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Background: Intracranial extraventricular ependymoma (IEE) and glioblastoma (GBM) may have similar
imaging findings but different prognosis. This study aimed to develop and validate a nomogram based
on magnetic resonance imaging (MRI) Visually AcceSAble Rembrandt Images (VASARI) features for
preoperatively differentiating IEE from GBM.

Methods: The clinical data and the MRI-VASARI features of patients with confirmed IEE (n=114) and
confirmed GBM (n=258) in a multicenter cohort were retrospectively analyzed. Predictive models for
differentating IEE from GBM were built using a multivariate logistic regression method. A nomogram was
generated and the performance of the nomogram was assessed with respect to its calibration, discrimination,

and clinical usefulness.
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Results: The predictors identified in this study consisted of six VASARI features and four clinical features.

Compared with the individual models, the combined model incorporating clinical and VASARI features had
the highest area under the curve (AUC) value [training set: 0.99, 95% confidence interval (CI): 0.98-1.00;

validation set: 0.97, 95% CI: 0.94-1.00] in comparison to the clinical model. The nomogram was well

calibrated with significant clinical benefit according to the calibration curve and decision curve analyses.

Conclusions: The nomogram combining clinical and MRI-VASARI characteristics was robust for

differentiating IEE from GBM preoperatively and may potentially assist in diagnosis and treatment of brain

tumors.
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Introduction

Ependymoma is a primary tumor of the central nervous
system (CNS) tumor that accounts for 2-9% of all
intracranial tumors (1,2). Ependymomas have been classified
by the World Health Organization based on histological
and molecular features into the following categories:
supratentorial ependymoma, posterior fossa ependymoma,
spinal cord ependymoma, myxopapillary ependymoma,
and subependymoma (3,4). Most ependymomas arise from
the neoplastic transformation of ventricular ependymal
cells, but a small number of ependymomas occurs in the
brain parenchyma termed intracranial extraventricular
ependymomas (IEEs) (5). IEEs account for 2-3% of
intracranial gliomas and 7% of primary CNS tumors (6).
On the contrary, glioblastomas (GBM) are much more
common, accounting for 51% of all gliomas in the CNS (7).
Notably, there are a few similarities between IEE and
GBM regarding their overlapping clinical and imaging
characteristics. More than 25% of adult ependymomas
are misdiagnosed as other brain tumors, particularly as
GBM, which affects treatment and prognosis (8-11). The
5- and 10-year overall survival rates for ependymoma are
approximately 83% and 79% respectively (11). On the
contrary, the median survival of patients with GBM is only
15 months after initial diagnosis and standard treatment.
Despite maximum safe surgical resection and multimodal
treatment, 70% of patients with GBM have recurrence (12).
Recent data suggest the use of a personalized approach
for treatment of GBM with targeted drugs, which is
promising (13). Therefore, preoperative identification of
IEE and GBM can facilitate optimal treatment planning
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and improve prognosis. Pathological confirmation from
brain biopsy remains the only reliable method to diagnose
IEE. Brain biopsy is invasive and is associated with a risk
of hemorrhage, brain injury, tumor spreading along the
needle path or cerebrospinal fluid, and misdiagnosis due to
inadequate tissue sampling. New, non-invasive methods are
necessary to achieve accurate preoperative differentiation
between IEE and GBM.

There have been several studies reporting magnetic
resonance imaging (MRI) features of IEE and GBM. IEE
often presents relatively well-defined, large, heterogeneous,
solid and cystic lesions with mild to moderate edema
extending from the cortical surface to the edge of the
ventricles, with foci of calcification and heterogeneous
enhancement. In contrast, GBM rarely has calcification, is
more heterogeneous, and has more extensive peritumoral
edema (9,14,15). Clinical MRI reports usually include
only a few imaging features such as location, size and
enhancing characteristics of the brain tumors, which
has limited efficacy in differentiating these two brain
tumors. On the other hand, the MRI-Visually AcceSAble
Rembrandt Images (VASARI) feature set as defined by
The Cancer Imaging Archive (TCIA) utilizes a large
number of defined visual features from conventional brain
MRI and a standardized scoring system with controlled
vocabulary to provide comprehensive standardized reports
on brain tumors. MRI-VASARI has been used to diagnose
primary brain tumors, predicting survival (16) and tumor
progression (17). There are currently 30 morphological
features described in this feature set, including the location
and characteristics of the tumor components, as well as
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150 patients with IEE confirmed by surgical
pathology in participating hospitals between
June 2016 and June 2021

