



Methods

Patients with adnexal masses who underwent conventional and contrast-enhanced ultrasonography were included. Contrast-enhanced ultrasonography parameters such as base intensity, arrival time, peak intensity, time to peak intensity, ascending slope, and descending slope were measured. Corrected (time to peak intensity − arrival time) mass/(time to peak intensity − arrival time) uterus and (peak intensity − base intensity) mass/(peak intensity − base intensity) uterus were calculated. Lesions were confirmed by pathologic examination of surgical specimens.



Results

This study included 31 patients with 35 adnexal lesions including 20 (57.10%) benign and 15 (42.90%) malignant lesions. The corrected contrast-enhanced ultrasonography quantitative parameters in lesions were statistically different between malignant and benign groups (P<0.05). The optimal cut-off value for (time to peak intensity − arrival time) mass/(time to peak intensity − arrival time) uterus, ascending slope, and (peak intensity − base intensity) mass/(peak intensity − base intensity) uterus, and descending slope for differentiating malignant adnexal masses from benign tumors were 1.05 (area under curve: 0.93, P<0.05), 1.11 (area under curve: 0.83, P<0.05), 0.82 (area under curve: 0.73, P<0.05), and −0.27 (area under curve: 0.66, P=0.16), with sensitivity and specificity of 93.33% and 85.00%, 86.67% and 75.00%, 86.67% and 60.00%, and 54.55% and 66.67%, respectively.



Conclusions

Corrected contrast-enhanced ultrasonography parameters provide practical differential diagnosis value of adnexal lesions with high reliability for sonologists.
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Introduction

Adnexal masses are commonly encountered in daily radiology practice and occur in women of all ages. Adnexal malignancy accounts for 2.5% of all malignancies among females and 5% of all cancer-related deaths (1). Adnexal malignancy has been termed a “silent killer” because most patients present with few symptoms or are diagnosed at advanced stages (III and IV) (1, 2). While patients with late-stage disease have a high fatality rate, women with early-stage disease have an overall 5-year survival of approximately 93% (1, 3). Thus, developing strategies to improve early diagnosis of adnexal malignancy is critical to improve the efficacy of treatment.

Gray-scale and Doppler ultrasonography is a convenient imaging modality for visualizing adnexal masses, with advantages such as cost-effectiveness and radiation-free safety (4, 5). However, there are many overlapping ultrasonic features between benign and malignant adnexal masses (6, 7). Furthermore, although color Doppler flow imaging can provide helpful information about blood flow in adnexal masses, it has limitations such as low sensitivity to display slow or deeply located blood flow vessels.

Tumor angiogenesis is necessary for tumor growth and is an independent prognostic indicator for survival in cancer patients, such as in ovarian carcinoma (8, 9). Advances in contrast enhanced ultrasonography (CEU) have enabled the characterization of tumor vascularity, such as in hepatic (10, 11), breast (12, 13), gastric (14), prostate (15), and cardiac masses (16). Several studies have reported that qualitative (17) and quantitative (18–20) CEU can improve the performance of sonography in distinguishing benign adnexal masses from malignancy. However, several factors impact CEU parameter values such as respiration, depth of mass, heart rate, and patient characteristics. Contrast intensity is also affected by contrast agent dosage, administration speed and instrument setting. Therefore, the primary objective of this study was to evaluate the usefulness of corrected CEU parameters in the differential diagnosis of adnexal masses.



Methods


Study population

Between January 2021 and December 2021, we prospectively studied 51 consecutive patients (40 ± 14 years old, range: 19–78 years old) with adnexal masses. All patients underwent a conventional ultrasonography examination and CEU. The inclusion criteria were as follows: (1) patients with ultrasound diagnosis of unilocular-solid (a single cyst without septa and without solid parts or papillary excrescences), multilocular-solid (a cyst with at least one septum but no solid parts or papillary excrescences) or a unilocular solid cyst (a single cyst containing solid parts or papillary excrescences but no septa), a multi-locular solid cyst (a cyst with at least one septum and solid parts or papillary excrescences), or a solid tumor (a tumor with solid components in 80% or more of the tumor), solid adnexal mass, or multi-locular adnexal cyst (21); and (2) patients with pathology results obtained from a surgical specimen within three months of surgery. Exclusion criteria were as follows: refusal to sign informed consent forms, severe renal insufficiency, right-to-left shunt heart disease syndrome, pregnancy or lactation, and age less than 18 years. Borderline tumors were classified as malignant.

This study was approved by the ethics committees of Guangzhou Women and Children Medical Center (approval number # 194A01) and the Second Affiliated Hospital of Zhejiang University School of Medicine (approval number # 0741). Written informed consent was obtained from all patients before CEU.



Conventional ultrasonography and CEU imaging

Conventional ultrasonography and transabdominal CEU examinations were performed with a commercially available ultrasound machine (Mindray, China) and an M3S transducer SC5-1U with a transmission frequency of 1.2–6.0 MHz. All gray scale and color Doppler images were acquired by a radiologist with more than 5 years of experience through transabdominal and transvaginal ultrasonography examination. The location, size, shape, internal echogenicity of the mass, peritoneal effusion, and vascularity were recorded, and the patients then underwent CEU. The vascularity in the adnexal mass was assessed according to International Ovarian Tumor Analysis color Doppler scoring system as follows: 1=no vascularization, 2=minimal vascularization, 3=moderate vascularization, and 4=high vascularization (21). Uterus and adnexal masses were simultaneously imaged in the same plane using real-time CEU preset with coded pulse inversion technique after bolus intravenous infusion of 1.5 ml SonoVue (Brocco, Geneva, Switzerland) through the antecubital vein. To reduce microbubble destruction, we preset the mechanical index (MI) to a low MI setting of 0.082. Image depth was adjusted to 8–12 cm according to the location of the adnexal mass. Time gain compensation was adjusted to achieve a homogeneous signal intensity of the mass. All settings were kept constant throughout each examination.

The target lesion was observed continuously for 2–3 min after bolus injection of 1.5 ml contrast agents. The real-time contrast perfusion cine loop was digitally stored for subsequent analysis. Patients were observed for complications for 30 min before being permitted to leave.



Imaging analysis

Contrast enhancement of adnexal masses after the injection of contrast agent was quantitatively analyzed by two independent radiologists who were blinded to the clinical information and the final diagnosis of the patients. A region of interest (ROI) was drawn both within the adnexal mass and adjacent to the myometrium. The time-intensity curve (TIC) and contrast parameters of ROI, including base intensity (BI), arrival time (AT), peak intensity (PI), time to peak intensity (TTP), ascending slope (AS), and descending slope (DS), were obtained automatically with quantitative imaging analysis software. To reduce the impact of contrast agent dosage and injection speed on CEU parameters, corrected (TTP−AT) mass/(TTP−AT) uterus and (PI−BI) mass/(PI−BI) uterus were calculated. All lesions were confirmed by pathologic examination of surgical specimens.



Statistical analysis

Data analysis was performed with SPSS version 26 (SPSS Inc.) and Graph Pad Prism version 8.0 (Graph Pad, La Jolla, CA, USA). Continuous variables were expressed as mean ± standard deviation. Two groups were compared using a two-sample t-test (continuous variables with normal distribution) or a Wilcoxon-Mann-Whitney test (continuous variables with non-normal distribution or ordinal parameters). Categorical data comparisons were analyzed with Pearson chi-squared tests or Fisher’s exact test. Receiver operating characteristic (ROC) curves were generated for each CEU parameter. The optimal cut-off value was determined as the point at which the Youden index (sensitivity + specificity-1) was maximal. The intra- and interobserver reproducibility of the measurements were evaluated by the intraclass correlation coefficients (ICCs) using a two-way mixed-effects model and a two-way random-effects model. ICC>0.80 and ICC = 0.60–0.80 were considered excellent and good, respectively. P<0.05 was considered to indicate statistical significance.




Results


Patient characteristics

From January 2021 to November 2021, 51 patients with adnexal masses and conventional transabdominal or transvaginal ultrasonography examination in Guangzhou Women and Children Medical Center and the Second Affiliated Hospital Zhejiang University School of Medicine were initially enrolled. Among the 51 patients, 20 cases were excluded. The flowchart for patient selection for this study is illustrated in Figure 1. The final study group included 31 patients with 35 adnexal lesions including 20 (57.10%) benign lesions and 15 (42.90%) malignant lesions. All adnexal masses underwent histological verification, and characteristics are listed in Table 1. Eight patients with malignancy presented as asymptomatic; their adnexal masses were discovered incidentally during a routine medical examination.




Figure 1 | Flowchart for selection of patients with adnexal mass. In total, 31 out of 51 patients were included according to the selection criteria.




Table 1 | Pathological types of adnexal masses (n = 35).



The clinical characteristics and laboratory results of the patients are summarized in Table 2. Peritoneal effusion and increased carbohydrate antigen 125 were more common in malignant masses compared with benign lesions, but the difference was not statistically significant (P=0.06 and 0.01, respectively).


Table 2 | Clinical and conventional sonography characteristics of patients with adnexal masses (n = 35).





Conventional sonography findings

The conventional ultrasound features of the 35 adnexal masses including maximum diameter of lesions, color score, and resistance index (RI) value of vascularization in masses are listed in Table 2. There was no statistically significant difference in the maximum diameter of lesions between malignant and benign groups. The color score and RI of the vascularization of adnexal tumors were significantly different between the malignant and benign groups (both P = 0.01).



Differential diagnostic ability of CEU with quantitative analysis

As shown in Table 3, the corrected CEU quantitative parameters in lesions of (TTP − AT) mass/(TTP − AT) uterus and (PI − BI) mass/(PI − BI) uterus were statistically different between malignant and benign adnexal mass groups (both P<0.05). The AS in the malignant tumor group was also significantly greater than that in benign tumors (Figures 2, 3). The DS in the malignant group tended to be higher than that in benign masses but did not reach a statistically significant difference. Using ROC curve analysis, the optimal cut-off value for (TTP − AT) mass/(TTP − AT) uterus, AS, and (PI − BI) mass/(PI − BI) uterus, DS, TTPmass, and PImass for differentiating malignant adnexal masses from benign tumors were 1.05 (area under the curve (AUC): 0.93, P<0.05), 1.11 (AUC: 0.83, P<0.05), 0.82 (AUC: 0.73, P<0.05), −0.27(AUC: 0.66, P=0.16), 29.50(AUC:0.69, P=0.06), and 50.69(AUC:0.68, P=0.07) with a sensitivity and specificity of 93.33% and 85.00%, 86.67% and 75.00%, 86.67% and 60.00%, and 54.55% and 66.67%, 60% and 80%, 73.33% and 60.00% respectively (Table 4).


Table 3 | Comparison of CEU parameters between benign and malignant masses.






Figure 2 | A 30-year-old woman with a pathologically proven borderline cystadenoma. (A) Transabdominal gray-scale ultrasound shows an 18-mm cystic mass (M) with a small 13 x 8mm papillary component at the right of uterus (UT). (B) Color Doppler reveals no blood flow signal in the papillary portion (color score=1). (C) CEU curve demonstrates that the tumor showed hypoenhancement in initial perfusion and faster washout compared with myometrium (mass: red, myometrium: yellow).






Figure 3 | A 35-year-old woman with a pathologically proven immature teratoma. (A) Transabdominal gray-scale ultrasound shows a 30-mm complex cystic-solid mass (M) in the right adnexa. (B) Color Doppler reveals the color flow within the mass (color score=4). (C) CEU curve demonstrates that the tumor showed hyperenhancement in initial perfusion and faster washout compared with myometrium (mass: red, myometrium: yellow).




Table 4 | ROC curve analysis of the predicted probability of CEU parameters for evaluation of benign and malignant adnexal mass.





Inter-observer and intra-observer reproducibility

As shown in Table 5, the ICC for the same observer ranged from 0.93 (95% CI, 0.65–0.97) to 0.99 (95% CI, 0.98–0.99). The ICC between the two observers ranged from 0.88(95% CI, 0.60–0.95) to 0.99 (95% CI, 0.97–0.99).


Table 5 | Intraobserver and interobserver reliability of CEU parameters.






Discussion

Our study results showed that the corrected quantitative visual temporal CEU parameters were statistically different between malignant adnexal masses and benign tumors. The values of (TTP − AT) mass/(TTP − AT) uterus, AS, and (PI − BI) mass/(PI − BI) uterus had high diagnostic accuracy in distinguishing benign adnexal lesions from malignant tumors. The usefulness of CEU parameters demonstrated in this study provides practical differential diagnosis value of adnexal lesions with high reliability for radiologists.

