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Abstract

Background: This study aims is to explore whether it is feasible to use magnetic resonance texture analysis (MRTA) in
order to distinguish favorable from unfavorable function outcomes and determine the prognostic factors associated
with favorable outcomes of stroke.

Methods: The retrospective study included 103 consecutive patients who confirmed unilateral anterior circula-
tion subacute ischemic stroke by computed tomography angiography between January 2018 and September 2019.
Patients were divided into favorable outcome (modified Rankin scale, mRS <2) and unfavorable outcome (mRS > 2)
groups according to mRS scores at day 90. Two radiologists manually segmented the infarction lesions based on
diffusion-weighted imaging and transferred the images to corresponding apparent diffusion coefficient (ADC) maps
in order to extract texture features. The prediction models including clinical characteristics and texture features

were built using multiple logistic regression. A univariate analysis was conducted to assess the performance of the
mean ADC value of the infarction lesion. A Delong’s test was used to compare the predictive performance of models
through the receiver operating characteristic curve.

Results: The mean ADC performance was moderate [AUC=0.60, 95% confidence interval (Cl) 0.49-0.71]. The texture
feature model of the ADC map (tADC), contained seven texture features, and presented good prediction performance
(AUC=0.83, 95%Cl 0.75-0.91). The energy obtained after wavelet transform, and the kurtosis and skewness obtained
after Laplacian of Gaussian transformation were identified as independent prognostic factors for the favorable stroke
outcomes. In addition, the combination of the tADC model and clinical characteristics (hypertension, diabetes mel-
litus, smoking, and atrial fibrillation) exhibited a subtly better performance (AUC=0.86, 95%Cl 0.79-0.93; P> 0.05,
Delong’s).

Conclusion: The models based on MRTA on ADC maps are useful to evaluate the clinical function outcomes

in patients with unilateral anterior circulation ischemic stroke. Energy obtained after wavelet transform, kurtosis
obtained after Laplacian of Gaussian transform, and skewness obtained after Laplacian of Gaussian transform were
identified as independent prognostic factors for favorable stroke outcomes.
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have significantly improved outcomes in defined patients
with acute ischemic stroke [3]. However, the conserva-
tive treatment of patients with stroke beyond the time
window remains controversial [4]. Therefore, an accu-
rate evaluation of the prognosis of patients with suba-
cute ischemic stroke would help determine the optimal
treatment strategy; thus, improving the survival rate of
patients, and reducing the disability rate [5].

Currently, computed tomography (CT) and magnetic
resonance imaging (MRI) have become important means
of diagnosing and evaluating stroke. Diffusion-weighted
imaging (DWI) is important in defining the infarct core
(IC) of the stroke. This is accomplished by detecting the
restricted motion of water molecules due to cytotoxic
edema [2, 6]. Previous studies have focused on correla-
tions of the IC volume with collateral circulation and the
prognosis of the infarction [7, 8]. Moreover, some studies
have attempted to correlate regional mean ADC values
with the prognosis in ischemic stroke; therefore, produc-
ing conflicting results and a correlation coefficient of only
0.502 [9-11]. While these studies investigated patients
with stroke based on morphological and functional infor-
mation from MRI images, the microscopic alterations of
stroke lesions remain unclear.

Texture analysis (TA) is the extraction of texture char-
acteristics from images using computer-based image pro-
cessing in order to describe the gray level distribution
quantitatively and qualitatively as well as the relationship
between the pixels within an image. TA can provide high
throughput feature information invisible to the naked eye
[12—-14]. Previous studies have shown that the TA param-
eters of the MRI images can be used to predict the histo-
logical types and grades of head and neck malignancies
[15], and distinguish between brain tumors and healthy
tissue areas [16].

Sarioglu et al. [17] reported that CT-based TA showed
high sensitivity (80%) and specificity (70%) in predict-
ing the clinical outcomes of acute ischemic stroke using
a mechanical thrombectomy. Regarding MRI-based TA,
many studies have performed TA based on T1-weighted
and T2-FLAIR images rather than DWI [18]. Thus far,
studies have shown that the size of the infarct volume
and the collateral circulation are related to the progno-
sis of stroke [19]. DWI can not only measure the infracts
volume, but also reflects the uniformity of the infarct area
[20]. Drier et al. [21] suggested that ADC maps can be
used to evaluate the volume and growth of IC. So far, the
texture features of the ischemic infarction lesions based
on ADC have not been widely investigated.

