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Objectives. 1e purpose of this study was to investigate whether texture features from magnetic resonance imaging (MRI) were
associated with the overall survival (OS) of anaplastic astrocytoma (AA) patients undergoing surgical treatment.Methods. A total
of 51 qualified patients who were diagnosed with AA and underwent surgical interventions in our institution were enrolled in this
retrospective study. Patients were followed up for at least 30 months or until death. Texture features derived from histogram-based
matrix (HISTO) and grey-level co-occurrence matrix (GLCM) were extracted from preoperative contrast-enhanced T1-weighted
images. Each texture feature was dichotomized based on its optimal cutoff value calculated by receiver operating characteristics
curve analysis. Kaplan–Meier analysis and log rank test were conducted to compare the 30-month OS between the dichotomized
subgroups. Multivariate Cox regression analysis was performed to determine independent prognostic factors. Results. 1ree
HISTO-derived features (HISTO-Energy, HISTO-Entropy, and HISTO-Skewness) and five GLCM-derived features (GLCM-
Contrast, GLCM-Energy, GLCM-Entropy, GLCM-Homogeneity, and GLCM-Dissimilarity) were found to be significantly
correlated with 30-month OS. Moreover, GLCM-Homogeneity (p � 0.001, hazard ratio� 6.351) was suggested to be the in-
dependent predictor of the patient survival. Conclusion. MRI-based texture features have the potential to be applied as prognostic
biomarkers in AA patients undergoing surgical treatment.

1. Introduction

Anaplastic astrocytoma (AA) is a malignant brain tumor
with aggressive nature and high risk of progression to
glioblastoma, accounting for 6.7% of primary central ner-
vous system glioma based on the data from Central Brain
Tumor Registry of the United States [1]. 1e first-line
therapy of AA is the maximum safe resection followed by
possibly radiotherapy and chemotherapy based on the
condition of patients and genetic status of tumors [2].
Despite the advancement of neurosurgical techniques, ra-
diotherapy and chemotherapy regimen, the five-year relative
survival rate for patients with AA is still poor at 19.8% [1].

Magnetic resonance (MR) scan is considered as the most
common examination for AA patients in clinical practice,
but few studies have extracted the in-depth information
from this routinely obtained image and explored its prog-
nostic values.

Texture analysis has been widely utilized to extract
quantitative statistics from medical images and provide
nonvisual information related to the pathophysiology of
lesions [3]. Previous studies have demonstrated that texture
features extracted from magnetic resonance imaging (MRI)
represented feasible ability in prognosis prediction for a
variety of tumors, such as breast cancer, nasopharyngeal
carcinoma, hepatocellular carcinoma, glioblastoma, and
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ovarian cancer [4–8]. Moreover, histogram-based matrix
(HISTO) and grey-level co-occurrence matrix (GLCM) were
themost commonly reportedmatrices and were suggested to
be associated with the patient survival [9–12]. However,
there has been no study exploring the prognostic value of
MRI-based texture features in patients with AA. 1erefore,
the purpose of the present study was to investigate whether
texture features derived fromHISTO and GLCM could serve
as new prognostic factors in AA patients undergoing surgical
treatment.

2. Methods

2.1. Patient Selection. In this retrospective study, we
screened our institutional database to review the patients
who were diagnosed and treated at the neurosurgery depart-
ment of our institution from May 2013 to June 2016. We
initially selected the potentially eligible patients (a) who were
with pathological confirmation of AA; (b) who had a history of
undergoing maximum surgical resection of AA; and (c) who
had available preoperative MR images. And, the patients were
excluded if they were (a) had a history of receiving any an-
titumor therapies such as radiotherapy, chemotherapy, or
radiosurgery before MR scans; (b) with clinical evidence of
postoperative hemorrhage, infection, or other diseases that
might reduce the patient survival significantly; and (c) with
incomplete medical records or follow-up information. It was
worth noting that we also excluded those patients who died
within the six months after surgery considering their death
might result from surgical complications like infection and
hemorrhage. Clinical parameters of qualified patients were
recorded, including gender, age, history of receiving postop-
erative radiotherapy and chemotherapy (temozolomide-based
regimen), and isocitrate dehydrogenase (IDH) status of tu-
mors. Overall survival (OS) calculated from the date of MR
scan to the date of tumor-related death or the last follow-up (30
months after surgery) was taken as the endpoint of this study.
1is study was approved by the institutional ethics review
board.1e written informed consent was obtained from all the
participants.