Numerous efforts and international studies, such as International Ovarian Tumor Analysis simple rules (22), Gynecologic Imaging Reporting and Data System (23), and Ovarian-Adnexal Reporting and Data System (24), have been conducted to improve the ability of ultrasonography imaging for the diagnosis of adnexal masses. The diagnostic accuracy of malignant tumors has been enhanced by the combination of gray-scale ultrasound morphology and color Doppler flow imaging information (25). However, evaluation of gray-scale and Doppler ultrasound examination of adnexal masses is dependent on experience. Furthermore, malignant and benign lesions show overlapping features on gray-scale morphology and blood flow features (26).

Angiogenesis is a prerequisite for the growth of malignant tumors and an early event during tumor development (27). Microvessel density (MVD) influences the nutritional status of tumors and facilitates tumor growth, proliferation and invasion. MVD is associated with a poorer prognosis in breast and kidney cancer patients (27, 28) and correlates with the depth of tumor invasion (29). Intravenous CEU has been used widely to assess tumor angiogenesis in vivo (10–20) and provides detailed information about the vascularity and blood flow kinetics in normal and pathologic tissues. Previous studies have shown that malignant ovarian masses generally have a greater PI compared with benign masses (17–20). However, Li et al. calculated PI − BI for quantitative analysis of the microvasculature. The authors revealed that PI − BI in carcinoma tissues was significantly higher than that in normal or benign tissues (P<0.001) and demonstrated that PI − BI corresponds with MVD, which was calculated by counting CD34-positive vascular endothelial cells (r=0.921, P<0.001) (29). Tang et al. showed that visual assessment of the degree of enhancement of cardiac masses to the adjacent myocardium during contrast perfusion echocardiography had high diagnostic accuracy for the differentiation of benign tumors from malignant tumors, with a sensitivity and specificity of 100% and 97%, respectively (16). In our study, we found that (PI − BI) mass/(PI − BI) uterus was significantly higher in the adnexal carcinoma group than that in the benign group (P<0.05). ROC curve analysis revealed that the sensitivity and specificity of (PI − BI) mass/(PI − BI) uterus in differentiating benign lesions from malignancy were 86.67% and 60.00%, respectively (cut-off: 0.82, AUC: 0.73, P<0.05). The specificity was only 60.00%, indicating substantial overlap between the benign and malignant tumors, especially between benign and borderline tumors.

Furthermore, the temporal features AT and TTP are affected by patient heart rate and cardiac function as well as by the velocity of bolus injection. To reduce these individual factors impacting CEU parameters, we measured (TTP − AT) mass/(TTP − AT) uterus. We found that (TTP − AT) mass/(TTP − AT) uterus was significantly smaller in the malignant tumor group than in the benign tumor group. The result was consistent with the report by Sconfienza (30), in which the authors used the absolute value of TTP. We also found that (TTP − AT) mass/(TTP − AT) uterus performed better with higher accuracy than the other parameters in distinguishing between benign adnexal masses and malignant cases. When the optimal cut-off was 1.05, the sensitivity, specificity, and AUC were 93.33%, 85.00%, and 0.93, respectively (P<0.05).

The other kinetics CEU parameter AS for malignant tumors was significantly greater than that for benign lesion. To our knowledge, no CEU study has used AS to distinguish malignant adnexal tumors from benign one. Our result was consistent with the findings reported by Kazerooni, who applied dynamic contrast-enhanced MRI to classify adnexal masses (31). Parameters like wash-out time could help differentiate benign and malignant tumors and even be more accurate than Doppler sonography for the discrimination of adnexal cancer from benign tumors. However, the kinetics CEU parameter DS that reflects wash-out of vascularity did not show a significant difference between malignant tumors and benign tumors in this study, indicating that the results obtained with this approach show a wide variability (18, 32). The tumor vasculature exhibits atypical morphological features and is characterized by dilated, tortuous disorganized blood vessels, arteriovenous fistula, and incomplete muscularization of vessel walls. This results in lower resistance to flow, few systolic-diastolic variations in blood flow velocity, and shorter wash-out time compared with that in normal vessels (27, 28, 33).

This study has several limitations. First, the number of cases included in this study is small, and we could not analyze the differences in the subtypes of adnexal mass, since there are some overlaps in different lesions. Second, we did not compare the difference between absolute and corrected CEU parameters in this study. However, other authors have previously studied the absolute CEU parameters.



Conclusions

Malignant and benign adnexal tumors have different degrees of the kinetics of CEU parameters. We showed that both visual assessment and temporal assessment of the degree of enhancement of adnexal masses to adjacent myometrium after administration of contrast agents had high diagnostic accuracy in the discrimination of benign tumors from malignant tumors.
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Background and Purpose

Radiomics features and The Visually AcceSAble Rembrandt Images (VASARI) standard appear to be quantitative and qualitative evaluations utilized to determine glioma grade. This study developed a preoperative model to predict glioma grade and improve the efficacy of clinical strategies by combining these two assessment methods.



Materials and Methods

Patients diagnosed with glioma between March 2017 and September 2018 who underwent surgery and histopathology were enrolled in this study. A total of 3840 radiomic features were calculated; however, using the least absolute shrinkage and selection operator (LASSO) method, only 16 features were chosen to generate a radiomic signature. Three predictive models were developed using radiomic features and VASARI standard. The performance and validity of models were evaluated using decision curve analysis and 10-fold nested cross-validation.



Results

Our study included 102 patients: 35 with low-grade glioma (LGG) and 67 with high-grade glioma (HGG). Model 1 utilized both radiomics and the VASARI standard, which included radiomic signatures, proportion of edema, and deep white matter invasion. Models 2 and 3 were constructed with radiomics or VASARI, respectively, with an area under the receiver operating characteristic curve (AUC) of 0.937 and 0.831, respectively, which was less than that of Model 1, with an AUC of 0.966.



Conclusion

The combination of radiomics features and the VASARI standard is a robust model for predicting glioma grades.





Keywords: nomogram, glioma grade, radiomics, VASARI, high-grade glioma, pre-operation diagnosis



Introduction

Glioma, one of the most common central nervous system tumors (CNS), has a five-year survival rate of less than 5% and is widely recognized as a highly malignant tumor (1, 2). According to the WHO classification of brain tumors, pathology and clinical practices typically divide gliomas into low and high grades (3, 4). The prognosis of glioma patients would be improved by timely and accurate preoperative diagnosis (2). The primary treatment for gliomas is surgical resection followed by radiotherapy or chemotherapy (5). As a non-invasive technique, MRI will likely be utilized in the clinical setting to detect glioma and its clinical grade early and reduce misdiagnosis (6). When developing clinical strategies for patients suspected of having glioma, conventional MRI sequences, such as T1-weighted, contrast-enhanced T1-weighted MR images, T2-weighted, and fluid-attenuated inversion recovery (7) are frequently employed.

Recent neoplasia research (8–10) has extensively used radiomics as a promising method for evaluating tumor characteristics. This semiautomatic method can quantify the high-dimensional imaging features of glioma by extracting the radiomic features from conventional medical images and combining these features with other clinical information to design a machine-learning model, which will improve the accuracy and efficiency of clinical decisions (11–14). In contrast to the tumor phenotype and microenvironment provided by clinical reports and histopathology, this information is based on intensity, shape, size, volume, and texture (15). Park et al. (16) extracted radiomic features from multiparametric MRI to predict LGGs and a subgroup of LGGs without enhancement. In the internal validation set, the area under the receiver operating characteristic curve (AUC) was 0.85 and 0.82, indicating the best performance. Mao et al. (17) predicted glioma grade using an artificial neural network model based on image data. The model had a means accuracy of 90.32%, sensitivity of 87.86%, and specificity of 92.49%. With the exponential growth of medical image analysis, radiomics is increasingly used to detect cancer, evaluate prognosis and treatment, and monitor tumor status. Glioma grade has been the subject of much research; however, it is still of utmost importance because of its relevance to clinical treatment and pre-surgical strategies.

Visually AcceSAble Rembrandt Images (VASARI) features of glioma have 25 qualitative features for human gliomas in particular (18). On standard pre- and post-contrast-enhanced MRI, these features represent common characteristics of primary cerebral neoplasia and are described using standardized terminology. Chen et al. (19) combined radiomics with qualitative features (VASARI annotations and T2-FLAIR mismatch signs) to predict molecular subtypes in patients with lower-grade glioma. The AUC of the model containing radiomics and qualitative features was higher than the AUC of the model containing radiomics alone, with 0.8623 versus 0.6557. Cao et al. (20) demonstrated that the AUC of the IDH1 mutation predictive model with VASARI features alone was approximately 0.827 in the training group; however, in the fusion model with optimal VASARI and radiomics features, the AUC improved to 0.879, with an accuracy of 0.771, exceeding that of the model with VASARI alone (approximately 0.726). Therefore, a fusion model combining radiomics and VASARI features would better predict glioma grade than either model alone.

Our study aimed to determine the impact of VASARI features on the basics of radiomics and whether the introduction of VASARI features adds predictive value to glioma grade. The research was conducted exclusively at Xiangya Hospital.



Materials and methods


Patients

The Medical Ethics Committee of our institution provided Ethical approval, followed by the informed consent principle. From March 2017 to September 2018, 102 patients who met the following criteria were enrolled in this study: pathologic diagnosis of glioma without prior treatment and MR data free of severe artifacts. Medical records were extracted from an institutional database. Our institutional Ethics Committee and Review Board approved this retrospective study. Written informed consent was waived owing to the retrospective nature of this investigation. Additional information regarding the patient recruitment procedure and exclusion criteria is presented in Figure 1.




Figure 1 | Flowchart of inclusion and exclusion process for patients to be enrolled.





Pathological re-assessment

The paraffin-embedded surgical specimens were re-assessed by two experienced pathologists at our institution (with over 10 and 15 years of experience, respectively) in tumor imaging diagnosis of the central nervous system (CNS), using the 2021 WHO classification of CNS tumors (4).



Image acquisition

Untreated glioma patients underwent MRI using a 3.0-T imaging unit (Siemens, Erlangen, Germany) and a 64-channel receiver head coil. In the transverse plane, spoiled gradient-recalled images were used to acquire T1-weighted anatomic images (T1WI), T2-weighted anatomic images (T2WI), and fluid-attenuated inversion recovery (FLAIR). Dynamic gadodiamide (SFDA approval number J20100063, produced by GE Healthcare Ireland) high-resolution, three-dimensional magnetization-prepared rapid acquisition with gradient-echo sequences (3D-T1-MPRAGE) were used to perform 10 ml contrast material-enhanced MRI on patients.



Image segmentation

Segmentation of regions of interest (ROI) was performed on the T1WI, T2WI, FLAIR, and contrast-enhanced 3D-T1-MPRAGE images. Using ITK-SNAP (21) (http://www.itksnap.org), two experienced radiologists (reader 1 and 2, with more than ten years of experience in neuroimaging) manually delineated the tumor boundaries slice-by-slice. The two radiologists were blinded to the patient information, including radiological and clinicopathological data. Fifty patients were randomly selected to evaluate the inter-observer (reader 1 versus reader 2) and intra-observer (reader 1 twice at intervals of four weeks) correlation coefficient (ICC). Generally, consistency was indicated by an ICC greater than 0.75. For the randomly selected 50 patients, the first segmentation of reader 1 was used. The ROI contouring work of the remaining patients was completed only by reader 1. The tumor ROIs were manually delineated on T1WI, T2WI, FLAIR, and contrast-enhanced 3D-T1-MPRAGE images, and only the axial direction was involved in ROI contouring.



Radiomic feature selection

The radiomic features were extracted using PyRadiomics in Python (version. 3.7, https://www.python.org/). Extracted features included Shape, first-order intensity statistics, Gray Level Co-occurrence Matrix, Gray Level Size Zone Matrix, Gray Level Run Length Matrix, Gray Level Dependence Matrix, logarithm, and Wavelet. Features with ICC values less than or equal to 0.75 were supposed to be excluded from further analyses. Using the least absolute shrinkage and selection operator (LASSO) method (22), the most relevant radiomics features associated with glioma grading were determined. Z-score normalization was used as a preprocessing step for LASSO. Then, the weighted average method with the respective LASSO coefficients was used to linearly combine the most relevant features into a single index called radiomic signature (Rad-score). This Rad-score was deemed an independent variable, along with other image-related VASARI variables.



