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Abstract

Purpose
Lower-grade gliomas of histologic grade 2 and 3 follow heterogenous clinical outcomes, which
necessitates risk strati�cation. This study aimed to evaluate whether diffusion-weighted and perfusion-
weighted MRI radiomics allow overall survival (OS) prediction in patients with lower-grade gliomas and
investigate its prognostic value.

Methods
In this retrospective study, radiomic features were extracted from apparent diffusion coe�cient, relative
cerebral blood volume map, and Ktrans map in patients with pathologically con�rmed lower-grade
gliomas (January 2012 – February 2019). The radiomics risk score (RRS) calculated from selected
features constituted a radiomics model. Multivariable Cox regression analysis, including clinical features
and RRS, were performed. The models’ integrated area under the receiver operating characteristic curves
(iAUC) were compared. The radiomics model combined with clinical features was presented as a
nomogram.

Results
The study included 129 patients (median age, 44 years; interquartile range, 37–57 years; 66 women): 90
patients for training, and 39 patients for test set. The RRS was an independent risk factor for OS with a
hazard ratio of 6.01. The combined clinical and radiomics model achieved superior performance for OS
prediction compared to the clinical model in both training (iAUC, 0.82 vs. 0.72, P = .002) and test sets
(0.88 vs. 0.76, P = .04). The radiomics nomogram combined with clinical features exhibited good
agreement between the actual and predicted OS with C-index of 0.83 and 0.87 in the training and test set,
respectively.

Conclusion
Adding diffusion- and perfusion-weighted MRI radiomics to clinical features improved survival prediction
in lower-grade glioma.

Introduction
Lower-grade gliomas of World Health Organization (WHO) CNS grade 2 and 3 are in�ltrative neoplasms
with variable clinical outcomes, with widely ranging survival, from 1 to 15 years [1]. Isocitrate
dehydrogenase (IDH) is one of the key genetic events leading to glioma strati�cation with signi�cantly
different survival rates in adult-type diffuse gliomas [2, 3]. However, heterogenous clinical outcomes have
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been reported in lower-grade gliomas with or without IDH mutation, according to the variable combination
of genetic pro�les [4, 5]. Therefore, it would be bene�cial if MRI could stratify lower-grade glioma patients
according to their risk and identify patients with worse prognosis, better addressing speci�c treatment
needs.

Physiological biomarkers from diffusion-weighted imaging (DWI) and perfusion-weighted imaging (PWI)
have been largely investigated in patients with gliomas. The DWI-derived apparent diffusion coe�cient
(ADC) re�ects cellularity within the tumor. Dynamic susceptibility contrast (DSC) imaging allows for the
measurement of cerebral blood volume (CBV), a surrogate marker for vascular proliferation and tumor
angiogenesis, whereas dynamic contrast-enhanced (DCE) imaging allows the evaluation of the blood-
brain barrier integrity by measuring quantitative permeability parameters [6]. Advanced MRI protocols
involving DWI, DSC, or DCE can potentially discriminate grades or predict speci�c genetic mutations or
prognosis in patients with gliomas [7–9].

Radiomics exploits MRI data extracting high-dimensional quantitative imaging features such as intensity
distributions, spatial relationships, textural heterogeneity, and shape descriptors [10]. Since radiomics
models use high-throughput imaging features, hidden information, which may be visually imperceptible,
can be revealed [11]. Conventional MRI-derived radiomics has been adopted in patients with lower-grade
gliomas to detect molecular subtypes including IDH mutation status, predict survival, or responses from
chemotherapeutic agents [12–15]. Previous studies using DWI or PWI radiomics showed that these
advanced MRI radiomics had good performance in determining the tumor grade or predicting speci�c
genetic mutations in lower-grade gliomas [16, 17]. However, to the best of our knowledge, the prognostic
signi�cance of DWI or PWI radiomics to predict survival in patients with lower-grade gliomas has not
been well investigated.