852 patients with GBM confirmed by
surgical pathology in participating hospitals
during the same time period

Excluded:
¢ Incomplete clinicopathological data (n=21)
¢ Missing pretreatment MRI (n=10)
e Gross motion or artifacts on MRI (n=5)

Y

Excluded:
¢ Incomplete clinicopathological data (n=183)
* Missing pretreatment MRI (n=254)
® Gross motion and artifacts on MRI (n=157)

Y

Final cohort of patients with IEE (n=114)
Final cohort of patients with GBM (n=258)

Y

Y

Training set
e |[EE (n=80)
* GBM (n=181)

Validation set
e |[EE (n=34)
e GBM (n=77)

Figure 1 Enrollment strategy. IEE, intracranial extraventricular; GBM, glioblastoma; MRI, magnetic resonance imaging.

distinct features such as hemorrhage and pial invasion (18).
This feature set has been used to describe tumor
morphology and to predict the prognosis of GBM. For
instance, Mazurowski et /. found that MRI-VASARI feature
set improved the predictive power of survival models for
patients with GBM (19). Verduin ez 4/. found an integrated
clinical and imaging prognostic model to be robust and
of potential clinical relevance (16). In addition, the MRI-
VASARI feature set was used to identify GBM and brain
metastases (20). The MRI-VASARI feature set has also been
used to predict histological grade and tumor progression
of lower grade gliomas (21). Hyare et 4l used the MRI-
VASARI feature set and clinical variables in their model
to predict isocitrate dehydrogenase (IDH) mutation status
in grade II and grade III astrocytoma (22). However, the
value of the imaging feature set for distinguishing IEE from
GBM remains largely unknown.

In this study, we conducted a retrospective multicenter
case-control study including patients with IEE (n=114)
and GBM (n=258). Clinical data and preoperative MRI-
VASARI features were assessed, and a multivariate logistic
regression method was used to identify the valuable
independent predictors that differentiate IEE and GBM.
We hypothesized that a predictive model combining clinical
and MRI-VASARI features could differentiate between IEE
and GBM. The goal of this study was to develop an effective
and non-invasive nomogram to diagnose IEE and GBM
prior to surgery. We present this article in accordance with
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the TRIPOD reporting checklist (available at https://qims.
amegroups.com/article/view/10.21037/qims-23-1148/rc).

Methods
Patients

This study included consecutive patients with IEE and GBM
confirmed via surgical pathological specimen between June
2016 and June 2021 at participating hospitals. Eligibility
criteria included the following: patients having pretreatment
brain MRI scans, with IEE or GBM confirmed by surgical
pathology, and having complete clinicopathological data.
The exclusion criteria were as follows: (I) patients who
had incomplete clinicopathological data; (II) patients with
missing pretreatment MRI; (III) patients with gross motion
or artifacts on pretreatment MRI. This cohort was divided
into a training set and a validation set at a ratio of 7:3. A
flow diagram of the study design is presented in Figure I.
Each patient had a set of clinical and MRI-VASARI imaging
features. The clinical information included gender, age,
Karnofsky performance status (KPS), and laboratory testing
results for lymphocyte, monocyte, eosinophil counts, and
serum creatinine. The clinical variables such as serum
creatinine and eosinophils were included in the analysis of
this cohort because prior studies have indicated the relevance
of these variables for survival and prognosis in patients with
GBM (23,24). We have previously published a study on the
same cohort focusing on MRI imaging findings of IEE and
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GBM (25). The present study extended our research beyond
imaging characteristics and tested a machine learning
algorithm for differentiating IEE from GBM.

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). This study was
approved by the Ethics Committees of the First Affiliated
Hospital of Guangxi Medical University [IRB No. 2022-
KY-E-(236)], Nanning First People’s Hospital (IRB No.
2022-196-01), and Xiangya Hospital of Central South
University (IRB No. 202303034). Informed consent was
waived due to the retrospective nature of this study.