Clinical feature selection

Univariate and multivariate logistic regression were used to select the most relevant predictors (including Rad-score and the VASARI features) for high-grade glioma, with a p-value of 0.10 (for univariate logistic regression) and 0.05 (for multivariate logistic regression) as the significance level, respectively. In this study, logistic regression was utilized because its outputs were probabilities, which allowed subsequent calibration analysis, nomogram plotting, and decision curve analysis, which are required to comprehensively assess the performance of a predictive model. Two neuroradiologists assessed all VASARI imaging features on standard pre- and post-contrast-enhanced MRI with 8 and 12 years of experience on the open-source picture archiving and communication system (PACS) workstation. Disagreements were addressed through discussions.



Model assessment and validation

In this study, we assessed four aspects of a predictive model, i.e., robustness, discrimination, accuracy, and clinical applicability. The robustness of the model was evaluated by 10-fold nested cross-validation (with an outer loop of ten folds for test cohorts and an inner loop of nine folds for training and validation cohorts). The folds in this cross-validation were stratified, that is, similarly distributed for the positive and negative samples.

The area under the curve (AUC) of the receiver operating characteristic (ROC) curves was used as the performance index. The standard deviation of the ten AUCs was then calculated to assess the robustness (stability) of the model. The discrimination performance of the model was evaluated solely based on the AUC itself. The calibration curve assessed the accuracy of the model, which indicated the degree of agreement between the observed probabilities and model-predicted probabilities using a bootstrap method (1000 resampling iterations). The Hosmer-Lemeshow test was conducted to determine if the level of agreement was statistically significant (23). Clinical applicability was evaluated using a decision curve analysis, which quantitatively suggested whether the model would result in a net benefit for those patients who use it in clinical practice compared to arbitrary decisions (i.e., treat all patients or treat none) (24).



Statistical analysis

All statistical analyses were conducted with R software version 4.0.2 (http://www.Rproject.org) using the following packages: “glmnet,” “rms,” “pROC,” “rmda,” and “broom.” The “glmnet” was used to execute the LASSO method. A nomogram was created using the “rms” function. The AUCs of different ROC curves were compared using the deLong test (25) in “pROC” package. Calibration was assessed using R software, with the “calibrate” function in R package “rms”. The Hosmer-Lemeshow test (23) was used to determine the significance of the calibration curve. All statistical tests were two-sided, and the p-value of statistical significance was set to 0.05, except for the univariate logistic regression used to screen out potential variables, for which the p-value was set to 0.10. The workflow of this study is illustrated in Figure 2.




Figure 2 | Workflow for the method section. Firstly, tumor segmentation was depicted on the MRI images. Secondly, five categories of radiomic features were extracted from the tumor, including shape, first-order, gray level co-occurrence matrix (GLCM), gray level run-length matrix (GLRLM), and wavelet transform. Thirdly, the least absolute shrinkage and selection operator (LASSO) method was used on feature selection, with model development shown. Finally, the ROC, calibration curve and decision curve analysis was used to assess the model performance.






Results


Patient characteristics

Our study included 102 patients, with 37 in LGG group (I/II 2/35) and 65 in HGG group (III/IV, 26/39). Table 1 summarizes the VASARI features, Rad-score, and age and gender ratio for LGG and HGG groups.


Table 1 | The results of binary logistic regression analysis for predictive models.





Radiomic feature extraction

A total of 3840 features from T1WI, T2WI, FLAIR, and contrast-enhanced 3D-T1-MPRAGE images were extracted using Pyradiomics, including shape (14 features), first-order intensity statistics (18 features), Gray Level Co-occurrence Matrix (22 features), Gray Level Size Zone Matrix (16 features), Gray Level Run Length Matrix (16 features), Gray Level Dependence Matrix (14 features), logarithm (172 features), and wavelet (688 features). All features had high ICCs (0.8491 0.9807). Using LASSO logistic regression on the entire cohort, only 16 features survived based on the minimum criterion; the remaining features were omitted because their coefficients were compressed to zero per the LASSO minimum criterion (Figure 2, Feature Selection). The remaining 16 features are listed in Table 2. The Rad-score is then calculated as the linear sum of these 16 non-zero coefficient weighted features (26).


Table 2 | Selected radiomic features and its coefficients.





Construction of predictive models

The results of univariate and multivariate logistic regression analyses are presented in Table 1. As final predictors, three variables remained: edema proportion, deep white matter invasion, and Rad-score. Note that the percentages of edema and deep white matter invasion are VASARI features. Based on the outcomes of logistic regression, three predictive models were developed. Model 1 was constructed with all three final predictors; Model 2 was constructed with Rad-score alone, and Model 3 was constructed with the remaining two VASARI variables after Rad-score was omitted.



Model performance


Robustness

The 10-fold nested cross-validation was performed to assess the performance stability of the model. Figure 3 depicts the performance of the three models in 10-fold nested cross-validation. The ten iterations for the test cohort had standard deviations of 0.0362, 0.0458, and 0.0355 for models 1, 2, and 3, respectively. Thus, all three models were relatively stable throughout the ten repetitions in terms of AUC.




Figure 3 | The performances of three models in the nested cross-validation. (A–C) represent model 1, model 2 and model 3 respectively.





Discrimination

ROC curve indicates the discriminatory ability of a diagnostic/predictive model. Figure 4 displays the ROC curve analyses of the three models. Model 1, Model 2, and Model 3 had AUCs of these ROC curves for predicting glioma grade of 0.966 (95% CI: 0.937–0.995), 0.937 (95% CI: 0.889–0.985), and 0.831 (95% CI: 0.745–0.917), respectively. Table 3 displays the remaining indices of ROC curves, including the sensitivity, specificity, positive predictive value, negative predictive value, and accuracy.




Figure 4 | The receiver operating characteristic (ROC) curves for the three models were shown. (A) presented the ROC of model 1 which combined radiomic and VASARI features, with the area under the curve (AUC) of 0.966. (B) displayed the ROC of model 2 including radiomic alone, with the AUC of 0.937. (C) presented the ROC of model 3 including VASARI features alone, with the AUC of 0.831.




Table 3 | Performance of the three predictive models.





Accuracy

The accuracy refers to the consistency between the predicted and observed values, which is reflected in the calibration curve. The calibration curves of the three models demonstrated a good agreement between the predicted and observed probabilities of HGG (Figure 5). All these curves failed to reach statistical significance according to the Hosmer-Lemeshow test (all p > 0.05), indicating that there is good agreement with the ideal diagonal line (i.e., good fitting between the predicted and the observed HGG probability). Because all three calibration curves were statistically well-fitted and exhibited no discernible deviation from the ideal line, we could not select the best-fitted curve.




Figure 5 | The calibration curves of the three models showed good consistency between the predicted probability of HGG and the observed probability of HGG (A model 1, B model 2, and C model 3).





Clinical applicability

Figure 6 depicts the decision curves of the models. These models are separated from the “treat all” or “treat none” lines, indicating that they may have clinical utility. However, Model 1 appears to have the highest position, indicating that using Model 1 to grade glioma would provide patients with the greatest net benefit compared with Models 2 and 3. Regarding glioma grading, our results indicate that Model 1 (combining radiomics and VASARI variables) is the optimal model among the three models and could be the preferable model for regular clinical practice. Figure 7 depicts the nomogram of model 1 to facilitate its clinical application.




Figure 6 | Decision curves for the three models. Red, combined radiomic and VASARI features model; blue, radiomic model; green, VASARI features model.






Figure 7 | The nomogram of Model 1 combined radiomic and VASARI features.







Discussion

In this study, we developed a predictive model for glioma grade before surgery and histopathology. This model, constructed using radiomics and two VASARI features, performed well in distinguishing LGG from HGG patients. The performance of the model was comprehensively evaluated based on its discrimination, calibration, and clinical utility. The 10-fold nested cross-validation also confirmed the stability and robustness of the model. In addition, our study suggests that radiomics and VASARI could be used to independently predict glioma grade.

With only 102 patients enrolled, the conventional method of dividing the samples into training and testing cohorts was insufficient to evaluate the robustness of our model. Our study evaluated the robustness of the predictive models using 10-fold cross-validation. There have been published radiomics studies with validation cohorts as small as 20–30 patients, making the performance of such models questionable owing to the risks of overfitting and high instability (27). Meanwhile, the external validation cohort sample size should ideally be between 25%–40% of the training cohort (27), although it is common for published studies to violate this requirement. Wang et al. (28) recruited 85 patients and divided them into a training cohort (n = 56) and a validation cohort (n = 29) to develop a radiomics nomogram for glioma grade prediction. The authors discovered that the radiomics nomogram had an excellent C-index of 0.971 in the training cohort and 0.961 in the validation cohort. Given the limited number of samples and the disparity between HGG and LGG, separating the data into training and validation datasets would further reduce the sample size, resulting in highly unstable performance. For a limited cohort, nested cross-validation could be a preferable method to assess whether the selected features are stable across the different folds and to avoid circularity bias while measuring prediction performance (29–31). Our study provided additional information on nested cross-validation from the dividing cohort to AUC scores, enhancing the credibility and confirming the robustness of our models by presenting a transparently detailed procedure.

Regarding the clinical features we selected, the proportion of edema and deep white matter invasion were two key indicators of the malignant behavior of glioma. First, the incidence of peritumoral edema (PTE) is significantly associated with glioma morbidity and mortality. According to previous studies, the average or overall survival of patients with significant edema (> 10 mm) was reduced by more than half compared to those with minor edema (32, 33). In a previous study, Wu et al. (33) hypothesized that edema shape resulting from the extent of edema also influences patient survival. Patients with an irregular edema shape (such as a radial or finger-like shape) tended to have a worse prognosis than those with round edema. In addition, Jeong et al. (34) found that amplification of the epidermal growth factor receptor (EGFR) plays a significant role in the formation of PTE and causes the volume of edema to increase, thereby negatively affecting overall survival. Some studies have indicated that HMGB1 suppression and LINC00665 expression are closely associated with PTE (35, 36).

The deep white matter invasion that we selected to represent malignant glioma was also significant in a previous study. Tumor location, a crucial parameter for patient care, correlates strongly with molecular subtypes, histopathological characteristics, clinical presentation and surgery, surgical management, glioma malignancy level, and prognosis (37–42). Roux et al. (38) presented probabilistic maps based on clinical presentations and survival analysis. Their results demonstrated that tumors in the deep location and eloquent brain regions were more likely to be associated with poor prognosis and shorter overall survival than those in the superficial location distant from the eloquent area.

Invasion along the white matter tracts is an important clinicopathological characteristic of gliomas, indicative of poor therapeutic prognosis (37, 43). Our study utilized the VASARI standard and combined it with contrast-enhanced 3D-T1-MPRAGE radiomics for analysis, which should be superior to using VASARI alone because radiomics analysis should be more objective, accurate, and reliable as a quantitative method. As a non-invasive diagnostic method, radiomic features extracted from images reflect cellular behaviors in the intratumoral microenvironment, which correlates with the prognosis of the tumor (44–46). Heterogeneity, an important parameter of the clinicopathological characteristics of gliomas, is associated with the degree of malignant behavior (47). For instance, tumors with more aggressive behavior may indicate higher heterogeneity, whereas tumors with more favorable behavior tend to exhibit less heterogeneity. Our study filtered kurtosis and entropy-related radiomic features using the LASSO method, indicating greater heterogeneity. According to a previous study (48), kurtosis and entropy are significant indicators of glioma heterogeneity. Spatial and temporal vascular anomalies, which result from hypoxia and acidosis within the tumor caused by angiogenesis, are primary contributors to tumor heterogeneity (47). The models in our study were consistent with those in previous research, suggesting that kurtosis and entropy reflect greater heterogeneity and a worse prognosis. Among the most relevant 16 radiomic features (Table 2), nine features were derived from contrast-enhanced 3D-T1-MPRAGE, two were derived from T1WI, two were derived from T2WI, and three were derived from FLAIR, indicating that 3D-T1-MPRAGE could be the essential sequence and exerted the largest contribution for identifying the glioma grade.

Our study had several limitations. First, the small sample size was insufficient to maintain the stability of the results. Therefore, we utilized nested cross-validation to confirm the validity of the predictive model. Second, our study lacked the molecular subtype for the samples, while the molecular phenotype is crucial for the prognosis of glioma (49, 50). Future medical imaging research should focus on the molecular characteristics of glioma, which could aid in more accurate subtype prediction and the development of individual treatment strategies.