We hypothesized that MRI radiomics derived from ADC and perfusion maps could improve the survival
prediction of clinical pro�les in patients with lower-grade gliomas. Therefore, this study aimed to evaluate
whether radiomics allow risk strati�cation in preoperative settings in patients with lower-grade gliomas
and to investigate the added prognostic value of DWI or PWI radiomics over clinical features alone.

Materials And Methods
This retrospective study was approved by the institutional review board of our hospital, and the
requirement for obtaining informed patient consent was waived.

Patients
From January 2012 to February 2019, 283 patients with pathologically con�rmed lower-grade gliomas
were identi�ed. Patients with lower-grade gliomas who underwent preoperative MRI were included.
Patients were excluded if they presented any of the following: 1) previous history of brain surgery or
treatment (i.e. radiation therapy or chemotherapy, n = 21); 2) age < 18-years-old (n = 16); 3) no preoperative
MRI (n = 12); 4) no DWI in the preoperative MRI (n = 4); 5) either DSC or DCE not available in the
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preoperative MRI (n = 99); 6) Error in preprocessing (n = 2). Thus, 129 patients with lower-grade gliomas
and preoperative MRI including DWI, DSC, and DCE were enrolled in this study (Supplementary Fig. 1).
Among them, 54 (41.9%) had WHO grade II gliomas and 75 (58.1%) had grade III gliomas.

Patients who had a pathologic diagnosis between 2015–2019 and 2012–2014 were allocated to the
training and test sets, respectively.

The extent of tumor resection was determined by visually comparing the preoperative and postoperative
lesion volume on both �uid-attenuated inversion recovery (FLAIR) and contrast-enhanced T1-weighted
imaging (T1C), in conjunction with the surgeons’ intraoperative impressions, classi�ed into one of three
categories: gross total, subtotal (< 100% and ≥ 75% of gross tumor removal)/partial (< 75% of gross
tumor removal) resection, or biopsy only. The Karnofsky performance status (KPS) was determined
preoperatively and retrieved from the electronic medical records.

Overall survival (OS) was used as a clinical outcome, and de�ned as the number of days from the initial
surgery, i.e., tumor resection or biopsy, to either patient death or the date of the last follow-up.

MR image acquisition and perfusion MRI preprocessing
The detailed MR image acquisition parameters and the preprocessing steps of DCE and DSC MRI are
presented in the Supplementary Material S1. Ktrans map from DCE MRI and relative CBV (rCBV) map
from DSC MRI were used for further analysis.

Image pre-processing and radiomic feature extraction
FLAIR and ADC preprocessing was performed to standardize data analysis among patients. A 1-mm
isovoxel resampling of the images was performed with bias �eld correction via the N4 bias �eld
correction algorithm. Signal intensity normalization was performed by applying the z-score.
Preprocessing of the rCBV map and Ktrans map only included 1-mm isovoxel resampling. Tumor
segmentation was performed by a neuroradiologist with 7 years of experience, and con�rmed by another
senior neuroradiologist with 14 years of experience, both blinded to the clinical information.
Semiautomatic segmentation was performed using the 3D slicer software (version 4.11.0). ADC images
were co-registered to FLAIR images.

Radiomic features extracted from each mask were calculated automatically with an open-source python-
based module (PyRadiomics, version 2.0) [18], adherent to the Image Biomarker Standardization Initiative
[19]. The features included: (1) 14 shape features; (2) 18 �rst-order features; and (3) 75 second-order
features, including gray level co-occurrence matrix (GLCM), gray level run-length matrix (GLRLM), gray
level size zone matrix (GLSZM), gray level dependence matrix (GLDM), and neighboring gray tone
difference matrix (NGTDM). Overall, 107 radiomic features were extracted from each sequence. Among
them, 14 shape features were identical along different sequences. Therefore, 293 features were extracted
from ADC, and the rCBV and Ktrans maps. The pipelines for radiomics feature extraction are presented in
Supplementary Fig. 2.
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Construction of the radiomics risk score
Because of the relatively large number of imaging variables compared with the number of events, the
least absolute shrinkage and selection operator was used to select important features to minimize the
potential risk for over�tting by shrinking the regression coe�cients of irrelevant variables toward zero
[20]. The performance of these methods was tested by 10-fold cross-validation with 100 replications to
enhance the generalizability of the results. A radiomics risk score (RRS) was calculated for each patient
using a linear combination of frequently selected features, weighted according to their regression
coe�cients. The RRSs calculated from selected features from the ADC and from both CBV and Ktrans
maps constituted a DWI radiomics and PWI radiomics model, respectively.