Preoperative brain MRI acquisition and assessment

Brain MRI scans were obtained using one of the following
three scanners: 3 Tesla GE scanner (MR750w), 1.5 Tesla
Siemens scanner (MAGNETOM Avanto or Sempra), or
3 Tesla Siemens scanner (MAGNETOM Verio). Routine
standard brain MRI was performed, including T'1-weighted
images (T1WI), T1-weighted images with gadolinium
contrast agent (T1WI+C), T2-weighted images (T2WI),
and T2-weighted images with fluid-attenuated inversion
recovery (T2-FLAIR). A field of view of 220x220 mm,
a slice thickness of 5 mm, a matrix of 256x256, and slice
spacing of 1 mm were used to acquire all sequences.

A total of 30 imaging features (F1-F30) were evaluated
for all brain neoplasms using the MRI-VASARI feature
set. Twenty-seven of the 30 features were used, while three
(F26, F27, and F28) were excluded due to a lack of post-
surgical MR images in some patients. A complete description
of the VASARI feature set can be found in the reference
(https://wiki.nci. nih.gov/display/CIP/VASARI). Two
neuroradiologists (Xiangrong Li and Yuhong Qin, with
15 and 20 years of experience, respectively) independently
reviewed the MRI images without knowledge of the
clinicopathological findings. Imaging results were recorded
by consensus. The final decision was made by a third
experienced neuroradiologist (Liling Long, with more than
30 years of experience) in cases where consensus could not
be reached. The inter- and intra-class correlation coefficients
(ICCs) were used to test the reproducibility of VASARI
feature evaluation. Two assessors evaluated the VASARI
features from 30 randomly selected patients independently
for testing the inter-class correlation coefficient. In addition,
assessor 1 evaluated the VASARI features from the same
patients again after a 2-week interval. An ICC greater than
0.75 indicated good agreement in feature evaluation.
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Predictive modeling and performance evaluation

Significant clinical and MRI-VASARI features in the
univariate analysis were included in the multivariate
logistic regression analysis. Data from the univariate and
multivariate analyses of VASARI features and clinical
features are presented in the supplementary file (Table S1
and Table S2). The predictive model was constructed using
multivariate logistic regression analysis. Backward stepwise
selection was applied to select correlated factors for IEE. For
this step, the likelihood ratio test with Akaike’s information
criterion (AIC) was used as the stopping rule (26).

The following three models were built: (I) a clinical
model using only clinical features as covariates, (II) an
MRI-VASARI model using only selected VASARI features
as covariates, and (III) a combined model incorporating the
clinical features and MRI-VASARI features as covariates.
These models were presented in a nomogram.

Receiver operating characteristic curve (ROC) analysis
was performed in the training and validation cohorts to
assess the performance of the predictive models, and the
area under the curve (AUC) values were obtained. After
that, the differences in performance among the VASARI
model, clinic model and combined model were compared
using MedCalc software using the DeLong test. The
optimal model was visualized as a nomogram. Calibration
curves were plotted on the training and validation sets to
assess the nomogram. Finally, decision curve analysis was
used to assess the clinical applications of these models and
to calculate the anticipated benefit for predictive models
across multiple threshold probabilities.

Statistical analysis

All statistical analyses were performed using IBM SPSS
Statistics (versions 26.0, IBM), MedCalc Statistics (versions
20.0, IBM) and R statistical software (version 4.1.2; http://
www.Rproject.org). The reported statistical significance
levels were all two-sided, with statistical significance set
at P<0.05. For modeling, all continuous parameters were
first tested for normality using the Kolmogorov-Smirnov
test. Different variables were compared using the Mann-
Whitney test, #-test, and Chi-squared test. Univariate and
multivariate binary logistic regressions were used to identify
the independent predictors for distinguishing IEE from
GBM. Predictive models for distinguishing IEE from GBM
were established in the training set based on the selected
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Table 1 Characteristics of patients with IEE and GBM