Conclusion

This study demonstrates the significance of a predictive model combining radiomics features with VASARI standard for glioma grade analysis before surgical intervention. This non-invasive imaging-centered strategy would aid in advancing clinical research and guiding individualized treatment for patients with high-grade glioma.
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Wild-type

1p/19q Codeletion
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IDH mutant 1p/19q codeletion
1p/19q intact

IDH mutant CIC mutant
CIC wild-type

0S (median)®

2,907
648
4,445
1933
4,084
2,000
4,084
2,660
4,084
2,660

408 (median), the median overall survival time of the Kaplan Meier curve.

bLogrank_p, p-value of Log-Rank test.

<Cox_p, p-velue of the Multivariate Cox test, inclucing age, gender, grade, histological type, IDH mutation, 1p/19q codeletion, CIC mutation.

9HR, hazard ratio from the Multivariate Cox test.

Patients

414
95
116
398
164
345
164
345
116
393

Logrank_p®
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<le-d
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0.1646

0.035
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Oligodendroglioma® CIC mutant 4,695 02992 00362 0.3674
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@Oligodendroglioma, 2016 WHO CNS tumor classification.

®Logrank_p, p-value of Log-Renk test.

©Cox_p, p-value of the Multivariate Cox test, including age, gender, grade, histological
type, IDH mutation, 1p/19q codeletion, CIC mutation e.

9HR, hazard ratio from the Multivariate Cox test.
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Epilepsy Non-epilepsy P

recurrence  recurrence

Age (mean  deviation) 37667+  38.101+9517 0.802
9.6561

Sex 0.856

Male 30 49

Female 21 30

Tumor location 0.365

Frontal lobe 36 60

Temporal lobe 23 22

Pariotal lobe 4 9

Insula 8 9

Preoperative epilepsy 0.342

Yes 39 53

No 12 2

Tumor pathology 0.725

Diftuse Astrocytoma

IDH-mutant with 1p/19q no-deleted 17 31

IDH-wildtype 10 13

Oligodendroglorna

IDH-mutant with 1p/19q co-deleted 16 27

NOS 8 8

IDH status 0.875

IDH-mutant 41 64

IDH-wildtype 10 13

The status of epilepsy recurrence is determined at 24 months. The location of the tumor
is determined by the region of the tumor involved, where some patients have tumors
involving muliple regions. Chi-Square test or Student's t-test were used to compare the
differences between epilepsy and non-epilepsy groups.
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The number of loops.

17
123
129
122
120
129
125
17
129
119
121
129
123
129
128
129
129

P

0.007*
0.247
0.461
0.591
0.564
0.408
0375
0.692
0510
0.979
0.958
0.402
0.486
0919
0.431
0.853
0.847

The number of loops indlicates how many LOOCV loops have selected the feature. The
P-velue i calculated by the Student's T-test between the early- and late-onset of epilepsy

patients. "Significant difference.
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Modality Features screening Remainedfeatures Cohorts AUC (95%Cl) Sen Spe Acc
Model-Joint series univariate analysis+ 5 training 0.923 (0.866-0.979) 0.829 0.829 0.829
multivariate analysis validation 0.852 (0.644-1.000) 0.778 0.722 0.741

Model-T1 univariate analysis 6 training 0.835 (0.743-0.927) 0.805 0.756 0.780
validation 0.809 (0.638-0.979) 0.889 0778 0.815

Model-CET1 univariate analysis 6 training 0.805 (0.712-0.899) 0.780 0.683 0.732
validation 0.537 (0.284-0.790) 0.778 0.389 0.519

Model-T2 univariate analysis T training 0.784 (0.685-0.883) 0.732 0.707 0.720
validation 0.605 (0.381-0.829) 0.444 0.556 0.519

AUC, area under the curve; Sen, sensitivity; Spe, specificity; Acc, accuracy.

Univariate analysis included ‘General_Univariate_analysis’ (Student’s t test or Rank sum test), ‘Variance', ‘Correlation_xx’ and ‘Univariate _Logistic'analysis.

The multivariate analysis used in this study was ‘MultiVariate_Logistic’ analysis.
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Characteristic All patients Training cohort Validation cohort P-value Training and Validation cohort P-value

n=84) (n=57) (n=27) Sensitive (n = 25) Insensitive (n = 59)
Age (years) 48.452 (12.619) 49.491 (11.386) 46.259 (14.891) 0.276 47.360 (12.312) 48.915 (12.823) 0.609
Gender: 0.840 0.535
male 48 (57.1%) 33 (57.9%) 15 (55.6%) 13 (62.0%) 35 (59.3%)
female 36 (42.9%) 24 (42.1%) 12 (44.4%) 12 (48.0%) 24 (40.7%)
Pathological grade: 0.262 0.330
grade 2 16 (19.0%) 12 (21.1%) 4(14.8%) 7 (28.0%) 9 (15.3%)
grade 3 19 (22.6%) 10 (17.5%) 9(33.3%) 4 (16.0%) 15 (25.4%)
grade 4 49 (58.3%) 35 (61.4%) 14 (51.9%) 14 (56.0%) 35 (59.3%)
Enhancement grade: 0.605 0.474
grade 1 11 (13.1%) 8(14.0%) 3(11.1%) 5 (20.0%) 6 (10.2%)
grade 2 40 (47.6%) 25 (43.9%) 15 (55.6%) 11 (44.0%) 29 (49.2%)
grade 3 33 (39.3%) 24 (42.1%) 9(33.3%) 9 (36.0%) 24 (40.7%)
Cystic grade: 0.936 0.747
grade 1 20 (23.8%) 14 (24.6%) 6(22.2%) 6 (24.0%) 14 (23.7%)
grade 2 29 (34.5%) 20 (35.1%) 9(33.3%) 10 (40.0%) 19 (32.2%)
grade 3 35 (41.7%) 23 (40.4%) 12 (44.4%) 9(36.0%) 26 (44.1%)
Edema grade: 0.246 0.765
grade 1 10 (11.9%) 8 (14.0%) 2 (7.4%) 2 (8.0%) 8 (13.6%)
grade 2 33(39.3%) 19 (33.3%) 14 (51.9%) 10 (40.0%) 23 (39.0%)
grade 3 41 (48.8%) 30 (52.6%) 11 (40.7%) 13 (62.0%) 28 (47.5%)
Sensitive: 0.622
yes 25 (29.8%) 16 (28.1%) 9(33.3%)
no 59 (70.2%) 41 (71.9%) 18 (66.7%)

Continuous variables were presented as the mean (SD). Categorical variables were presented as absolute numbers (n) and proportions (%). Student's t-test, y2 test and Fisher's exact test
were used for comparisons of continuous variables and categorical variables, respectively.

Enhancement grade, according to visual enhancement:

grade 1 (mild enhancement); grade 2 (moderate enhancement); grade 3 (severe enhancement).

Cystic grade, according to the ratio of cystic volume to total lesion volume:

grade 1 (none); grade 2 (<50%); grade 3 (>50%).

Edema grade, according to the distance between the edge of the area of edema and lesion:

grade 1 (none); grade 2 (<2 cm); and grade 3 (>2 cm).
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Group Maximum absolute Maximum normalized

TBF ROI1 TBF ROl
Metastases 16.58 + 6.46 0.88 + 0.38
Glioblastoma 29.61 +22.89 1.63 +1.14

TBF, tumor blood flow; ROI, region of interest.

Maximum absolute
TBF ROI2

15.58 + 6.67
23.45 + 21.24

Maximum normalized Maximum normalized Maximum normalized

TBF ROI2

0.8+0.39
1.25 +0.96

TBF ROI3

17.15 £ 4.13
21.98 + 11.67

TBF ROI3

0.88 £ 0.4
1.17 £ 0.65
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Group Maximum absolute TBF t Standard deviation TBF t Maximum normalized TBF t (norm) Standard deviation TBF t (norm)

Metastases 152.1 173.32 7.6 8.4
Glioblastoma 168.98 91.96 9.3 5.33

TBF, cerebral blood flow.
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Advantages

Using ML requires less formal statistical training given the huge
developments in software (69), and the programming expertise for
researchers has now been transformatively reduced, enabled by
standardized implementations of open source software (70, 71).

Wide data can be handled relatively easily (11) and ML can be applied to
conventional structural MRI, advanced imaging techniques or a combination
of both imaging and non-imaging features.

ML models have the ability to determine implicitly any complex nonlinear
relationship between independent and dependent variables (69), and have
the ability to determine all possible interactions between predictor
variables (73).

Disadvantages

The clinical context may not be represented with a decreased ability to perform
holistic evaluations of patients, with loss of valuable and irreducible aspects of the
human experience such as psychological, relational, social, and organizational
issues (72).

Linking the empirical data to a categorical analysis can neglect an intrinsic ambiguity
in the observed phenomena (72), which might adversely affect the intended
performance (69).

Overreliance on the capabilities of automation can lead to the related phenomenon of
radiologist deskilling (74).

Algorithms may be unreliable due to several technical constraints: domain adaptation is
currently limited, and more solutions are required to help algorithms extrapolate well to
new centers. Ultimately models may require calibration or retraining.

Robustness to unintended data, such as artifacts, is also a technical constraint that needs
to be overcome. Finally, the presence of more than one pathology (e.g., stroke or
abscess associated with a tumor following treatment) can also confound algorithms as
these cases are scarce and often unlabeled.

Accuracy-driven performance metrics have led to a trend towards increasingly opaque
models (73), although recent developments in interpretability and explainability may help
to mitigate this to some extent (75).
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Author Target condition Reference Dataset(s) Available Methodology Features Test set performance
standard demographic selected
information
Wang S. True progression or Histopathology ~model testing ~ Testing =age  Prospective. CL, CBV, FA Insufficient data to determine
etal. (52) pseudoprogression set=10DTl, mean (range) 1 center. parameters per patient diagnostic
(immunotherapy for EGFRvIIl DSC and 3D- 55 (45-77) + 8  Multivariate performance (per lesion
mutation) EPSI male 4 (40%)  logistic results only available:
Baseline prediction Data from USA  regression. Recall = 0.86
Specificity = 0.60)
Yang K. True progression or not Imaging follow ~ Training = 49 Training = Retrospective. Genomic No test set
et al. (53) (stable disease, partial & up Genomic age median 1 center. alterations (Insufficient data to determine
complete response & alterations (range) Analysis including  including per patient diagnostic
pseudoprogression) 57 (22-82) Gene Set CDKN2A and performance. From training
Baseline prediction male 30 (61%) Enrichment EGFR mutations ~ dataset:
Data from Analysis (GSEA). 1-year PFS for responder
Korea 45%; non-responder 0%)
Lundemann  Early recurrence or not (voxel- Mixture of Training = 10 Training = Prospective. FET; FDG; MD, No test set
M. et al. (54) wise) histopathology ~ 18F-FET PET/ age mean 1 center. FA; F, Vb, Ve, Ki, (Insufficient data to determine
Baseline prediction and imaging CT; (range) Multivariate and MTT per patient diagnostic
follow up 18F-FDG 54 (40-71) logistic regression parameters. performance. From training
PET/MRI; T, male 7 (78%)  LOOCV. dataset:
C; To/FLAR;  Data from Voxel-wise recurrence
DTI; DCE Denmark probability AUC 0.77)

EGFR, epidermal growth factor receptor; EGFRVII, epidermal growth factor receptor variant lll; CDKNZ2A, cyclin-dependent kinase Inhibitor 2A.
MRI sequences: T; C, post-contrast T;-weighted: T,, T,-weighted; FLAIR, fluid-attenuated inversion recovery; DSC, dynamic susceptibility-weighted; DCE, dynamic contrast-enhanced;
DTI, diffusor tensor imaging.
Other imaging techniques: 3D-EPSI, 3D echo planar spectroscopic imaging; PET/CT, positron emission tomography and computed tomography; PET/MRI, positron emission
tomography and magnetic resonance imaging; 18F-FDG, [18F]-fluorodeoxyglucose; 18F-FET, [18F]-fluoroethyl-L-tyrosine.
MRI parameters: FA, fractional anisotropy; MD, mean diftusivity; CL, linear anisotropy; CBV, cerebral blood volume; MTT, mean transit time; F, blood flow; Ve, extra-vascular extra-cellular

blood volume; Vb, vascular blood volume; Ki, vascular permeability.