Model development based on multivariable Cox regression
analysis
Univariable analysis of RRS and clinicopathologic features—age, sex, KPS, postoperative treatment (i.e.
chemotherapy or radiation therapy), extent of resection, IDH mutation status, and WHO grade —for OS
prediction was performed. All the features except postoperative treatment were signi�cantly associated
with OS, and subsequently included for multivariable Cox regression analyses to create prognostic
models: 1) clinical model – age, sex, and KPS, 2) clinicopathologic model – age, sex, KPS, extent of
resection, IDH mutation status, and WHO grade, 3) combined clinical and radiomics model. To assess
and compare model performance, the integrated area under the curve (iAUC) from a time-dependent
receiver operating characteristic (ROC) curve [21] and the C-index of each model were calculated.
Differences in those metrics between models were tested based on a 95% con�dence interval (CI) from a
bootstrap with 1,000 resampling. The difference was considered statistically signi�cant if the 95% CI of
the difference did not contain a zero value.

Construction of the radiomics nomogram
Based on the multivariable Cox regression, a radiomics nomogram integrating the RRS and clinical
features was constructed to predict OS [22]. The discriminative ability of the nomogram was
quantitatively measured using the C-index. The calibration curves were plotted using the observed
probabilities and the nomogram-estimated probabilities in both training and test sets [23].

Statistical analysis
Statistical analysis was performed in R software (version 3.5.1; R Foundation for Statistical Computing,
Vienna, Austria). For comparisons between the training and test set, student’s t test, and either chi-square
test or Fisher’s exact test were performed for continuous and categorical variables, respectively. The
LASSO analysis was based on the glmnet package. The optimal cut-off values of the RRSs were de�ned
by the log-rank test, using the Contal and O'Quigley’s method, performed using the “cutp” function of
“survMisc” in R [24]. Patients in the training and test set were then classi�ed into low-risk and high-risk
groups according to a �xed cut-off value derived from the training set, and the Kaplan-Meier curves from
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both groups in the training and test sets were compared. The nomogram and calibration curves were
established using the rms package. A P value < 0.05 was considered statistically signi�cant.

Results
The characteristics of the 129 enrolled patients are summarized in Table 1. In the training and test set, the
median OS was 961 days (interquartile range, 737–1543 days) and 2251 days (interquartile range, 1593–
2482 days), respectively. There were no signi�cant differences in clinicopathologic characteristics
between the training and test sets.

Table 1
Patient characteristics in both training and test sets

Clinical Characteristics Training set (n = 90) Test set (n = 39) P value

Age (years) 46.3 (13.6) 45.8 (12.0) 0.845

Sex (male:female) 46:44 20:19 > 0.999

Karnofsky Performance Status 90.0 (11.2) 90.0 (13.9) 0.374

Extent of resection     0.056

Total 32 (35.6%) 22 (56.4%)  

Subtotal or partial 43 (47.8%) 16 (41.0%)  

Biopsy 15 (16.7%) 1 (2.6%)  

WHO grade      

Grade 2 33 (26.7%) 21 (53.8%) .11

Grade 3 57 (63.3%) 18 (46.2%)  

IDH mutation status     .19

IDH-mutant 68 (73.9%) 19 (51.4%)  

IDH-wild type 24 (26.1%) 18 (48.6%)  

Overall survival

(Median, interquartile range)