2.2. MRI Acquisition. MR scans were conducted in our
institutional radiology department using the 3.0 T GE
SIGNA MRI scanner. 1e sequences included T1-weighted
image, T2-weighted image, and contrast-enhanced T1-
weighted (T1C) image with gadopentetate dimeglumine
(0.1mmol/kg) as the contrast agent. 1e parameters of T1C
sequence were as follows: time repetition� 1600ms, time
echo� 9.2ms, slice thickness� 5mm, and field of
view� 240× 240mm2.

2.3. Texture Feature Extraction. Texture features were
extracted by two researchers together using LIFEx software
under the guidance of a senior radiologist [13]. Only T1C
sequence was chosen for feature extraction considering its
relatively clear depiction on the boundary of tumors com-
pared with other sequences. After drawing the regions of
interest (ROI) within the border of tumors on each layer of

axial image, three-dimensional texture features could be
automatically generated by the software. Disagreements on
the border of tumors between two researchers were
addressed by consulting the senior radiologist. A total
number of ten features from two commonly reported ma-
trices were selected for further analysis, including Skewness,
Kurtosis, Entropy, Energy from HISTO, Homogeneity,
Entropy, Energy, Dissimilarity, Correlation, and Contrast
from GLCM [9–12]. Explanations and formulas of the above
texture parameters are shown in Supplementary Material 1.

2.4. Statistical Analysis. All statistical analyses in the current
study were performed using IBM SPSS Statistics for Win-
dows (Version 22.0, IBM Corp. Armonk, NY, USA) and
MedCalc statistics (MedCalc Software, Belgium). One-way
analysis of variance (ANOVA) test was conducted to identify
the effects of the baseline clinical characteristics on the
patient survival. Considering the complicated relationship
among texture features, Pearson’s correlation between each
pair of feature was evaluated. Receiver operating charac-
teristic (ROC) analysis was performed on each texture
feature to calculate the p value, area under the curve (AUC),
95% confidence interval (CI), and optimal cutoff values
(defined at the maximal Youden’s index). 1en, each texture
feature was dichotomized based on its optimal cutoff values.
Kaplan–Meier (KM) analysis and log rank test were con-
ducted to assess whether texture features were significantly
associated with the 30-month OS. 1e significant texture
features and clinical parameters were included as input
variables for multivariate Cox regression analysis (method:
forward LR) to determine which factor could be taken as the
independent predictor of the patient survival. 1e statistics
would be considered significant if the p value was less than
0.05. 1e workflow of this study is shown in Figure 1.

3. Results

3.1. Characteristics of Patients. A total number of 51 eligible
patients were enrolled in this study. 1e mean age was 39.75
years, and the gender ratio was about 3 : 2 (male : 30, female :
21). 1irty-eight patients (74.51%) undertook postoperative
radiotherapy, and twenty-seven patients (52.94%) received
postoperative temozolomide-based chemotherapy. IDH
mutation of the tumor was observed in thirty-one patients
(60.78%).1e results of one-way ANOVA test indicated that
IDH status of the tumor, postoperative radiotherapy, and
chemotherapy were significantly related to the patient
survival. In accordance with the previous studies, patients
who were diagnosed with IDH-mutant AA and received
postoperative radiotherapy and chemotherapy represented
better prognosis [14, 15]. Within 30 months after surgery,
tumor-related death was observed in 21 patients (41.18%),
and 30 patients (58.82%) were still alive in the last follow-up.
Detailed characteristics of patients are shown in Table 1.

3.2. OS Prediction. Most texture features were positively or
negatively correlated with each other according to Pearson’s
correlation (Figure 2). ROC analysis demonstrated that three
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texture features from HISTO (HISTO-Energy, HISTO-En-
tropy, and HISTO-Skewness) and five texture features from
GLCM (GLCM-Contrast, GLCM-Dissimilarity, GLCM-
Energy, GLCM-Entropy, and GLCM-Homogeneity) were
found to be significantly associated with the patient survival.
Detailed statistics of each feature including its optimal cutoff
value, AUC, 95% CI were listed in Table 2. KM analysis and
log rank test demonstrated significantly better 30-month OS
in patients with higher GLCM-Contrast (p � 0.002), higher
GLCM-Dissimilarity (p � 0.002), lower GLCM-Energy
(p � 0.024), higher GLCM-Entropy (p � 0.005), lower
GLCM-Homogeneity (p< 0.001), lower HISTO-Energy
(p � 0.006), higher HISTO-Entropy (p � 0.006), and lower