Statistical and machine learning methodology: LOOCYV, leave-one-out cross validation; AUC, area under the receiver operator characteristic curve; PFS, progression free survival.
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Author Target condition Reference Dataset(s) Available demographic ~ Methodology Features Test set

standard information selected performance
AKim J.Y. Early true Mixture of Training = 61 Training = Retrospective First-order, Recall 0.71
etal. (34)  progression or Early histopathology and Testing = 34 age mean + SD (range) 2 centers: 1 volume/shape, Specificity 0.90
pseudoprogression  imaging follow up T, C, FLAIR, DWI, 58 + 11 (34-83) train & 1 Second-order Precision 0.83
DSC male 38 (62%) external test set. (texture), wavelet. BA 0.81
Testing = LASSO feature ~ ADC & CBV F10.77
age mean + SD selection with parameters AUC 0.85 (CI
62 + 12 male 25 (74%) 10-fold CV included. 0.71 - 0.99)
Data from Korea Linear
generalized
model
Kim J.Y. Early true Mixture of Training = 59 Training = Retrospective First-order, Recall 0.80
etal. (35) progression or Early histopathology and Testing =24 age mean + SD 1 center Second-order Specificity 0.63
pseudoprogression  imaging follow up T: C, FLAIR, DTI, 61+ 11 LASSO feature  (texture), wavelet.  Precision 0.36
DsC male 37 (63%) selection with FA & CBV BA0.72
Testing = 10-fold CV parameters F10.50
age mean + SD Linear included. AUC 0.67 (0.40
59 + 12 generalized -0.94)
male 9 (38%) model
Data from Korea
Bacchi S. True progression or Histopathology for Training = 44 Combined = Retrospective CNN. Recall 1.00
et al. (36) PTRE (HGG) progression and Testing = 11 age mean + SD 1 center FLAIR & DWI Specificity 0.60
imaging follow up for 7, C, FLAIR, DWI 56 + 10 3D CNN & 5- parameters Precision 0.75
pseudoprogression male 26 (47%) fold CV BA 0.80
Data from Australia F10.86
AUC 0.80
Elshafeey True progression or  Histopathology Training = 98 Training = Retrospective Kirans & CBV Insufficient
N. etal. PPTRE Testing =7 age mean + SD 3 centers parameters published data
@37) DSC, DCE 50 + 13 mRMR feature to determine
male 14 (58%) selection. 1 test. diagnostic
No testing demographic 1) decision tree performance
information algorithm C5.0 (CV training
Data from USA 2) SWM results available
including LOO recall 0.91;
and 10-fold CV specificity 0.88)
Verma G. True progression or  Mixture of Training = 27 Training = Retrospective Cho/NAA & Cho/  No test set
etal. (38) Pseudoprogression  histopathology and 3D-EPSI age mean + SD 1 center Cr (CV training
imaging follow up 64 + 10 Multivariate results available
male 14 (52%) logistic recall 0.94;
Data from USA regression specificity 0.87)
Loocv
Ismail M. True progression or  Mixture of Training = 59 Training = Retrospective Global & Recall 1.00
etal. (39) Pseudoprogression  histopathology and Testing = 46 age mean(range) 61 2 centers: 1 curvature shape  Specificity 0.67
imaging follow up TiC, T/ (26-74) train & 1 Precision 0.88
FLAR male 39 (66%) external test set. BA0.83
Testing = SVM & 4-fold F10.94
age mean (range) 56 cv
(25-76)

male 30 (65%)
Data from USA

“Bani-Sadr  True progression or  Mixture of Training = 52 Combined = Retrospective Second-order Recall 0.94
A. etal. (40) Pseudoprogression histopathology and Testing = 24 age mean + SD 1 center features (0.71 - 1.00)
imaging follow up T; C, FLAIR 58 + 11 Random Forest.  +/- Specificity 0.38
MGMT promoter male 45 (59%) MGMT promoter ~ (0.09 - 0.76)
status Data from France status Precision 0.36
BA 0.66
F10.84
AUC 0.77
& non-MRI:
Recall 0.80
(0.56 - 0.94)
Specificity 0.75
(0.19 - 0.99)
Precision 0.86
BA0.74
F10.83
AUC 0.85
Gao X.Y. True progression or  Mixture of Training = 34 Combined = Retrospective Ty C, FLAR Recall 1.00
etal. (41) PTRE (HGG) histopathology and Testing = 15 age mean + SD 2 centers subtraction map  Specificity 0.90
imaging follow up (per lesion) 51 +11 SVM & 5-fold parameters Precision 0.83
T; C, FLAR male 14 (36%) cv BA 0.95
(per patient) F10.91
Data from China AUC 0.94 (0.78
-1.00)
Jang B-S.  True progression or  Mixture of Training = 59 Testing Training = Retrospective CNNT;C Recall 0.64
etal. (42)  Pseudoprogression histopathology and =19 age median (range) 2 centers parameters Specificity 0.50
imaging follow up T4 C &clinical 56 (22-77) 1 train &1 +/- Precision 0.64
features & IDH/ male 41 (70%) external test set. Age; Gender; BA0.57
MGMT Testing = CNN LSTM & MGMT status; F10.63
promoter status age mean + SD 10-fold CV IDH mutation; AUC 0.69
53 (28-75) (compared to radiotherapy dose
male 10 (53%) Random Forest) and fractions; & non-MRI:
Data from Korea follow-up interval  Recall 0.72
Specificity 0.75
Precision 0.80
BA0.74
F10.76
AUC 0.83
LiM.etal.  True progression or Imaging follow up Training = 84 No demographic Retrospective. ~ CNN. DTI No test set
43) °PTRE DTI information 1 center (CV training
Data from USA DC-AL GAN results only
CNN available: Recall
with SVM 0.98
including 5 and Specificity 0.88
10 and 20-fold AUC 0.95)
cv
(compared to
DCGAN, VGG,
ResNet, and
DenseNet)
Akbari H. True progression or Histopathology Training = 40 Combined Retrospective First-order, Recall 0.70
et al. (44) Pseudoprogression Testing = 23 internal = 2 centers. 1 second-order Specificity 0.80
Testing = 20 age mean (range) train & test. 1 (texture). Precision 0.78
T: C, To/FLAIR, DTI, 57 (33-82) external test set. CBV, PH, TR, Ty BA0.75
DSC, DCE male 38 (60%) imagenet_vgg_f C, T/FLAR F10.74
No external demographic ~ CNN SVM & parameters AUC 0.80
information Loocv included.
Data from USA
Li X. et al. Early True Mixture of Training = 362 Training = age mean Retrospective Sparse No test set
(45) progression or early histopathology and T, C, Tp, multi-voxel  (range) 50 (19-70) Gabor dictionary  representations (CV training
pseudoprogression  imaging follow up & single-voxel 1H- male 218 (60%) and sparse results only
(HGG) MRS, ASL Data from China representation available:
classifier (SRC) Recall 0.97
Specificity 0.83)
Manning P True progression or  Mixture of Training = 32 Training = age mean + SD  Retrospective CBF and CBV No test set
et al. (46) pseudoprogression  histopathology and DSC, ASL 56 + 13 1 center parameters (CV training
imaging follow up male 22 (69%) Linear included. results only
Data from USA discriminant available:
analysis & Recall 0.92
Loocv Specificity 0.86
AUC 0.95)
Park J.E. Early True Mixture of Training = 53 Training = age mean + SD  Retrospective First-order, Recall 0.61
etal,, 2020 progression or early histopathology and Testing = 33 56 + 11 2 centers. 1 volume/shape, Specificity 0.47
47 pseudoprogression  imaging follow up T, C male 31 (59%) train & test. 1 Second-order Precision 0.58
Testing = age mean + SD  external test set. (texture), wavelet  BA 0.54
62 +12 Random Forest ~ parameters F10.59
male 25 (76%) feature selection  included. AUC 0.65 (0.46
Data from Korea with 10-fold CV -0.84)
(Automated
segmentation)
Lee J. etal. True progression or Histopathology Training = 43 Training =age mean + SD  Retrospective CNN-LSTM No test set
(48) PPTRE (HGG) Ty, T; C, T, FLAIR,  (range) 1 center parameters. (CV training
(subtractions: Ty C- 52 + 13 (16-74) CNN-LSTM. results only
Ty, To.. FLAR)ADC  male 24 (56%) 3-fold CV available:
parameters. Data from USA AUC 0.81 (0.72
-0.88)
Kebir S. True progression or  Imaging follow up Training = 30 Combined = age mean +  Retrospective TBRmean Recall 1.00
etal. (49) PPTRE Testing = 14 SD (range) 1 center TBRmax Specificity 0.80
O-(2['®F]fluoroethyl)- 57 + 11 (34-79) Linear TTPmin Precision 0.90
L-tyrosine (FET) male 34 (77%) discriminant parameters. BA 0.92
Data from Germany analysis. F10.95
3-fold CV/ AUC 0.93 (0.78
- 1.00)
CluceruJ.  Early True Histopathology Training = 139 Training = age median Retrospective Cho, Cho/Cr, No test set
etal. (50) progression or early DSC, MRS, DWI, (range) 1 center Cho/NAA & CBV  (CV training
pseudoprogression DTl 52 (21-84) Multivariate parameters. results only
(HGG) Male 83 (60%) logistic available:
Data from USA regression. Recall 0.65
Ethnicity: 5-fold CV (0.33 - 0.96);
White 112 (80%) Specificity 0.62
American Indian 1 (1%) (0.21 - 1.00)
Asian 6 (4%( AUC 0.69 (0.51
Pacific Islander 2 (1%) -0.87))
Other 18 (13%)
Jang B.S.  True progression or Mixture of (i) (trained model = Testing = age median Retrospective CNNT; C (i) Insufficient
etal. (51) PPTRE histopathology and 78) (range) (i) 6 centers parameters and published data
imaging follow up testing = 104 55 (25-76) 1 externaltest  Age; Gender; to determine
(including PET) (ii) all training = 182 male 59 (67%) set. MGMT status; diagnostic
T C &clinical, Data from Korea CNN LST™M IDH mutation; performance
molecular, timings, (i) 7 centers radiotherapy dose (i) No test set
radiotherapy data 1 training set and fractions; (CV training
CNN LSTM & follow-up interval  results available
10-fold CV AUPRC 0.87)

AWithin publication some data appears mathematically discrepant.

PWithin publication discrepant or unclear information (e.g. interval after radiotherapy).

Unless otherwise stated, glioblastoma alone was analyzed.

PTRE, post-treatment related effects; HGG, high-grade glioma.

MRI sequences: T, C, postcontrast T;-weighted; T,, T,-weighted; FLAIR, fluid-attenuated inversion recovery; DSC, dynamic susceptibility-weighted; DCE, dynamic contrast-enhanced;
DW, diffusion-weighted imaging; DT, diffusor tensor imaging; ASL, arterial spin labelling; MRI parameters: ADC, apparent diffusion coefficient; FA, fractional anisotropy; TR, trace (DTI);
CBV, cerebral blood volume; PH, peak height; Kyans volume transfer constant.

Magnetic resonance spectroscopy: TH-MRS, 1H-magnetic resonance spectroscopy; 3D-EPSI, 3D echo planar spectroscopic imaging.

1H-MRS parameters: Cr, creatine; Cho, choline; NAA, N-acetyl aspartate.

Nuclear medicine: TBR, tumor-to-brain ratio; TTP, time-to-peak.

Molecular markers: MGMT, O6-methylguanine-DNA methyltransferase; IDH, isocitrate dehydrogenase.

Machine learning methodology: CV, cross validation; LOOCYV, leave-one-out cross validation; SVM, support vector machine; CNN, convolutional neural network; LASSO, least absolute
shrinkage and selection operator; LSTM, long short-term memory; mRMR, minimum redundancy and maximum relevance; VGG, Visual Geometry Group (algorithm); DCGAN, deep
convolutional generative adversarial network; DC-AL GAN, DCGAN with AlexNet.