961 (737–1543) 2251 (1593–2482) .20

No. of deaths observed 26 (28.9%) 13 (33.3%) .77

Numbers in parenthesis are standard deviation, otherwise speci�ed. WHO = World Health
Organization, IDH = Isocitrate dehydrogenase

Radiomics risk score construction
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In the training set, the C-indices of three different radiomics models—1) single DWI radiomics, 2) single
PWI radiomics, and 3) combined DWI and PWI radiomics—for OS prediction were 0.75 (95% con�dence
interval [CI] 0.64–0.86), 0.753 (95% CI, 0.65–0.85), and 0.81 (95% CI, 0.71–0.89), respectively. Since the
combined DWI and PWI radiomics performed better than other single layer radiomics, this was used for
further analysis. An RRS derived from 14 selected radiomic features (4 from ADC, 5 from DSC, and 5 from
DCE) constituted a combined DWI and PWI radiomics. Detailed descriptions of selected features are
presented in Supplementary Material S2.

The optimal RRS cut-off value, 1.68, was derived from the training set. This cut-off strati�ed both the
training and test set into low-risk and high-risk group with statistically different OS (P < .001, both;
Supplementary Fig. 3).

Model development and performance evaluation
Multivariate Cox regression analysis created three models (clinical model, clinicopathologic model, and a
combined clinical and radiomics model); the hazard ratio (HR) of each variable in the training set is
presented in Table 2. Older age and lower KPS were signi�cantly associated with worse prognosis, as
observed in all three models. In the clinicopathologic model, IDH mutation status was the most powerful
prognostic factor with an HR of 0.14. In the combined clinical and radiomics model, RRS was
signi�cantly associated with OS with an HR of 6.01.
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Table 2
Three models created from multivariate Cox regression analysis in the training set

  Clinical model Clinicopathologic
model

Clinical + DWI and PWI
radiomics

Variables HR (95% CI) P-
value

HR (95% CI) P-
value

HR (95% CI) P-
value

Age 1.04 (1.01–
1.07)

.004 1.03 (1.00–
1.06)

.04 1.04 (1.00–1.07) .03

Gender 1.27 (0.58–
2.77)

.55 1.06 (0.47–
2.39)

.90 1.11 (0.450–
2.45)

.78

KPS 0.94 (0.91–
0.98)

.001 0.95 (0.91–
0.98)

.005 0.96 (0.93–0.99) .048

Extent of
resection

    2.29 (0.63–
8.29)

.21 2.39 (0.69–8.27) .17

WHO grade   1.94 (0.66–
5.70)

.23  

IDH mutation
status

  0.14 (0.05–
0.39)

< .001  

RRS     6.01 (2.60–
13.86)

< .001

C-index 0.73 (0.65–0.85) 0.86 (0.80–0.94) 0.83 (0.75–0.92)

DWI = Diffusion-weighted image, PWI = Perfusion-weighted image, HR = Hazard ratio, CI = Con�dence
interval, KPS = Karnofsky Performance Status, RRS = Radiomics risk score

The C-indices of those three different models are presented in Table 3. In the training set, adding DWI and
PWI to the clinical model signi�cantly increased the performance from 0.73 (95% CI, 0.65–0.85) to 0.83
(95% CI, 0.75–0.92). In the test set, adding DWI and PWI to a clinical model also signi�cantly increased
the performance from 0.75 (0.64–0.91) to 0.87 (0.80–0.98). In addition, the comparison between the C-
index of the combined clinical and radiomics and the clinicopathologic model, which included well-known
powerful prognostic factors, i.e., WHO grade and IDH mutation status, showed no signi�cant differences
either in the training or test set.
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Table 3
The C-indices of the various models for overall survival prediction in training and test sets

  Training set Test set

  C-index Difference C-index Difference

Clinical + DWI and PWI
radiomics

0.83 (0.75–
0.92)

Reference 0.87 (0.80–
0.98)

Reference

Clinical model 0.73 (0.65–
0.85)

0.10 (0.02–
0.20)

0.75 (0.64–
0.91)