Training set Validation set
Characteristics
|IEE (n=80) GBM (n=181) P value |IEE (n=34) GBM (n=77) P value
Demographics
Gender, n (%) 0.617 0.387
Male 56 (70.0) 121 (66.8) 22 (64.7) 43 (55.8)
Female 24 (30.0) 60 (33.1) 12 (35.3) 34 (44.2)
Age [mean (SD), years] 25.13 (20.64) 47.20 (17.13) <0.001 20.21 (18.46) 46 (15.98) <0.001
Clinical characteristics [mean (SD)]
KPS 73.88 (7.20) 85.52 (26.00) <0.001 74.4 (8.24) 88.0 (23.57) 0.001
Eosinophil count (umol/L) 0.19 (0.27) 0.09 (0.10) <0.001 0.17 (0.23) 0.17 (0.49) 0.973
Serum creatinine (10°/L) 62.29 (30.03) 84.26 (40.66) <0.001 67.00 (19.69)  84.44 (20.6) <0.001
VASARI features [mean (SD)]
F3 (eloquent brain) 1.78 (1.27) 2.31 (1.17) 0.001 1.32(0.84) 1.99 (1.26) 0.006
F4 (enhancement quality) 2.83(0.41) 2.5(0.53) <0.001 2.68 (0.47) 2.44 (0.53) 0.028
F7 (proportion necrosis) 3.43 (0.81) 4.94 (1.13) <0.001 3.41 (0.89) 4.7 (1.09) <0.001
F8 (tumor cysts) 1.79 (0.41) 1.9 (0.31) 0.02 1.74 (0.45) 1.9 (0.31) 0.03
F11 (thickness of margin) 3.95 (0.27) 3.34 (0.82) <0.001 3.97 (0.17) 3.32 (0.91) <0.001
F29 (tumor size) 15.13 (4.19) 10.96 (3.38) <0.001 14.4 (4.69) 10.6 (3.34) <0.001

IEE, intracranial extraventricular ependymoma; GBM, glioblastoma; SD, standard deviation; KPS, Karnofsky performance status; VASARI,

Visually AcceSAble Rembrandt Images.

independent predictors through binary logistic regression.

Results
Clinical data and MRI-VASARI characteristics

The training set had 80 pathologically confirmed IEE
and 181 pathologically confirmed GBM cases, while the
validation set had 34 pathologically confirmed IEE and
77 pathologically confirmed GBM cases (1able 1). The
characteristics of the patients in the training and validation
cohorts are presented in 7ible 1. The ICC of MRI-VASARI
features extracted by assessors 1 and 2 in their first extraction
ranged from 0.756 to 0.992. The ICC for both extractions
performed by doctor 1 ranged from 0.740 to 0.986.

IEE patients tended to be at a younger age of onset
than GBM patients (IEE mean age =25+20.64 years vs.
GBM mean age =47+17.13 years, P<0.001), having a
relatively lower KPS score (73.88+7.20 vs. 85.52+26.00,
P<0.001), a higher eosinophil count (0.19£0.27 wvs.
0.09£0.10 pmol/L, P<0.001), and a lower level of serum
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creatinine [(62.29£30.03) vs. (84.26:40.66) x10%/L,
P<0.001].

Compared with GBMs, IEEs were mostly located in non-
functional brain areas; they were larger in size but smaller
in the proportion of tumor parenchymal necrosis and cystic
change, having more prominent tumor enhancement and
a thicker enhancing margin. The typical IEE appearance
included mixed cystic and solid appearance with the tumor
parenchyma being slightly iso-to-low intensity on T1-
weighted imaging, slightly moderate-to-high intensity on
T2-weighted imaging, and moderate-to-high intensity on
T2-FLAIR, as well as cystic degeneration and necrosis.
IEE tended to show significant enhancement in the solid
component after administration of contrast agent, but there
was no enhancement in the cystic, necrotic or calcified

regions.

Predictive modeling and model performance

Ten independent predictors were identified, including
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Figure 2 Development of a combined nomogram with both clinical and MRI-VASARI features. Points (top row) show scores that represent

the probability of each predictor. Total points (second-to-bottom row) show the sum of the predictor scores. Risk (bottom row) shows the

prediction probability that the tumor is an IEE. The case will be predicted to be IEE if the total prediction probability is 1 or GBM if the

total prediction probability is 0. KPS, Karnofsky performance status; MRI, magnetic resonance imaging; VASARI, Visually AcceSAble

Rembrandt Images; IEE, intracranial extraventricular ependymoma; GBM, glioblastoma.

age (in years), KPS, eosinophil count, serum creatinine,
eloquent brain (F3), enhancement quality (F4), proportion
necrosis (F7), cysts (F8), thickness of enhancing margin
(F11), and tumor size (F29). A nomogram was subsequently
generated by incorporating these independent predictors
(Figure 2).