Statistical measures: Cl, confidence intervals; BA, balanced accuracy; AUC, area under the receiver operator characteristic curve; AUPRC, area under the precision-recall curve.
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Model AUC (95%CI) Sensitivity (%) Specificity (%) PPV (%) NPV (%) Yuden index
Noninvasive Grading Model 0.934 (0.895-0.973) 91.2 78.6 92.0 76.7 0.698
Noninvasive IDH Genotyping Model 0.857 (0.787-0.926) 88.2 63.8 84.1 71.4 0.520

PPV, Positive Predictive Value; NPV, negative predictive value.
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OR
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1.931~21.016 0.002**
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Variables Noninvasive Grading Model

OR 95%CI P value
Age (> 60 years) 7.877 1.359~45.638 0.021*
rADCmean (< 1.41) 1.256 0.290~5.446 0.761
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Lesion distribution
Single lobe Reference
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None Reference
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(x10° mm?%/s)

ity (%) Specificity (%) Yuden index
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Significance level markers P < 0.05*, P < 0.01**.
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AUC, Area under the curve; Cl, Confidence Interval.
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Parameters IDH™" (n = 48) IDH*! (n = 112) AP1Z value P value

Hemorrhage Present 8 (16.7%) 22 (20.6%) 0.322 0.570
None 40 (83.3%) 85 (79.4%)

Cystic lesion Present 19 (39.6%) 56 (52.3%) 2.158 0.142
None 29 (60.4%) 51 (47.7%)

Peritumoral edema None 12 (25.0%) 29 (25.9%) -7.767 0.443
Mild 16 (33.3%) 25 (22.3%)
Severe 20 (41.7%) 58 (51.8%)

Tumor boundary Clear 21 (43.8%) 50 (56.3%) 0.011 0917
Blur 27 (44.6%) 62 (55.4%)

Enhancement pattern No enhancement 23 (48.9%) 16 (14.4%) 26.943 < 0.001***
Patchy enhancement 16 (34.0%) 34 (30.6%)
Rim enhancement 8 (17.0%) 61 (55.0%)

Distribution of lesions Single lobe 15 (31.3%) 30 (26.8%) 14.915 0.005™*
Trans-lobe growth with corpus callosum involvement 9 (18.8%) 21 (18.8%)
Trans-lobe growth with insula involvement 19 (39.6%) 22 (17.9%)
Trans-lobe growth 3 (6.3%) 19 (17.0%)
Thalamus or brain stem 2 (4.2%) 22 (19.6)

Significance level markers P < 0.01**, P < 0.001***,
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Parameters LGGs (n = 43) HGGs (n = 123) #P1Z value P value

Hemorrhage” Present 1(2.3%) 29 (24.4%) 9.900 0.002**
None 41 (97.7%) 90 (75.6%)

Cystic lesion’ Present 15 (34.9%) 64 (54.2%) 4.723 0.030*
None 28 (65.1%) 54 (45.8%)

Peritumoral edema None 25 (58.1%) 18 (14.6%) -5.010 < 0.001***
Mild 8 (18.6%) 35 (28.5%)
Severe 10 (23.3%) 70 (56.9%)

Tumor boundary Clear 28 (65.1%) 49 (39.8%) 8.187 0.004**
Blur 15 (34.9%) 74 (60.2%)

Enhancement pattern® No enhancement 27 (62.8%) 13 (10.7%) 52.773 < 0.001**
Patchy enhancement 13 (30.2%) 41 (33.9%)
Rim enhancement 3(7.0%) 67 (565.4%)

Distribution of lesions Single lobe 18 (41.9%) 28 (22.8%) 20.940 < 0.001**
Trans-lobe growth with corpus callosum involvement 5 (11.6%) 26 (21.1%)
Trans-lobe growth with insula involvement 5 (11.6%) 34 (27.6%)
Trans-lobe growth 2 (4.7%) 22 (17.9%)
Thalamus or brain stem 13 (30.2%) 13 (10.6%)

*Hemorrhage status was evaluated as uncertain in a total of 5 patients.
*Cystic lesion status was evaluated as uncertain in a total of 5 patients.
*Two patients did not undergo MRI enhancement examination.
Significance level markers P < 0.05%, P < 0.01**, P < 0.001***,
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Variables Total LGGs (n = 43)
Gender Male 92 20 (46.5%)
Female 74 23 (53.5%)
Age (years) 511159 386+ 128
IDH mutant status® IDH™ 48 20 (48.8%)
IDH" 112 21 (51.2%)

HGGs (n = 123)

72 (58.5%)
51 (41.5%)
55.5 145
28 (23.5%)
91 (76.5%)

t/47 value

1.865

-6.783
9.259

P value

0.172

< 0.001***
0.002*

“Six patients had no IDH status available for assessment. LGGs, low-grade gliomas; HGGs, high-grade gliomas.

Significance level markers P < 0.01*, P < 0.001***.
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Metabolite

Tau
tCho

Short (n = 19) Intermediate (1 = 19)
OVERALL SURVIVAL®
9.03%1.26 1475+ 2.14
847+ 1.12 5.67 £ 0.95
3474034 517072
13.38 + 1.89 6.95 £+ 1.03
44740.48 2844048
1336 + 1.10 15.03 £1.19
4494 0.97 3,00 +0.81
1.33:£0.13 0.86 +0.17
1220+ 127 12.00 4 156
15.47 £ 1.19 18.76 +1.38
234.+0.47 1.60+0.43
0.77 £0.14 0.70£0.14
335094 457 £0.95
125031 092:£0.15
5604079 6.47 £0.71
8.67 £0.57 8.88+0.76

Long (1 =8)

2572+ 1.51
1.67+£0.24
718 +£0.97
3.61+0.68
1.43+£0.28
20.84+1.63
0.94 £0.17
0.73+0.24
6.04 £1.16
18.51+1.30
1.45+£0.23
0.50 £0.12
4.55 £ 0.94
117 £0.33
4.95 +0.63
9.33+1.02

Total

14.30 £ 1.36
613 £0.70
470 £0.42
9.03 £ 1.05
3.14£0.32
15.35 £ 0.81
3.30 £0.55
1.03+0.10
11.08 £ 0.91
17.36 £ 0.81
1.88+0.27
0.69 £ 0.09
4.06 £ 0.57
1.10£0.15
5.76 £ 0.45
8.87 +0.42

P

15.10
13.65
9.44
9.37
8.36
6.53
5.72
4.65
3.62
2.02
0.896
0.584
0.544
0.483
0.416
0.145

<0.001
<0.001
<0.001
<0.001
0.001
0.003
0.006
0.01
0.03
0.14
0.42
0.56
0.58
0.62
0.66
0.86

“Results are given as mean = standard error of mean. A Box Cox transform was performed on the date before running ANOVA analysis. Ac, Acetate; Ala, Alanine; Asp, aspertic acid;
1Cho, free choline; GABA, gamma-aminobutyric acid; Gin, glutamine; Glu, glutamate; Gl, glycine; GPC, glycerophosphocholine; Mi, myo-inositol; NAA, N-acetyl-aspartic acid; PC,

phosphorylcholine; Tau, taurine; {Cr, total creatine; Val, valine. Bold characters indicate p < 0.05.
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n=11

HISTOPATHOLOGICAL GRADE?

tCho
GABA
NAA

8.41 .+ 1.00°
436+ 0.56
3.01:£0.49
836:+1.15
1274419
13.54 £ 147
13.85:£ 155
1.36 +0.49
14.95+1.14
1234013
2324048
0.88:£0.16
8.75+£0.96
609085
860 £ 057
1.03:+0.19
414£1.17

13.94 £ 1.95
2.90 £ 0.36
5.32+0.84
5.77 £1.09
7.98+1.42
1435+ 1.31
10.89 £ 1.32
1.41+0.2
19.05 £ 1.31
1.05+0.21
1.97 £0.49
0.63£0.12
3.68+0.98
6.05+0.74
9.27 £0.86
125 +0.36
4.06 +£0.86

24.99+23
1.40 £0.25
6.70 £ 0.87
2.82 4 0.69
414 £0.53
19.94 +1.28
6.59 £ 0.95
0.58 £ 0.08
19.05 & 1.67
0.67 £0.16
098 £0.11
0.47 £0.12
1.95 4067
4.77 £0.46
8.76 £0.83
1.02+£0.23
394+ 049

Total

143+ 1.36
3.14 £0.32
4.70 £ 0.42
6.13+0.7

9.03 £1.05
15.35 £ 0.81
11.08 £ 0.91
1.09 £ 0.22
17.36 + 0.81
1.03+£0.1

1.88+0.27
0.69 £ 0.09
330+ 0.56
5.76 + 0.45
8.87 £0.42
1.10£0.16
4.06 % 0.57

21.71°
11.74
9.16
8.85
6.54
6.30
5.90
3.99
3.47
3.10
251
1.93
1.49
0.42
0.24
0.23
0.01

<0.000
<0.000
<0.000
0.001
0.003
0.004
0.005
0.03
0.04
0.05
0.09
0.16
0.24
0.66
0.79
0.80
0.99

According to Louis et al. (3) Results are given as mean = standard error of mean. °A Box Cox transform was performed on the data before running ANOVA analysis. Bold characters

indicate p < 0.05.
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Feature Overall survival Total patients Chi-square

short Intermediate Long n (% column) (montecarlo sig.)
n (% row) n (% row) n (% row)

Age <25y 0(0.0%) 5(62.5%) 3(37.5%) 8(17.4%) 001
2554y 5(31.3%) 7 (43.8%) 4(25%) 16 (34.8%)
>54y 14 (63.6%) 7(31.8%) 1(4.5%) 22 (47.8%)

Sex Female 8(34.8%) 11(47.8%) 4(17.4%) 23 (50%) 074
Men 11(47.8%) 8(34.8%) 4(17.4%) 23 (50%)

Comorbility? Yes 10 (34.5%) 18(44.8%) 6(20.7%) 29(63%) 056
No 9(52.9%) 6(35.3%) 2(11.8%) 17 37%)

Localization® A 2(16.4%) 7 (53.8%) 4(30.8%) 13 (30.2%) 004
B8 5(@1.7%) 6(50%) 1(8.3%) 12 (27.9%)
c 12 (66.7%) 3(16.7%) 3(16.7%) 18 (41.9%)

Tumor volume®  Small 13 (39.4%) 15 (45.5%) 5(15.2%) 33(73.3%) 049
Big 6(50%) 3(25%) 3(25%) 12 (26.7%)

Eloguency® Yes 16 (53.3%) 10 (33.3%) 4(18.3%) 30 (69.8%) 019
No 3(23.1%) 6(46.2%) 4(30.8 %) 13 (30.2%)

Resection Partial/Complete 10 (52.6%) 5(26.3%) 421.1%) 19 (41.3%) 027
Biopsy 9(33.3%) 14(51.9%) 4(14.8% 27 (58.7%)

Radiotherapy Yes 19 (54.3%) 12 (34.3%) 4(11.4%) 35 (76.1%) 0.003
No 0(0%) 7 (63.6%) 4(36.4%) 11(28.9%)

Chemotherapy ~ Yes 0(0%) 1(38.3%) 2(66.7%) 3(6.5%) 007
No 19(44.2%) 18 (41.9%) 6(14%) 43 (93.5%)

Histopathology I 0(0%) 6(54.5%) 5(45.5%) 11 (28.9%) <0.001

grade®
[ 3(18.8%) 10 (62.5%) 3(18.8%) 16 (34.8%)
v 16(84.29%) 3(15.8%) 0(0%) 19 (41.3%)

#Arterial hypertension, dlabetes melitus and/or pulmonary, renel, cardiac, oncologic or any severe disease, ®Classification of tumors according to (26). Histopathologic grade according
to (3).
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Group TBF (melanoma) TBF (lung) TBF (kidney) TBF (intestines) TBF (breast)

maxTBF 148.43 82.19 331.46 66.62 138.42
Standard deviation 88.32 65.05 326.08 7.35 81.91

MaxTBF, maximal TBF.
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Group Maximum absolute TBF ROI1-ROI3 ROI1-ROI3 standard deviation

Metastases -0.82 6.03
Glioblastoma 7.63 11:22
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Metrics Model 1 Model 2 Model 3

(Rad—VASARI combined) (Rad_score only) (VASARI only)
AUC 0.966 0937 0.831
Accuracy 0931 0912 0.761
Sensitivity 0954 0908 0.776
Specificity 0.892 7 0919 7 0.723
PPV 0939 0952 0.681
NPV 0917 0.850 0.596

AUC: area under the receiver operating characteristic curve; PPV: positive predictive value; NPV: negative predictive value.