0.12 (0.01–
0.25)

Clinicopathologic model 0.86 (0.80–
0.94)

-0.03 (-0.08–
0.05)

0.86 (0.87–
0.99)

0.01 (-0.06–
0.12)

DWI = Diffusion weighted image, PWI = Perfusion weighted image

Time-dependent ROC curves from the clinical and the combined clinical and radiomics model are shown
in Fig. 1. In the training set, the iAUC was signi�cantly higher in the combined model than in the clinical
model (0.82 [95% CI, 0.78–0.82] vs. 0.72 [95% CI, 0.68–0.72]). On bootstrap testing, the increase in iAUC
(0.10 [95% CI, 0.07–0.12]) was statistically signi�cant. Similarly, in the test set, when radiomics was
added to the clinical model, the iAUC signi�cantly increased from 0.76 (95% CI, 0.64–0.87) to 0.88 (95%
CI, 0.80–0.96), with the increase in iAUC (0.12 [95% CI, 0.03–0.24]) being statistically signi�cant.

Radiomics nomogram construction and validation
A radiomics nomogram incorporating the RRS and clinical features was constructed based on
multivariate logistic regression (Fig. 2). The corresponding calibration curves demonstrated satisfactory
consistency between the nomogram-predicted survival and the actual observed survival in both the
training (C-index, 0.83 [95% CI, 0.75–0.92]) and test set (C-index, 0.87 [95% CI, 0.80–0.98]).

Discussion
In this study, radiomics derived from advanced MRI such as DWI and PWI was used to predict survival in
patients with lower-grade gliomas. We observed that radiomics derived from both DWI and PWI, rather
than single layer radiomics, performed better for OS prediction. The optimal RRS cut-off derived from the
training set divided the test set into two groups with signi�cantly different survival outcomes,
demonstrating the RRS’ prognostic value. Further, adding DWI and PWI radiomics to clinical features
signi�cantly increased model performance for OS prediction, as validated in the test set. Calibration
curves proved the prognostic accuracy of a nomogram constructed from clinical features and radiomics.
Our study, therefore, suggests that DWI and PWI radiomics may allow non-invasive risk strati�cation of
patients with lower-grade gliomas and can be used as a potential imaging biomarker.

Little has been studied regarding the prognostic value of advanced MRI radiomics, from either DWI or
PWI. Previous studies used advanced MRI radiomics to predict tumor grade and speci�c genetic mutation
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status in lower-grade gliomas. The radiomics derived from an ADC map, not FLAIR, provided the highest
prediction accuracy for determining the IDH mutation status [17]. Furthermore, most of the top
contributing features for the prediction of tumor grades were derived from the ADC map [16].
Multiparametric MRI radiomics including conventional MRI, ADC, and CBV also outperformed
conventional MRI radiomics in tumor grading [16]. Hence, we focused on the added prognostic role of
advanced MRI radiomics, rather than conventional MRI radiomics, over clinical features in patients with
lower-grade gliomas. We observed that the RRS from advanced MRI radiomics was one of the
independent risk factors for survival prediction. The combined clinical and radiomics model achieved
superior performance for OS prediction compared to the clinical model, with iAUC being 0.883 in the test
set. Further, the performance of the combined model was comparable to that of the clinicopathologic
model including the IDH mutation status, one of the most powerful prognostic factors that can be
obtained after invasive surgery.