HISTO-Skewness (p< 0.001). Multivariate Cox propor-
tional hazards regression analysis indicated that GLCM-
Homogeneity (p � 0.001, hazard ratio (HR)� 6.351) and
postoperative radiotherapy (p � 0.001,HR � 0.223) could
be taken as the independent predictor of 30-month OS for
AA patients (Table 3). 1e KM survival curve of GLCM-
Homogeneity is shown in Figure 3.

4. Discussion

In the current study, we investigated the prognostic value of
texture features extracted from T1C sequence of MRI in AA
patients who had undertaken surgical treatment. A series of
texture features were suggested to be significantly associated
with the 30-month OS. Moreover, GLCM-Homogeneity was
found to be the independent prognostic predictor of the
patient survival. Given that the T1C sequence is routinely
conducted for AA patients in clinical practice, MRI-based
texture features could potentially serve as feasible prognostic
biomarkers to facilitate clinical decision-making.

From the perspective of precision medicine, accurate
survival prediction is essential for clinicians to make the
personalized therapeutic decision for cancer patients. For
patients with AA, the age and performance status of the
patient were considered to be important therapy-indepen-
dent prognostic factors, while the extent of resection and
receipt of adjuvant chemotherapy and radiotherapy were
taken as therapy-dependent prognostic factors [2, 15]. Be-
sides, some molecular markers were reported to be useful in
survival prediction, such as IDH mutation which was often
associated with better prognosis in AA patients [16, 17].
However, the detection of IDH status through either im-
munohistochemistry or sequencing requires additional

Grey-level co-occurrence matrix (GLCM):
Homogeneity, Entropy, Energy, Dissimilarity, Correlation, Contrast

Histogram-based matrix (HISTO):
Entropy, Energy, Skewness, Kurtosis

Texture features 
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Gender
Postoperative radiotherapy
Postoperative chemotherapy
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Electronic medical system
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Figure 1: 1e flow chart of the present study.

Table 1: Characteristics of patients.

Characteristic Value p value
Age (year)
Mean± SD 39.75± 16.97 0.752
Range 7–69

Gender, n (%)
Male 30 (58.82) —
Female 21 (41.18)

Postoperative radiotherapy, n (%)
Yes 38 (74.51) 0.002
No 13 (25.49)

Postoperative chemotherapy, n (%)
Yes 27 (52.94) 0.019
No 24 (47.06)

IDH status, n (%)
IDH-mutant 31 (60.78) 0.028
IDH-wildtype 20 (39.22)

SD, standard deviation; IDH, isocitrate dehydrogenase.
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platform and cost, and the results could only be obtained a
few days after surgical interventions. MR scan is the most
common, noninvasive examination for patients with AA, so
extracting prognostic information and survival predictors
from the routinely performed MRI could be clinically
applicable.

Texture analysis, which could quantify the gray-level
patterns of lesions in medical images, has been widely ap-
plied in recent researches. Several studies indicated signif-
icant associations between texture parameters derived from
MRI and patients prognosis in many types of tumors

[18–21]. Specifically, one study reported that texture features
extracted from preoperative MRI were related to survival of
endometrial cancer patients [18]. Another study on clinically
nonfunctioning pituitary adenoma suggested that MRI-
derived texture parameters were correlated with tumor re-
currence or progression [19]. As for glioma, the most
common brain tumor, most studies focused on glioblastoma
patients, whereas the prognostic value of MRI-based texture
features in AA patients had rarely been explored [6, 22–24].
1erefore, in the present study, we analyzed texture features
from two representative matrices and built a set of new
prognostic biomarkers through routinely performed T1C
sequence. Our results suggested that GLCM-Homogeneity
was the independent predictor of the 30-month OS in AA
patients, and lower GLCM-Homogeneity value (<0.257) was
associated with better prognosis. GLCM-Homogeneity re-
flects the homogeneity of grey-level voxel pairs and has also
been found to be correlated with the patient survival in the
previous studies [25–27]. One study reported that GLCM-
Homogeneity was the significant predictor of both overall
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Figure 2: Heat map showing Pearson’s correlations between all pairs of texture features.