The AUC cut-off was determined based on Youden index maximization criterion. Specifically, Youden index = true positive rate (sensitivity) - false positive rate (1-specificity). In the ROC curve,
a series of Youden indices was calculated, then the maximum Youden index of this series was picked out and the corresponding value of the test variable which matched this maximum Youden
index was the cut-off value.
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Selected features Coeffici

Contrast-enhanced 3D-T1-MPRAGE original_firstorder_MeanAbsoluteDeviation 0.008376
original_firstorder_Mean -0.21765
logsigma_3_0_mm_3D_glem_Correlation 0.014965
log_sigma_5_0_mm_3D_glszm_GrayLevelNonUniformityNormalized 0.163822
log_sigma_5_0_mm_3D_glszm_SmallAreaLowGrayLevelEmphasis 0.354926
wavelet_LHL_gldm_DependenceVariance -0.02259
wavelet_LHH_gldm_LargeDependenceHighGrayLevelEmphasis 0061954
wavelet_HLL_glem_JointEntropy -0.1377
wavelet-LLL_gldm_SmallDependenceLowGrayLevel Emphasis 0.069576
TIWI log-sigma-5-0-mm-3D_glem_SumEntropy 0.176542
wavelet-HHL_glem_JointAverage 0.000975
T2WI log-sigma-5-0-mm-3D_gldm_LowGrayLevelEmphasis 0027959
wavelet-LHH_glrlm_LongRunEmphasis 026765
FLAIR log-sigma-5-0-mm-3D_gldm_GrayLevelVariance -0.036765
wavelet-LHL_gldm_SmallDependenceLowGrayLevelEmphasis -0.316588

wavelet-HLL_firstorder_Kurtosis 0.117975
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Factors Univariate analysis Multivariate analysis

95% Cl 95% Cl
Gender 0.957 0.688-1.331 0.882
Age 1.080 0.659-1.770 0.908
VASARI
F1 1.036 0.857-1.252 0.922
F2 1.541 0.926-2.565 0.465
F3 0916 0.645-1.301 0.787
F4 1.255 0.831-1.895 0.652
F5 0.946 0.722-1.240 0.897
F6 1178 0.885-1.568 0.736
F7 0933 0.691-1.260 0.807
F8 2.036 1.029-4.029 0.046 1.136 0.986-1.309 0.088
F9 1.252 0.836-1.875 0.688
F10 0.853 0.492-1.479 0.162
F11 1461 0.896-2.382 0.507 |
F12 0.952 0.757-1.197 0.776
F13 1.281 0.853-1.924 0.439
Fl4 3.638 1.088-12.165 0.029 2.152 1.029-4.501 0.036
F15 1.109 0.905-1.371 0.786
Fl6 1.266 0.932-1.720 0.409
F17 0.899 0.673-1.201 0.533 |
F18 1.426 0.811-2.507 0.427
F19 1.058 0.957-1.170 0.456
F20 1.436 0.913-2.259 0.221
F21 3.895 1.120-13.546 0.011 2.487 1.094-5.654 0.026
F22 0.895 0.616-1.300 0.436
F23 1.127 0.882-1.440 0.649
F24 2.587 1.031-6.491 0.035 1.195 0.992-1.440 0.062
F25 1225 0.894-1.679 0.587
Rad-score 13.661 3.688-50.603 <0.001 18.604 4.257-81.303 <0.001

CI, confidence interval; OR, odds ratio. VASARI, The Visually AcceSAble Rembrandt Images. F1: Tumor Location. F2: Side of Tumor Epicenter, F3: Eloquent Brain. F4: Enhancement Quality.
ES: Proportion Enhancing. F6: Proportion nCET. F7: Proportion Necrosis. F8: Cyst(s). F9: Multifocal or Multicentric. F10: T1/ELAIR RATIO. F11: Thickness of enhancing margin. F12:
Definition of the enhancing margin. F13: Definition of the non -enhancing margin. F14: Proportion of Edema. F15: Edema Crosses Midline. F16: Hemorrhage. F17: Diffusion. F18: Pial invasion.
F19: Ependymal invasion. F20: Cortical involvement. F21: Deep White Matter Invasion. F22: nCET tumor Crosses Midline. F23: Enhancing tumor Crosses Midline. F24: Satellites. F25: Calvarial
remodeling.
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Characteristics All cohort p-value Training cohort p-value Validation cohort p-value

(n = 205) (n=102) (n=103)
G F G F G F
(n=139) (n=66) (=72 (n=30) (n=67) (n=36)
Age, median (range) 37(15-64)  305(15-66)  0.181  36(1558)  355(1-59) 0995  41(15-64)  445(15-66) 0418
Gender (%) 0645 1.000 0519
Male 85(61) 43 (65) 44 (61) 18 (60) 41(61) 25 (69)
Female 54 (39) 23 (35) 28 (39) 12 (40) 26 (39) 11 (31)
Tumor histopathology (%) 0.155 0.124 0504
Oligodendrial giioma 97 (70) 39 (59) 48 (67) 15 (50) 49(73) 24(67)
Astrocytoma 42(30) 27 @41) 24(33) 15 (50) 18 (27) 12/(39)

Radiomic signature, mean+SD  0.63+1.04 -099+1.39 <0.001 035+083 -085+085 <0.001 092+£1.17 -110+£1.73 <0.001

p-values of age and radiomic signature are the results of independent-samples t-tests; p-values of gender and tumor histopathology are the results of Fisher's exact tests.
G, generalized; F, focal; SD, standard deviation.
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Radiomic features

Coifletyy, GLSZM
zone percentage
Coiflety s NGTDM
contrast

Coifletiss. GLCM
maximum probabilty
Location features:
Chebyshev distance

AuC

0.683

0.650

0.685

0.656

p-values of
Pearson

0.003

0.029

0.023

0.032

p-velues are the result of Pearson correlation coefficient.
AUC, area under curve; LASSO, least absolute shrinkage and selection operator; GLSZM,
gray-level size zone matrix; NGTDM, neighborhood gray tone difference matrix; GLCM,
gray-level co-occurrence matrix.

Coefficients of
LASSO regression

0.445876806974411

0.135681539773941

0.336605042219162

0.281620532274246
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Parameters IDH-1 IDH-1
mutation wildtype

Mean & SD Mean+SD  p-values

ADCirean, x 1075 mm 14310 2250 14830 3458  0.6678
ADCrin, x 1075 mmPs~! 6317 2688 6508 1491 02465
ADCrmax, x 1075 mm?s™ 24170 5359 27820 6052  0.1514
P10ADC, x 1075 mm?s~' 11040 1521 10890 1847  0.8390
P25ADC, x 1075 mm?s~' 12600 1993 12480 2453  0.8987
P75ADC, x 10~ mm?s~! 15880 27.96 171.90 4904  0.4201
P9OADC, x 10-5 mm?s~' 17470 3090 19160 5667  0.3601
Median ADC, x 10-5 mm?s! 143.20 2473 14430 3266 09325
Mode ADC, x 10-5 mm?s~' 14550 3031 15350 67.96 06623

SD ADC, x 1075 mm?s~! 2591 984 3338 1375  0.1457
Kurtosis 351 142 497 387 09748
Skewness 015 075 077 092 01688
Entropy 55 063 475 069 00144

Values displayed in bold indicate findings of statistical significance (o < 0.05).
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DWI histogram profile parameters Ki-67

ADCiean, 1075 mm? r=-04389
p=00319

ADGrin, x 10-5 mm?s~"1 r=-0.03701
p=0.8637

ADCrmax, x 1075 mm?s~" =-0.5218

ADCp10, x 10-° mm2s~"

ADCp25, x 10-5 mm2s~"

p =0.0696
ADCpT5, x 1075 mm?s=" r=-04328
.0347
ADCpO0, x 105 mmPs~" r=-04512

ADCMedian, x 10~° mm?s~!

p =0.0702
ADCModus, x 107° mm?s~" r=-03179
p=0.1011
SD ADC, x 1075 mm’ r=-0.4475
p=0.0283

Kurtosis r=01312
p=05412

Skewness r=00885
p=06810

Entropy r=02186

p=03048

Values displayed in bold indicate findings of statistical significance (o < 0.05).
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Parameters

ADCrmean, x 10-5 mm2s-
ADCiin, x 1078 mm?s~"
ADCrmax, x 1075 mm?:
P10 ADC, x 107° mm?s~!
P25 ADG, x 105 mmPs~"
P75 ADC, x 107° mm?s~!
P90 ADC, x 1075 mm?s~1
Median ADC, x 10-5 mm2s~!
Mode ADC, x 10-5 mm?s
SD ADC, 10-5 mm?s~"
Kurtosis

Skewness
Entropy
Ki-67

Values displayed in bold indicate findings of statistical significance (o < 0.05).

WHO grade 1
Mean + SD

171.90
61.67
315.30
116.90
146.4
197.70
222.50
172.00
179.70
42.16
5.50
0.70
4.72
3.00

36.80
32.25
34.31
953
31.88
51.56
52.55
47.97
67.76
14.76
391
125
0.67
173

WHO grade 2
Mean £ SD

140.20
50.84
240.40
107.40
123.10
156.90
171.60
140.40
143.50
25.67
376
0.18
537
5.41

26.25
22.82
53.46
16.60
22.12
33.25
37.69
27.76
32.65
10.78
2.16
0.70
0.65
258

T-test
p-values

0.0221
0.3463
0.0022
0.1692
0.0452
0.0251
0.0112
0.0460
0.0753
0.0045
0.2542
0.2307
0.0350
0.0340
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Parameters MGMT promotor MGMT promotor p-values

methylation methylation
positive negative
Mean & SD Mean  SD

ADCrean, x 107 mm?s~"  142.30 2735 1414 2571 09286

ADCin, x 10-5 mm?2s~1 4176 1913 6262 2447 0.033
ADCmax, x 1075 mm?s™! 24640 5541 22670 6803  0.5480
P10ADC, x 10" mm?s™! 10860 17.04 10690 1541 08429
P25ADC, x 1075 mm?s~! 12640 2376 12120 1874 07201
P75ADC, x 10~ mm?s™!  160.80 8275 16720 3664  0.8861
PYOADC, x 10-5 mm?s~'  173.10 3443 177.90 4659  0.8202

Median ADC, x 10~ mm?s~" 14360  20.87 13910 2484  0.7678
Mode ADC, x 105 mm?s~! 145,10 3654 13910 2284 07224

SD ADC, x 107 mm?s™! 25.34 7.88 28093 16.00 0.5697
Kurtosis 3.25 081 3.50 221 0.6889
Skewness 0.02 0.38 0.40 0.95 0.6070
Entropy 5.62 0.49 497 0.80 0.0719

Values displayed in bold indicate findings of statistical significance (o < 0.05).
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Pre-operation patients considered
glioma at our hospital from

March 2017 to September 2018
(n=195)

Pre-operation

Pre-operation patients

considered glioma (n=161)

Post-operation

Finally included glioma patients (n

=102 ), among of them LGG (n =
35)and HGG (n= 67)

Excluded:
v 14 patients with high artifacts in images
v'20 patients without complete images

Excluded:

v 29 patients without surgery

v 30 patients without certain diagnosis

* 16 lack of pathological biopsy

* 14 pathologic diagnosis without glioma
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Parameters

BI
AT
TTP
PI
AS
DS

ICC

0.97
093
0.99
0.95
091
0.95

Intraobserver

95% CI

0.88-0.99
0.75-0.98
0.97-0.99
0.78-0.99
0.65-0.98
0.81-0.99

Interobserver

I1CC

0.95
0.88
0.99
0.94
0.89
0.97

95% CI

0.83-0.99
0.60-0.97
0.95-0.99
0.79-0.99
0.61-0.97
0.61-0.99

CEU, contrast enhanced ultrasonography; ICC, intraclass correlation; CI, confidence interval; BI, base intensity; AT, arrival time; TTP, time to peak intensity; PI, peak intensity; AS,

ascending slope; DS, descending slope.
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Parameter

(TTP — AT)mass/(TTP — AT)uterus
AS

(PI — BI)mass/(PI — Bl)uterus

DS

TTP mass

PI mass

Sensitivity Specificity Cut-oft value

93.33%
86.67%
86.67%
54.55%
60.00%
73.33%

85.00%
75.00%
60.00%
66.67%
80.00%
60.00%

105
L11
0.82
-0.27
29.50
50.69

AUC  Std. error

0.93
0.83
0.73
0.66
0.69
0.68

0.04
0.07
0.09
0.11
0.09
0.09

P value

<0.05

<0.05

<0.05
0.16
0.06
0.07

95% confidence interval

Lower limit

0.84
0.7
0.56
045
0.50
0.49

Upper limit

1
0.97
09
0.86
0.87
0.86

ROC, receive operating characteristic; CEU, contrast enhanced ultrasonography; TTP, time to peak intensity; AT, arrival time; P1, peak intensity; BI, base intensity; AS, ascending slope; DS,

desceniding slop,
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Parameter Benign tumor