Therefore, we hypothesized that microscopic altera-
tions of stroke lesions might be captured through TA,
and these TA parameters may be used as predictors in
the automatic prediction of functional outcomes. We
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investigated the feasibility of using magnetic resonance
texture analysis (MRTA) to differentiate favorable func-
tion outcomes from unfavorable ones and determine the
prognostic factors associated with favorable outcomes.

Methods

Study population

The study aligned with the Declaration of Helsinki
(revised in 2013). The Institutional Ethics Committee
of Minhang Hospital, Fudan University approved this
observational, retrospective study (approval number:
2021-008-01 K), and informed consent was waived.

From January 2018 to September 2019, 155 patients
with confirmed unilateral ischemic stroke who lived
independently prior, were consecutively evaluated. In
these patients, areas of cytotoxic aedema after symp-
tom onset were defined as hyperintense in DWI with
a corresponding hypointensity in the ADC map. The
patients were included under the following conditions:
(1) age>18 vyears; (2) symptom onset time was less
than seven days; (3) MRI demonstrated a focal cerebral
infarction with neurological deficits; (4) the infarct area
was unilateral anterior circulation (three or more con-
secutive slices of lesions on DWI); (5) complete MRI
examination before conservative medical treatment. The
patients were excluded under the following conditions:
(1) absence of clinical or imaging data; (2) intracranial
mass lesion; (3) a history of neurological or psychiatric
disorder; (4) posterior circulation stroke; (5) severe MRI
artifacts; (6) intravenous thrombolysis or intravascu-
lar treatment. Finally, 103 patients (66 males and 37
females, age: 65.43+12.85 years) were enrolled in the
study (Fig. 1). Clinical baseline and imaging data were
recorded, and contained age, sex, hypertension, blood
sugar level, smoking, atrial fibrillation, baseline National
Institute of Health Stroke Scale (NIHSS) score on admis-
sion (NIHSS},,qejine) and discharge (NIHSS j pqrge)> base-
line modified Rankin Scale (mRS) score on admission
(mRS},geline)» MRS score on discharge (MRS jgchyrge)> and a
90-day stroke mRS score. The mRS scores were followed
up on day 90, the patients were divided into favorable and
unfavorable outcome groups (mRS score <2 and mRS
score > 2, respectively) [4].

MRI acquisition
A total of 18 patients were imaged using scanner 1
(EXCITE HD 1.5 T MRI; GE Healthcare, Milwaukee,
WI, USA) equipped with a head coil (16-channel); MRI
examination of 85 patients were performed using scan-
ner 2 (uMR780 3.0 T MR United Imaging Healthcare,
Shanghai, China) equipped with a head coil (24-channel).
The MRI protocols for scanner 1: (1) for transverse
T1-weighted fast spin echo (FSE), with repetition time
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(TR)/echo time (TE)=2259/25.4 ms, slice thickness/
gap=5/1.5 mm, bandwidth=244 Hz/Px, a field of
view (FOV)=240x 240 mm? and acceleration factor
(R)=2; (2) for transverse T2-weighted FSE, with TR/
TE =5582/111 ms, slice thickness/gap =5/1.5 mm, band-
width = 244 Hz/Px, FOV =240 x 240 mm?, and R=3; (3)
for transverse T2-FLAIR, with TR/TE=8589/88.8 mis,
slice thickness/gap=5/1.5 mm, bandwidth=244 Hz/
Px, and FOV =240 x 240 mm? (4) for DWI based on
single-shot echo planar imaging (SS-EPI), with TR/
TE=3203/83.9 ms, slice thickness/gap=>5/1.5 mm,
bandwidth =3906 Hz/Px, FOV =240 x 240 mm? R=2,
and b-values of 0 and 1000 s/mm?.