The combined model incorporating clinical features
and MRI-VASARTI features achieved an AUC of 0.99 [95%
confidence interval (95% CI): 0.98-1.00] for the training
cohort, and an AUC of 0.97 (95% CI: 0.94-1.00) for the
validation cohort, respectively (Figure 34,3B), as well as
a good performance of consistency. A significantly lower
AUC was observed for the model after elimination of MRI-
VASARI features both in the training cohort (0.87, 95%
CI: 0.82-0.91), and in the validation cohort (0.84, 95% CI:
0.77-0.92) (Figure 34,3B) (P<0.05). Notably, incorporating
the MRI-VASARTI features into the predictive model showed
significantly improved prediction efficiency (P<0.05).
The calibration curves for the combined nomogram are
presented in Figure 4.
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Clinical application

Decision curve analysis (DCA) was used to assess the
clinical usefulness of the nomogram (Figure 5). If the
threshold probability of a user exceeded 10%, then using
the nomogram to predict IEE may be more helpful than
using either the diagnose-all or diagnose-none schemes
alone. Incorporating both clinical and MRI-VASARI
features into a combined model showed additional clinical
benefits compared to using the clinical data or the MRI-
VASARI features alone.

Discussion

We developed a nomogram for differentiating IEE from
GBM utilizing the MRI -VASARI features from clinically
acquired preoperative brain MRI images in a multi-center
cohort. Our study presented the relevance of the MRI-
VASARI features in characterizing brain tumors and
improving diagnoses prior to surgery. The nomogram
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model combining VASARI parameters and clinical variables
had a robust performance. To the best of our knowledge,
our study was the first to build predictive models using
MRI-VASARI features to differentiate IEE from GBM.
Our data showed improved performance of the predictive
model after incorporating the MRI-VASARI features into
the clinical model, with an AUC reaching 0.97. These data

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

implicated the potential usefulness of MRI-VASARI features
in differentiating IEE from GBM. Since the performance
of a prediction model depended on whether key predictors
were incorporated in building the model, our study implied
that MRI-VASARI features were the key predictors which
improved model performance. This study supported the
notion that a nomogram based on tumor imaging and
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IEE, intracranial extraventricular ependymoma.

clinical variables could be used for preoperative diagnosis of
IEE and GBM, which can assist in clinical decision making
for diagnosis and treatment of the brain tumors if validated
in a large prospective multicenter study.

This study identified several MRI-VASARI parameters
as unique variables for IEE. Generally, IEE was noted to
be mostly located in the non-functional brain area, with
less necrosis than GBM. IEE originates from the rests of
ependymal cells that are retained in the brain parenchyma
during embryonic development (5). IEE is mostly located
in the white matter area, which is in the non-functional
brain area—the cortex rather than white matter is the area
for most brain functions (20). In addition, IEE tends to
have an expansive growth pattern, but GBM grows much
faster. Since necrosis occurs when the nutritional demands
of rapid growth exceed the supply of nutrients, IEE may
be less susceptible to necrosis than GBM (27-29). It has
been reported that the proliferation and apoptosis indices
of tumor cells in GBM are higher than in ependymomas
regardless of the location of the tumor (30). Therefore, it
should not be surprising that the IEE in our cohort was
more homogeneous in appearance and with less necrosis
than GBM. In addition, our study depicted imaging features
of ependymomas that were similar to those reported in
the literature, such as heterogeneous solid and/or cystic
lesions with mild to moderate edema extending from the
cortical surface to the edge of the ventricles and having
heterogeneous enhancement (9,15,31).
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We found that IEE had thicker tumor enhancing
margins and more intense enhancement than GBM.
Tumor enhancement is associated with disruption of the
blood-brain barrier and increased permeability of the
microvasculature, which causes the tumor cells to take
up more contrast media (32). Ependymomas have poor
development of blood-brain barrier, which results in
increased vascular permeability (33,34). Furthermore,
ependymomas could overexpress vascular endothelial
growth factor in areas where the disruption of blood-brain
tumor barrier is evident (32,35-37). These changes to the
vasculature may be the source of the increased enhancement
observed on brain MRI images of IEEs.