(TTP = AT)mass/(TTP = AT)uierus 1.48 (1.29-1.63)
(PT = BD)mass/(PI = Bl)uterus 0.74 (0.56-1.02)
AS 0.96 (0.59-1.11)
DS -0.23 (-0.28- -0.16)

Malignant tumor

0.72 (0.67-0.98)

1.04 (0.87-1.06)

1.29 (1.16-1.54)
-0.28 (-0.36- -0.21)

P value

<0.05

<0.05

<0.05
0.16

Data are shown as mean (range), CEU, contrast enhanced ultrasonography; TTP, time to peak intensity; AT, arrival time; PI, peak intensity; B, base intensity; AS, ascending slope; DS,

descending slope.
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Characteristic Benign (n = 20) Malignant (n = 15) P value

Age (year) 41.00 (32.50-51.50) 39.00 (30.50-63.00) 0.80
Postmenopausal (n) 5 (25.00%) 5 (33.30%) 0.71*
Maximum diameter of lesions (cm) 81.50 (68.00-101.50) 84.00 (37.00-114.50) 0.91
Bilateral (n) 3 (15.00%) 1 (6.70%) 0.62*
Peritoneal effusion (n) 3 (15.00%) 7 (46.70%) 0.06"
Color score 0.01
1 12 (60.00%) 3 (20.00%)
2 6 (30.00%) 7 (46.67%)
3 2 (10.00%) 3 (20.00%)
4 0 (0%) 2 (13.33%)
RI 0.56 (0.51-0.68) 0.45 (0.38-0.48) 0.01
CA-125 (u/ml) 26.45 (16.60-71.15) 74.70 (53.20-283.10) 0.01
HE-4 (pmol/L) 38.40 (29.35-52.75) 35.90 (35.35-81.35) 0.24

RI, resistance index; CA-125, carbohydrate antigen 125; HE-4, human epididymis protein-4.
ACalculated with Fisher’s exact test.
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Pathological type

Benign
Simple cyst
Mesosalpinx cyst
Mature teratoma
Hydrosalpinx
Serous cystadenoma
Mucinous cystadenoma
Fibrothecoma
Endometrioma
Brenner tumor

Malignant
Serous cystadenocarcinoma
Mucinous cystadenocarcinoma
Endometroid adenocarcinoma
Granulosa cell tumor
Spertoli-Leydig cell tumor
Clear cell carcinoma
Borderline cystadenoma

Immature teratoma

n (%)

20 (57.14%)
1 (2.86%)
1 (2.86%)
4 (11.43%)
1 (2.86%)
4 (11.43%)
2 (5.71%)
1 (2.86%)
5 (14.29%)
1 (2.86%)
15 (42.86%)
3 (8.57%)
2 (5.71%)
2 (5.71%)
1 (2.86%)
1 (2.86%)
1 (2.86%)
3 (8.57%)
2 (5.71%)
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51 patients diagnosed as adnexal
masses after conventional
ultrasonography examination

Patients excluded (n=4)
Pregnancy (n=2)
Atrial Septal Defect with right to left
shunt (n=1)
Less than 18 years old (n=1)

47 patients diagnosed as adnexal

masses performed CEU

Patients excluded (n=16)
No surgery within 3 months (n=5)
Movement of patient/probe (n=4)
Adnexal mass and uterus could not
obtain at the same plane (n=7)

Final study population 31
patients diagnosed as adnexal
masses and performed with CEU
included
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ADps
VLMT_rec
VLMT_con
VLMT_recog

ANT_RTeor (ms) 505

ANT_F
TMT_RTexe (5)

CG (V=20
M sD
043 002
048 002
079 002
029 005
059 003
041 003
118 002
075 004
s7 8
1 2
14 1
64
4 3
28 10

PAT (N = 20)
M sD
042 0.02
046 002
079 003
032 008
060 003
042 004
147 002
074 005
47 14
2 2
12 2
560 87
3 4
43 26

1.85
174
0.05
-1.39
—-0.69
-0.95
201
0.67
265
-1.32
161
-1.28
0.68
—2.54

P

0.04
0.05
0.48
0.09
0.25
0.17
0.03
0.25
0.01
0.10
0.08
0.11
0.25
0.01

ES

-0.49
-0.98
0.00
053
0.33
0.28
-0.49
-0.22
-0.91
0.50
-1.04
0.70
-0.27
0.98

Cl

[-1.12-0.14]
[~1.64 10-0.32]
[-0.62-0.62)
[-0.10-1.16]
[-0.33-0.95)
[-0.35-0.90)
[-1.12-0.14]
[-0.84-0.41)
[-1.64-0.18]
[-0.22-1.23)
[-1.80t0-0.28]
[-0.06-1.46)
[-1.01-0.48)
[0.19-1.76]

IDHmut (V = 12)
M sD
0.43 0.02
0.47 0.02
078 002
029 005
058 003
041 002
1.16 0.02
072 004
51 1
2 1
13 2
546 75
3 4
32 15

IDHwt (N = 7)
M sD
0.40 0.02
0.45 0.02
081 002
036 006
062 003
045 004
118 002
075 006
% 16
3 5
1 =
613 123
2 1
55 38

345
-1.81
3.28
2.64
3.55
2.60
2.02
125
—235
0.41
224
1.21
—0.45
1.65

P

0.002
005

0.002
0.01

0.001
0.01
0.03
0.1
0.02
036
0.02
0.13
033
0.06

ES

-1.43
-096
1.43
1.24
1.27
1.33
0.96
0.60
-1.29
0.35
-1.23
0.73
-0.27
091

Cl

[-2.47-0.04]
[-1.94-0.08)
[0.40-2.47]
[0.23-2.26]
[0.26-2.29]
[0.31-2.36]
[-0.03-1.94]
[-0.35-1.55]
[-2.52-0.05]
[-0.82-1.51]
[-2.48-0.01]
[-0.57-2.04]
[~1.55-1.01]
[~0.30-2.12]

DV, dependent variable; CG, control group; PAT, patient group; IDH, isocitrate-dehydrogenase; IDHmut, IDH-mutated glioma; IDHwt, IDH-wildtype glioma; N, number of included
subjects; M, mean; SD, standard deviation; t, value of test statistic; p, significance; ES, effect size; Cl, confidence interval; FA, fractional anisotropy; MD, mean diffusivity; RD, radial
diffusivity; AD, axial difusivity; PS, peak width difference of skeletonized dlifusivity; VLMT, Verbal Learning and Memory Test; ANT, Attention Network Test; TMT, Trail-Making Test;
VLMT _rec, recall; VLMT_con, consolidation; VLMT _recog, recognition; ANT_RTeor, reaction time of correct trials; ANT_F; number of errors; TMT_RTexe, difference in reaction time
between TMT-A and TMT-B. *Significant results o < 0.05, one-tailed), ES, and Cl are printed in bold.
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Patients IDH-mutation Diagnosis Grade Location Side Volume (in cm® AE Steroids Age (years) Education* (years)

1 y Astrocytoma 1 Temporal r 30 y n 30-35 13
2 y Astrocytoma ] Frontal 1 51 y n 20-25 16
3 y Astrocytoma 1 Parietal 1 64 y n 55-60 18
4 y Astrocytoma I Frontal 1 158 y n 26-30 13
5 y Oligodendro-glioma 1 Frontal r 2 non 36-40 13
6 y Oligodendro-glioma I Frontal 1 22 non 26-30 13
7 y Anaplastic astrocytoma Il Frontal 1 21 y oy 50-55 13
8 y Anaplastic astrocytoma Il Parietal 1 119 y n 20-25 13
9 y Anaplastic astocytoma Il Frontal r 155 non 30-35 15
10 y Anaplastic astrocytoma Il Frontal, insular v 175 y oy 30-35 13
11 y Anaplastic W Frontal 1 39 y n 50-55 15
oligodendro-glioma
12 y Anaplastic W Frontal v % non 30-35 18
oligodendro-glioma
13 n Dysembryo-plastic 1 Hippocampal 1 24 y n 40-45 15
neuroepithelial tumor
14 n Anaplastic astrocytoma Il Temporo-parieto-occipital | 144 non 66-70 12
15 n Glioblastoma multiforme IV Fronto-temporal, insular | 204 y oy 60-65 15
16 n Glioblastoma multiforme IV Temporal, insular | 111 y n 56-60 10
17 n Glioblastoma multiforme IV Fronto-temporal, insular | 145 Ny 66-70 9
18 n Glioblastoma multiforme IV Frontal v 182 Ny 50-55 12
19 n Glioblastoma multiforme® IV Parietal, thalamic 1 65 y oy 50-55 13
20 - Presumed low-grade - Occipita r 1 non 60-65 12
gliomaP

IDH, isocitrate-dehydrogenase; y, yes; n, no; |, left; 1, right; AE, anti-epileptics; m, mele; 1, femae.
aRecurrent glioblastoma 5 months after first tumor resection and acjuvant radiochemotherapy.

bpatient refrained from surgery so that no histopathological confirmation could be obtained.

*Years of education were computed by the sum of years spent for school career and further training/studly.
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Parameters Mean * standard ~ Minimum  Maximum

deviation

ADCrean, x 1075 mmPs 148.73 £ 31.41 88.10 23091
ADCia, x 1075 mm?s~"1 53.75 % 2497 0.10 93.20
ADCipay, x 1075 mm?s™! 260,53 + 57.92 159.30 352.80
P10 ADG, x 10-5 mm?s~" 109.99  16.16 71.60 136.80
P25 ADG, x 105 mm?s~"! 129.33 & 26.08 77.40 203.60
P75 ADC, x 10-5 mm?s™" 167.85 + 41.31 98.10 272.70
P90 ADG, x 105 mm?s~" 185.28 + 46.16 107.20 27910
Median ADC, x 10-5 mm?s™'  148.91 & 35.51 86.50 263.30
Mode ADC, 153.24  45.35 84.00 27690
SD ADC, x 1075 mm?s~" 30.11 4+ 13.57 12.76 64.11

Kurtosis 423£271 2.00 1120
Skewness 0324087 -1.35 247

Entropy 5.19£0.69 3.79 6.19
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Characteristics

Female
Weight (k)
Metabolism
Cystic
Solid
SUVimax
SUVinean

IDH, isocitrate dehydrogenase; IDH-mt, IDH mutant; IDH-wt, IDH wild-type; SUV, standard uptake value.

Training cohort (n = 84)

IDH-mt (n = 38) IDH-wt (n = 46)
4384+ 11.11 51.30 + 15.33
21 25
17 21
67.99.11.78 66.44 % 14.72
31 24
7 22
10.32 £ 654 1024 £5.12
448238 4544186

Validation cohort (n = 43)

IDH-mt (n = 13) IDH-wt (n = 30)
41.85 + 9.60 50.10 % 20.43
7 21
6 9
6900+ 12.18 6783+ 1338
10 15
3 15
10.09 + 6.53 9.03 + 4.02
380 1.99 3.89 +1.89

092
0.26

0.67
0.42

033
0.09

Chi-Square or Fisher's exact tests, as appropriate, were used to compare the diferences in categorical variables, while independent sample t-tests or Mann-Whitney U-tests were used
to compare the differences in continuous variables.
Age, Weight, SWimax, and SUVmean are represented as (mean + standard deviation).
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Method Cohort

Radiomic signature Training cohort
Validation cohort
Clinical model Training cohort
Validation cohort
Combined model Training cohort
Validation cohort

AUC (95% CI)

0.904 (0.886, 0.923)
0890 (0.871, 0.924)
0.705 (0.673, 0.738)
0664 (0.631, 0.605)
0911 (0.895,0.931)
0.900 (0.877, 0.923)

ACC (95% CI)

82.1% (79.8, 84.5)
81.4% (79.6,83.9)
66.7% (63.8, 69.5)
65.1% (62.1,68.0)
79.8% (77.2,82.3)
83.7% (81.5, 86.0)

95% Cl, 95% confidence interval; AUC, area under the curve; ACC, accuracy; SEN, sensitivity; SPE, specificity.

SEN (95% CI)

86.8.1% (83.6,90.0)
92.3% (89.4, 95.3)
71.1% (66.8, 75.3)
61.5% (56.1,67.2)
78.9% (75.2,82.7)
92.3% (893, 95.9)

SPE (95% CI)

78.3% (74.9,81.5)
80.0% (7.2, 82.9)
63.0% (59.2, 67.0)
66.7% (63.0, 70.1)
80.4% (77.0, 83.9)
80.0% (7.1, 82.9)
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