The MRI protocols for scanner 2: (1) for trans-
verse T1-weighted FSE, with TR/TE=2048/11.96 ms,
slice thickness/gap=5/1.5 mm, bandwidth=180 Hz/
Px, FOV=230x200 mm? and R=2; (2) for trans-
verse T2-weighted FSE, with TR/TE=4107/88.2 ms,
slice thickness/gap=5/1.5 mm, bandwidth=180 Hz/
Px, FOV =230 x 200 mm?, and R=2; (3) for transverse
T2-FLAIR, with TR/TE=7500/96.66 ms, slice thick-
ness/gap=>5/1.5 mm, bandwidth=220 Hz/Px, and
FOV =230 x 190 mm? (4) for DWI-based SS-EPI, with
TR/TE=2800/75.4 ms, slice thickness/gap=5/1.5 mm,
bandwidth=1790 Hz/Px, FOV =230 x 220 mm?, R=2,
and b-values of 0 and 1000 s/mm?.

Meanwhile, ADC maps corresponding to these images
were generated automatically using a mono-exponential
fitting on workstations from two vendors.

Lesion segmentation

Lesion segmentation was performed after exporting all
MRI scans. Two radiologists (with 7 and 15 years of expe-
rience in neuro MRIs) first determined the infraction
region by consensus using DWI images. The volumes
of interest (VOIs) of the largest infraction were manu-
ally delineated on the DWI images along the infraction
boundaries layer by layer by two radiologists using ITK-
SNAP software (package version 3.4.0, www.itksnap.
org). In cases involving multifocal infractions, the largest
lesion was depicted for further analysis. The VOIs were
transferred to the corresponding ADC maps. Figure 2
shows the VOIs within the lesion and the corresponding
histograms.

Texture quantification

Histogram features included 10 quantile, 90 quantile,
energy, entropy, interquartile range, kurtosis, skewness,
maximum, mean absolute deviation, mean, median, min-
imum, range, robust mean absolute deviation, root mean
squared, total energy, uniformity, and variance in original
image type.
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Fig. 2 The patient was a 61-year-old male with subacute cerebral infarction in the left basal ganglia and the frontal lobe; the favorable outcome for
day 90 mRS score is 2 (a—c). a Axial DWI (b = 1000) shows an obvious uniform hyperintense area (red), the infarct volume was 58.81 ml. b The ADC
map shows an hypointense area within the diffusion-restricted region (red). ¢ ADC histogram, the abscissa is the ADC value, and the ordinate is the

ordinate is the pixel value

pixel value. The patient was a 61-year-old male with a subacute cerebral infarction in the left basal ganglia and the frontal lobe; the unfavorable
outcome for the 90-day mRS score is 3 (d—f). d Axial DWI (b = 1000) shows an obvious uniform hyperintense area (red), the infarct volume was
110.71 ml.e ADC map shows an hypointense area in the diffusion-restricted region (red). f. ADC histogram, the abscissa is the ADC value, and the

Transform image types included wavelet transform and
Laplacian of Gaussian transform were extracted through
IBSI complied Image Biomarker Standardisation Ini-
tiative AK (Analysis Kit Version: 3.2.0; GE Healthcare)
software.

A total of 234 features were extracted, intra- and
inter- class correlation coefficients (ICCs) were applied
to measure the intra- and interobserver agreement for
the histogram feature extraction, and features with
ICCs>0.75 indicated a good agreement and were
retained for further analysis.

Texture analysis and model construction

R statistical software v. 3.5.1 (Vienna, Austria) was used
for feature selection and model construction. A Mann—
Whitney U test was performed for features ICC fea-
tures>0.75 in order to explore whether the features
were significantly different (P<0.05) between the two
groups. Next, univariate logistic regression was used
to investigate whether the features were discriminative
between the two groups. Then a minimum redundancy
maximum relevance (mRMR) was applied to select the
most informative features while eliminating redundancy.
The retained features were enrolled into a multivariable

logistic regression through a backward stepwise selec-
tion using a likelihood ratio test to determine the optimal
linear combination of the subset of the most predic-
tive features, after which four models were constructed:
ADC mode: based on mean ADC value; tADC model:
based on texture features on the ADC map (tADC); ADC
combined model: ADC mode and clinical characteris-
tics; tADC combined model: tADC mode and clinical
characteristics.