This study also identified several clinical variables as
predictors, which were included in the combined nomogram
for predicting IEE preoperatively. We found that patients
with IEE had a younger age of onset, a lower KPS score,
a higher eosinophil count, and a lower serum creatinine
level. Our results are consistent with literature regarding
ependymoma usually occurring in children and adolescents,
while GBM predominantly occurring in adults (1). The
lower KPS scores implied relatively poor health in patients
with IEE, which may be related to the large IEE tumors
causing more severe hydrocephalus-related symptoms
such as headache, nausea and vomiting. Eosinophils are
thought to be associated with allergies and tumorigenesis.
Although the mechanism by which eosinophils associated
with tumorigenesis is unclear, another recent study has
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reported that eosinophil counts are reduced in patients with
GBM, which may be associated with prognosis of GBM (38).
Since serum creatinine reflects renal function and is
closely related to survival (39), the differences in creatinine
levels between IEE and GBM identified in our study may
potentially affect prognosis and survival of patients with
brain tumors. More study is needed to assess the underlying
mechanism regarding why and how the serum creatinine
level may affect patients with brain tumors.

We also found it intriguing for why only these six
VASARI variables, i.e., eloquent brain (F3), enhancement
quality (F4), proportion necrosis (F7), tumor cysts (F8),
thickness of enhancing margin (F11) and tumor size
(F29), were selected as independent predictors after both
univariate and multivariate analyses. A recent VASARI
study identified four variables being statistically significant
for discerning the glioma grades and IDH status, i.e., F4
(enhancing quality), F5 (enhancing portion), F6 (non-
enhancing portion), and F7 (necrosis) (40). Since our study
was focused on differentiating IEE from GBM rather
than glioma tumor grade, it should not be surprising that
we found a unique set of six VASARI variables being the
independent predictors. Future studies with additional
information such as pathological and genetic analyses from
surgical specimen may help to advance our knowledge
about these brain tumors.

The present study had several limitations. First, this
retrospective study spanned a long period of time, which led
to unavailability of pathological specimens in some cases. We
therefore could not perform further immunohistochemical
analysis to identify molecularly heterogeneous
ependymomas such as the Non-RELA(ZFTA)-fusion
positive ependymomas (41). Second, our sample size was
modest, and we could not perform additional analyses
such as stratifying the data according to the pathological
grade, tumor molecular data, comorbidities, etc. Third,
our study had a potential risk for overfitting (42). A total
of 10 predictors including six MRI-VASARI features and
four clinical features in the nomogram were not optimal,
which may decrease the statistical power of the prediction
model because of the relatively limited sample size. This
was especially critical for the 80 cases in the training set
which had only eight cases per feature, below the 10 cases
required to test one feature optimally. Nevertheless, the
nomogram had a reasonable AUC in the validation set and
performed well in the decision curve analysis, implicating
our strategy being feasible although more studies should be
done to validate our results. Fourth, this study was limited
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due to lack of comparison analysis between the imaging
data and the accuracy of diagnosis by the tumor board,
which is the current standard-of-care. We could not include
the comparison analysis because of the limitations and
challenges for such a retrospective multicenter study. The
pre-operative clinical diagnoses from the tumor board for
many cases were not documented. In addition, some of the
cases were not discussed in tumor board prior to surgery.
Therefore, the data for the comparison analysis were
insufficient, precluding a meaningful statistical analysis.
Fifth, the calibration curve in the validation cohort was less
optimal. More research is needed to refine and validate the
model performance in a prospective multicenter study with
a larger sample size. Lastly, all imaging features identified
in our study were derived from visual qualitative evaluation
and were not reflective of objective quantitative parameters.
Future studies should be performed with computational
analysis such as radiomics, machine learning, and artificial
intelligence to mine the quantitative imaging features for a
more robust predictive modeling.

Conclusions

We have developed a non-invasive imaging approach
that uses MRI images obtained during clinical care to
differentiate IEE from GBM prior to surgery. This
approach could benefit clinical decision-making and
enhance the development of individualized treatment plans
for brain tumors.
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Supplementary

Table S1 Univariate and multivariate analyses of VASARI features for differentiating intracranial extraventricular ependymoma from glioblastoma