Table 2: Values of significant texture features in receiver operating characteristic analysis.

Texture features p value AUC 95% CI Optimal cutoff value
HISTO-Energy 0.022 0.679 0.534 to 0.803 0.035
HISTO-Entropy 0.025 0.676 0.531 to 0.800 1.540
HISTO-Skewness <0.001 0.767 0.627 to 0.874 0.360
GLCM-Contrast 0.013 0.692 0.547 to 0.814 77.446
GLCM-Dissimilarity 0.004 0.716 0.572 to 0.833 6.421
GLCM-Energy <0.001 0.757 0.617 to 0.866 0.002
GLCM-Entropy 0.022 0.678 0.532 to 0.802 2.755
GLCM-Homogeneity <0.001 0.808 0.673 to 0.905 0.257
HISTO, histogram-based matrix; GLCM, grey-level co-occurrence matrix; AUC, area under the curve; CI, confidence interval.

Table 3: Multivariate Cox proportional hazard regression analysis
of texture and clinical parameters.

Parameters p value HR 95% CI
GLCM-Homogeneity 0.001 6.351 2.097∼19.228
Postoperative radiotherapy 0.001 0.223 0.090∼0.550
HISTO, histogram-based matrix; GLCM, grey-level co-occurrence matrix;
HR, hazard ratio; CI, confidence interval.
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survival and disease-free survival in patients with resectable
lung cancer [26]. Another study on cervical cancer reported
that GLCM-Homogeneity was the independent predictor of
lymph node metastasis that was the important determinant
of the patient survival [27]. Similar to our results, this study
also found increased GLCM-Homogeneity value within the
tumor was correlated with relatively poorer prognosis. Al-
though the underlying mechanism was still unclear, one
study had indicated that tumors with higher GLCM-Ho-
mogeneity values represented poorer response to chemo-
therapy and radiotherapy, which might provide a potential
explanation for our results [28]. Future studies are required
to investigate the specific mechanism of this feature as the
prognostic predictor. Besides, texture features were found to
represent different predictive performances. Considering the
relatively small sample size in this study, researches with
larger patient cohort are warranted to verify our results.

1e ability of texture analysis in prognosis prediction
may result from its association with the underlying his-
topathology of the tumor, such as cellular density,
intratumoral heterogeneity, and vascular microenviron-
ment, which had been demonstrated to be linked to tumor
proliferation, progression, and therapeutic response
[11, 29–31]. Besides, several studies had characterized the
correlation between texture parameters and the genetic
status of tumors. Specifically, one study on rectal cancer
suggested that MRI-based texture feature could be used to
predict the mutation status of Kirsten Ras (KRAS), an
important oncogene associated with the patient survival
[32]. Furthermore, in glioma, texture features from MRI
were able to predict the IDH status that was a recognized
prognostic factor [33]. 1e conventional approach of
assessing the biological and genetic characteristics of AA

through pathological examination could only be con-
ducted after surgical interventions and may be limited in
representing characteristics of the entire tumor when the
tumor cannot be completely removed in some cases. In
this context, texture analysis from routine MRI could be a
potential option to make the systematic assessment of
tumors preoperatively and predict the prognosis of pa-
tients and guide further treatment. However, the specific
relationship between texture parameters and patho-
physiological process within the tumor seems to be
complicated and requires more researches in the future.

1ere were some limitations in the current study. First,
as a retrospective study, the possibility of selection bias
cannot be excluded. Second, texture analysis was only
conducted on routine T1C sequence in this study, requiring
more researches to explore the prognostic value of features
from advanced MR sequences. 1ird, we only analyzed
texture features derived from histogram-based matrix and
grey-level co-occurrence matrix since they were two of the
most common matrices in the previous studies [9–12].
Future studies were needed to investigate the prognostic
value of features from other matrices. Fourth, our results
were limited by the small datasets from a single institution
and should be validated in multicenter studies with the
larger sample size.

5. Conclusion

In conclusion, texture features from routine MRI were as-
sociated with 30-month OS in AA patients undergoing
surgical treatment and could potentially serve as prognostic
predictors. Larger prospective studies are required to vali-
date our results and investigate the prognostic value of
texture features further.
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