In considering the small sample size of the data, 10
times tenfold cross-validation was performed to prove
texture analysis was valuable in discriminating one group
from another rather than splitting the data into a training
and a validation set.

Statistical analysis

Continuous  variables were expressed as the
mean *standard deviation (SD), and discrete variables
were expressed in terms of frequency and percentage. To
compare the clinical and imaging baseline data of the two
groups, SPSS 23.0 software (IBM, Armonk, NY, USA)
was used for chi-square or Fisher’s exact testing. The
receiver operating characteristic (ROC) curve was eval-
uated by the following indices, including accuracy, area
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under the curve (AUC), negative predictive value (NPV),
positive predictive value (PPV), sensitivity, and specificity
of the prediction model. We used Delong’s test to com-
pare the ROC results of the different models. All statisti-
cal analyses were performed with R (version 3.5.1; https:
//www.r-project.org) and Python (version 3.5.6; https://
www.python.org). A two-tailed P value <0.05 was consid-
ered statistically significant.

Results

Patient characteristics

A total of 103 patients with unilateral anterior circula-
tion ischemic stroke were enrolled in this study. The
demographic, clinical, and imaging characteristics of
the patients within the two groups are summarized in
Table 1. There were no significant intergroup differences
in age, sex, history of hypertension, diabetes, smoking,
stroke, scanner, and time from onset to MR. The atrial
fibrillation was more common in the unfavorable out-
come group, which showed a significantly higher hem-
orrhage rate and IC volume than the favorable outcome
group. The unfavorable outcome group had a signifi-
cantly lower mean ADC value compared with the favora-
ble outcome group.

Feature selection and performance

Of all 234 texture features extracted from the ADC maps,
average ICCs of the intra- and inter- were greater than
0.75. After performing the Mann—Whitney U test and
a univariate logistic regression, we reserved 75 features
from the ADC maps for subsequent analysis. Through
the mRMR process, we finally retained 30 features from
the ADC maps. Backward stepwise multivariable logistic
regression selected the most predictive subset features
and constructed the final model. Seven texture features
were finally retained (Table 2) from transformed images,
meaning that the wavelet transform, and the Laplacian
of Gaussian transform type of image exhibit better per-
formance, of which Wavelet LLL_firstorder_energy,
Log_sigma_5_mm_ 3D_ firstorder_kurtosis, and Log_
sigma_4_mm_3D_firstorder_skewness’s OR value were
greater than 1 (P<0.05); thus, these factors were inde-
pendent risk factors for the prognosis of the patients.

Model validation

The AUC (95%CI) of the ADC combined, tADC, ADC,
and tADC combined models (Fig. 3) were 0.67 (0.57—
0.77), 0.83 (0.75-0.91), 0.60 (0.49—0.71), and 0.86 (0.79—
0.93), respectively.

The result of a 10 times tenfold cross-validation is
shown in Fig. 4, mean AUC, accuracy (ACC), NPV, PPV,
sensitivity, and specificity were 0.75, 0.70, 0.70, 0.71, 0.77,
and 0.68, respectively, meaning that the multivariate
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Table 1 Clinical characteristics of patients in the favorable and
unfavorable groups

Variable Favorable Unfavorable P
Outcome Outcome
(N=46) (N=57)
Age, years 652241222  6560£1344 0.883
Sex male, n (%) 32(69.57) 34 (59.65) 0.297
Hypertension, n (%) 28 (60.87) 41(71.93) 0.235
Diabetes mellitus, n (%) 13(28.26) 22 (38.60) 0.271
Smoking, n (%) 8(17.39) 15 (26.32) 0.280
Atrial fibrillation, n (%) 3(6.52) 14 (24.56) 0.014*
History of stroke, n (%) 6 (13.04) 15(26.32) 0.096
Homocysteine, mL 16.67+£17.03 15.63+£1349 0.503
Hemorrhage, n (%) 3(6.52) 13(22.87) 0.023*
|C volume, mL 1590£16.10 57.05+63.17 0.000%
Mean ADC value (1073 04040.12 0.36+£0.08 0.041*
mm?/s)
NIHSSpaceiine: Median (Pys, 53, 7) 7 (4,10) 0.000%
P7s)
NIHSSgischarge median (P, 4(1,7) 7(5,10) 0.000%
75
MRSpaseine Median (range) 3 (0-4) 4(1-5) 0.000*
MRSgischarges Median (range) 2 (0-4) 4 (2-5) 0.000*
Scanner, n (%) 0.306
30T MRI 36 (78.26) 49 (85.96)
15TMRI 10 (21.74) 8 (14.04)
Time from onset to MR, 57.7+£220 6054188 0485
hours