Numerous studies investigated the prognostic role of perfusion MRI in patients with gliomas, mostly
focusing on patients with glioblastomas. The rCBV and Ktrans, obtained from DSC and DCE MRI
respectively, were frequently reported to signi�cantly negatively correlate with survival, thereby having
potential as imaging biomarkers for risk strati�cation [25–27]. Recently, radiomics has been applied to
the rCBV or Ktrans map, showing that perfusion MRI radiomics provided useful information for predicting
survival [28], improved prognostication over clinical features [29], had signi�cant association with
recurrence or progression, and enabled prediction of recurrence pattern [30] in patients with
glioblastomas. Even perfusion MRI radiomics derived from nonenhancing, T2 hyperintense lesions of
glioblastomas can also predict prognosis and had a signi�cant association with progression-free survival
or OS [31]. However, little is known about the prognostic role of perfusion MRI radiomics in lower-grade
gliomas. In our study, a single layer perfusion MRI radiomics alone, derived from both rCBV and Ktrans
map, could accurately predict OS with C-index of 0.753 in the training set. Furthermore, among 14
selected features which constituted a combined DWI and PWI radiomics, 10 were from either rCBV or
Ktrans map. Therefore, we believe that PWI radiomics play a signi�cant role in OS prediction not only in
glioblastomas but also in patients with lower-grade gliomas. Finally, a combined DWI and PWI radiomics
model achieved high accuracy for OS prediction when added to clinical features, which proved the added
prognostic value of PWI radiomics in patients with lower-grade gliomas.

We then constructed a nomogram from the combined clinical and radiomics model for OS prediction,
including age, gender, KPS, and radiomics derived from both DWI and PWI. A previous study using an
independently validated nomogram in lower-grade gliomas concluded that grade 2 tumor, younger age at
diagnosis, having a high KPS, and the IDH mutant, 1p19q-codeleted molecular subtype increased the
probability of survival [32]. This nomogram included clinically relevant pathologic features such as WHO
grade and molecular subtype. In our study, we only included features available in the preoperative setting,
so that the nomogram can calculate individualized survival probabilities before surgery. In addition, DWI
and PWI radiomics from preoperative MRI were added. It was proven to have an effective tool for
providing individualized survival probabilities with a C-index of 0.833 in the test set and good calibration.
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The top contributing feature for the OS prediction was the skewness from ADC, a �rst order feature.
Skewness, a histogram parameter, denotes an asymmetric distribution. As lower ADC values and their
heterogeneity re�ect increased tumor cellularity and heterogeneity [33], ADC skewness may have a
signi�cant association with survival. Among 14 selected features, half were texture features, which
quantify the image pattern on the basis of the spatial relationship or co-occurrence of pixel values [34]
and provide information on intratumoral heterogeneity [10]. As in gliomas intratumoral heterogeneity has
been reportedly associated with aggressive tumor behaviour and drug resistance [35], texture features
may play a key role in predicting prognosis.

There are several limitations in this study. First, it is a retrospective study with a relatively small sample
size, because only patients with lower-grade glioma with both preoperative DSC and DCE MRI were
included. Identi�cation of an external validation set with patients with those same characteristics was not
feasible; therefore, we performed temporal validation. Further studies using a larger cohort are required to
validate our results. Second, important prognostic molecular markers such as epidermal growth factor
receptor ampli�cation or telomerase reverse transcriptase gene promoter mutation were not included in
the analysis due to lack of information in a considerable number of patients. Future studies may validate
the prognostic role of advanced MRI radiomics in consideration of those important molecular markers.

In conclusion, diffusion- and perfusion-weighted MRI radiomics enables non-invasive risk strati�cation
and can improve survival prediction when added to the clinical features in patients with lower-grade
gliomas.

Abbreviations And Acronyms
ADC       Apparent diffusion coe�cient

DCE       Dynamic contrast-enhanced

DSC        Dynamic susceptibility contrast

DWI        Diffusion-weighted imaging

iAUC      Integrated area under the receiver operating characteristic curve

IDH         Isocitrate dehydrogenase

KPS        Karnofsky Performance Status

OS           Overall survival

ROC       Receiver operating characteristics

RRS        Radiomics risk score
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Figures

Figure 1
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Time-dependent receiver operating characteristic curves from a clinical model and a combined clinical
and radiomics model in (a) training and (b) test set

Figure 2

Nomogram derived from a combined clinical and radiomics model for the prediction of overall survival
(a). Calibration curves of the nomogram in the training (b) and test cohort (c) demonstrated good
consistency between the nomogram-estimated and actual overall survival
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