Feature Univariate analysis Multivariate analysis
Characteristic

name OR (95% Cl) P value OR (95% ClI) P value

F1 Tumor location 0.97 (0.87-1.08) 0.570

F2 Side of tumor epicenter 1.20 (0.91-1.59) 0.192

F3 Eloquent brain 0.67 (0.53-0.86) 0.001 0.26 (0.13-0.52) <0.001

F4 Enhancement quality 4.19 (2.22-7.93) <0.001 4.91 (1.04-23.26) 0.045

F5 Proportion enhancing 1.48 (1.15-1.91) 0.002

F6 Proportion nonenhancing 0.68 (0.53-0.88) 0.003

F7 Proportion necrosis 0.23 (0.16-0.34) <0.001 0.12 (0.05-0.27) <0.001

F8 Tumor cysts 0.43 (0.21-0.89) 0.023 0.10 (0.01-0.71) 0.021

F9 Multifocal or multicentric 0.18 (0.07-0.42) <0.001

F10 T1/FLAIR ratio 217 (1.4-3.37) 0.001

F11 Thickness of margin 9.97 (3.73-26.67) <0.001 14.24 (3.15-64.29) 0.001

F12 Definition of the enhancing margin 0.67 (0.36-1.27) 0.219

F13 Definition of the non-enhancing margin 0.88 (0.52-1.48) 0.631

F14 Proportion of edema 0.52 (0.41-0.66) <0.001

F15 Edema crosses midline 0.66 (0.40-1.09) 0.104

F16 Hemorrhage 0.63 (0.36-1.09) 0.097

F17 Diffusion 1.45 (0.97-2.16) 0.072

F18 Pial invasion 0.59 (0.34-1.02) 0.058

F19 Ependymal invasion 1.73 (1.02-2.94) 0.043

F20 Cortical involvement 1.28 (0.64-2.57) 0.488

F21 Deep white matter invasion 0.30 (0.16-0.55) <0.001

F22 Non-enhancing tumor crosses midline 3.17 (1.44-6.98) 0.004

F23 Enhancing tumor crosses midline 2.63 (1.31-5.25) 0.006

F24 Satellites 0.07 (0.02-0.24) <0.001

F25 Calvarial remodeling 0.80 (0.28-2.29) 0.671

F29 Tumor size 1.37 (1.25-1.50) <0.001 1.77 (1.42-2.21) <0.001

VASARI, Visually AcceSAble Rembrandt Images; OR, odds ratio; Cl, confidence interval; FLAIR, fluid-attenuated inversion recovery.
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Table S2 Univariate and multivariate analyses of clinical features for differentiating IEE from GBM

Characteristic

Univariate analysis

Multivariate analysis

OR (95% Cl) P value OR (95% Cl) P value
Alb (Albumin) 1.01 (0.95-1.08) 0.674
Age 0.95 (0.93-0.96) <0.001 0.95 (0.94-0.97) <0.001
ALT (Alanine aminotransferase) 1.00 (0.99-1.01) 0.749
APTT (Activated partial thromboplastin time) 1.05 (1.00-1.09) 0.033
AST (Aspartate Transaminase) 1.02 (1.00-1.04) 0.036
Ddimer 1.06 (0.57-1.98) 0.844
Eos (Eosinophil count) 138.13 (13.57-1,406.50) <0.001 166.02 (8.73-3,159.01) 0.001
Glb (Globulin) 0.93 (0.88-1.00) 0.04
Gender 0.86 (0.49-1.53) 0.616
HGB (Hemoglobin) 0.98 (0.97-0.99) 0.004
INR (International normalized ratio) 0.14 (0.01-2.73) 0.194
KPS (Karnofsky Performance Status) 0.98 (0.97-0.99) <0.001 0.97 (0.96-0.99) <0.001
Lym (Lymphocyte count) 1.56 (1.20-2.04) 0.001
Mono (Monocyte count) 4.08 (1.66-10.01) 0.002 2.63 (0.85-8.14) 0.093
MPV (Mean platelet volume) 0.69 (0.58-0.81) <0.001
Neu (Neutrophile granulocyte) 0.93 (0.86-1.01) 0.068
PCT(Platelet crit) 5.77 (0.31-107.60) 0.24
PT (Prothrombin time) 0.93 (0.77-1.11) 0.413
RBC (Red blood cell) 0.78 (0.51-1.22) 0.28
Scr (Serum creatinine) 0.96 (0.94-0.97) <0.001 0.98 (0.96-0.99) 0.003
WBC (White blood cell) 0.98 (0.91-1.05) 0.511

IEE, intracranial extraventricular ependymoma; GBM, glioblastoma; OR, odds ratio; Cl, confidence interval.
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