IC infarcted core, ADC apparent diffusion coefficient, NIHSS National Institutes of
Health Stroke Scale, NIHSS4gejine baseline NIHSS score on admission, NIHSS yischarge
NIHSS score on discharge, mRS modified rankin scale, MRS, ;4. baseline

MRS score on admission, MRS g pqrge MRS score on discharge, MR magnetic
resonance imaging

*P<0.05

logistic regression of the tADC model had good stability,
and the results were not due to overfitting.

Discussion

Over the past few years, stroke prognosis has been a
research focus and has attracted extensive attention from
patients, their families, and clinicians. Furthermore,
if therapeutic stroke prevention is not performed rap-
idly, it often results in a poor prognosis [22]. Moreover,
within the treatment window time of 3—6 h, intravenous
thrombolysis, which has been proven to be the most vital
method to restore cerebral blood flow, can improve the
prognosis of the disease [23]. However, there are quite
a few patients with stroke beyond that window of time,
whose diffusion—perfusion mismatch (DPM) does not
meet the requirements for endovascular treatment;
thus, the prognosis varies after routine clinical treat-
ment. Therefore, it is of great significance to evaluate the
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Table 2 Multivariate regression of texture features in the tADC and tADC combined model

Model/Texture features OR 95% CI Reg coefficient P
tADC model

Wavelet_LLL_firstorder_Energy 16.63 222 12458 2811 0.006*
Wavelet_LLL_firstorder_Minimum 0.54 0.27 1.08 —0617 0.081
Wavelet_LLH_firstorder_Maximum 2.08 0.89 4.86 0.733 0.090
Log_sigma_5_mm_3D_firstorder_Kurtosis 1.76 1.04 3.00 0.568 0.036*
Log_sigma_4_mm_3D_firstorder_Skewness 291 1.45 5.84 1.069 0.003*
Log_sigma_2_mm_3D_firstorder_Median 1.66 0.83 332 0.509 0.149
Log_sigma_4_mm_3D_firstorder_Maximum 0.49 022 1.11 —0.711 0.088
tADC Combined model

Atrial_fibrillation 1.83 0.99 3.38 0.604 0.054
Wavelet_LLL_firstorder_Energy 8.17 153 43,65 2.101 0.014*
Wavelet_LLL_firstorder_Minimum 0.56 0.29 1.10 —0.572 0.094
Wavelet_LLL_firstorder_Range 233 0.87 6.23 0.846 0.092
Wavelet_LLH_firstorder_Maximum 3.16 1.15 8.69 1.150 0.026*
Log_sigma_5_mm_3D_firstorder_Kurtosis 147 0.88 248 0.388 0.144
Log_sigma_4_mm_3D_firstorder_Skewness 5.01 197 12.76 1611 0.001*
Log_sigma_2_mm_3D_firstorder_Median 2.11 0.96 463 0.746 0.063
Log_sigma_4_mm_3D_firstorder_Maximum 0.26 0.09 0.77 —1.347 0.016*

tADC texture features on ADC map, tADC Combined, tADC + clinical characteristics, OR odds ratio, C/ confidence interval, Reg regression

*P<0.05
o
@ _|
o
© ]
> o
:‘S‘
g AUC: 0.67 (0.57 - 0.77)
o AUC: 0.83 (0.75 - 0.91)
.
AUC: 0.86 (0.79 - 0.93)
o~
o —— ADC Combined
- tADC
ADC
~ tADC Combined
o
o
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

1 - Specificity
Fig. 3 The ROC curve of the models used to assess stroke outcome.
ROC receiver operating characteristic, ADC apparent diffusion
coefficient, tADC texture features on ADC map

prognosis of the patient beyond the necessary therapeu-
tic time window and prior to treatment.

The patient clinical data have indicated an associa-
tion between atrial fibrillation and stroke prognosis. The

higher incidence of atrial fibrillation in patients revealed
unfavorable outcomes and is consistent with the results
reported in a previous study [24]. The unfavorable out-
come group had a higher rate of hemorrhage compared
to that of the favorable outcome group. Hemorrhage
transformation is a complex result of multiple factors
such as increased vascular permeability and reperfusion
injury in the acute stage of ischemic cerebral infarction
often leading to unfavorable outcomes [25]. Addition-
ally, previous studies have demonstrated that the clinical
function outcomes of patients with acute ischemia can
be determined by measuring the IC volume [26, 27]. Our
findings corroborated previous studies [28—30] by show-
ing that the IC volume was significantly smaller in the
favorable outcome group.

Diffusion-weighted imaging has become a classic MRI
sequence technique used for the diagnosis of stroke
due to its excellent sensitivity and specificity [2, 31, 32].
As a quantitative parameter of DWI, the ADC value
has also been widely applied. Drier et al. [21] reported
that ADC values can be performed to evaluate the vol-
ume and growth of the infarcts. Brown et al. [33] dem-
onstrated that changes in the ADC values within the IC
area are associated with prognosis. Furthermore, a recent
study adopted ADC histogram relevant parameters for
assessing cerebral small vessel diseases [34]. However,
the small number of quantitative features based on the
mean ADC value or ADC histogram parameters still
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limits its application for an accurate prediction of stroke
prognosis.

Texture analysis quantifies complex imaging charac-
teristics and has been widely used in various fields, espe-
cially in cancer [35-37]. We hypothesized that subtle
changes in brain function in patients with stroke could
be captured early by measuring neurological alterations
related to the texture features within the MRI grayscale
images. This study evaluated the predictive value of
ADC-based TA for the near-term stroke outcome. Fur-
thermore, we selected features using the mRMR method,
which is widely used and can reduce redundancies [38,
39].

Furthermore, based on the ADC maps, we can see that
the first-order texture features from the wavelet trans-
form, and the Laplacian of Gaussian transform exhibit
better performance than the original images. The wave-
let transferred images decomposed into a combination
of low-frequency images and detail (high-frequency)
images, representing different image structures. There-
fore, it is easy to extract the structural and detailed
information of the original image, while the Laplacian of
Gaussian transform used neighboring pixels to improve
the contrast of the images; thus, enhancing the details
of the images. Wavelet_LLL_firstorder_energy, Log_
sigma_5_mm_3D_firstorder_kurtosis, and Log_sigma_4_

mm_3D_firstorder_skewness, showed the best differ-
entiation performance between the favorable and the
unfavorable outcome groups. First-order texture features
describe the signal distribution within the VOI. Our
study only included patients with unilateral anterior cir-
culation infarction; therefore, some patients may have a
small DPM or early collateral circulation establishment.
These may affect the distribution of the pixel values
within the VOI, and thus benefiting the prognosis predic-
tion. For example, a patient had several infarcted areas
of similar size. We only selected the largest one, which
had less texture information to draw the VOI; however
it may have a greater predictive value. The ADC-based
TA model has good prognostic performance for stroke
(AUC=0.83, 95%CI 0.75-0.91). Furthermore, the AUC
of the combined clinical characteristics model reached a
higher AUC of 0.86 (95%CI 0.79-0.93).

Many factors affect the prognosis of stroke. Effec-
tive collateral circulation opening and establishment
can significantly increase blood perfusion in the infarct
area. The larger the ischemic penumbra area, the more
ischemic brain tissue can be saved. Therefore, effective
collateral circulation and larger penumbra may improve
patient outcomes, reduce mortality and the risk of hem-
orrhage transformation, and patients may benefit more
from treatment. In the future, we hope to fully consider
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these biomarkers and establish a more complete multi-
center clinical prediction model.

Admittedly, this study had limitations. First, the statis-
tical results of the single-center retrospective design had
a small sample size and need to be verified. Furthermore,
the multicenter trials with a larger sample size are neces-
sary. Second, images were acquired using two scanners.
Before the texture feature extraction, the images of two
scanners were normalized. Third, the use of first-order
finite parameters may bias the results. Second-order
or even higher-order TA will be used in future studies.
Fourth, due to the lack of a validation set, we applied a
ten-fold cross-validation approach to compensate, which
can avoid over-fitting of the model to a certain extent
[40, 41]. Moreover, there was a lack of patients treated
with thrombectomy. Further multicentric studies should
incorporate patients with this therapeutic modality.

Conclusion

In conclusion, we established four models based on tex-
ture features on ADC maps, mean ADC value, and in
combination with patient clinical characteristics. The TA
models based on ADC have good accuracy in the predic-
tion of the near-term prognosis of stroke. The diagnostic
efficacy of the two models was similar and outperformed
the mean ADC models. Wavelet_LLL_firstorder _energy,
Log_sigma_5_mm_3D_firstorder_kurtosis, and Log_
sigma_4_mm_3D_ firstorder_ skewness were identified
as independent prognostic factors for favorable stroke
outcomes.

Abbreviations

CT. Computed tomography; MRI: Magnetic resonance imaging; TA: Texture
analysis; MRTA: Magnetic resonance texture analysis; mRS: Modified Rankin
scale; ADC: Apparent diffusion coefficient; tADC: Texture features on the ADC
map; AUC: Area under the curve; Cl: Confidence interval; DWI: Diffusion-
weighted imaging; IC: Infarct core; NIHSS: National Institute of Health Stroke
Scale; FSE: Fast spin echo; TR: Repetition time; TE: Echo time; FOV: Field of
view; SS-EPI: Single-shot echo planar imaging; VOI: Volumes of interest; mRMR:
Minimum redundancy maximum relevance; SD: Standard deviation; ROC:
Receiver operating characteristic; ICC: Interclass correlation coefficients; PPV:
Positive predictive value; NPV: Negative predictive value; DPM: Diffusion—per-
fusion mismatch.

Acknowledgements

We thank all members of the Department of Radiology, Neurology (Minhang
Hospital, Fudan University) for helpful discussions and invaluable help in
manuscript preparation.

Author contributions

JZ presented clinical ideas and data. YqG and PyW analyzed the date and
visualized the model. YZ and YzZ performed the data management, VOI
segmentation and drafted the manuscript. HW and BS performed the mothed
improvement. All authors reviewed the manuscript. All authors read and
approved the final manuscript

Funding
This research did not receive any specific grant from funding agencies in the
public, commercial, or not-for-profit sectors.

Page 8 of 9

Availability of data and materials

The datasets generated during and analyzed during the current study are not
publicly available due to the huge amount of data (827 Mb), but are available
from the corresponding author on reasonable request.

Declarations

Ethical approval and consent to participate

The Institutional Review Board of Minhang Hospital approved this retrospec-
tive study and waived the requirement for written informed consent due to
its retrospective nature. The study was conducted in accordance with the
Declaration of Helsinki.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

Department of Radiology, Minhang Hospital, Fudan University, 170 Xinsong
Road, Shanghai 201199, People’s Republic of China. 2Department of Medi-
cine, GE Healthcare, Shanghai, People’s Republic of China. *Department

of Medicine, GE Healthcare, Beijing, People’s Republic of China. “Department
of Neurology, Minhang Hospital, Fudan University, Shanghai, People’s Republic
of China.

Received: 22 February 2022 Accepted: 23 June 2022
Published online: 01 July 2022

References

1. Go AS, Mozaffarian D, Roger VL, Benjamin EJ, Berry JD, Blaha MJ, et al.
Heart disease and stroke statistics—=2014 update: a report from the
American heart association. Circulation. 2014;129(3):228-292.

2. El-Koussy M, Schroth G, Brekenfeld C, Arnold M. Imaging of acute
ischemic stroke. Eur Neurol. 2014;72(5-6):309-16.

3. Xia GH, You C, Gao XX, Zeng XL, Zhu JJ, Xu KY, et al. Stroke Dysbiosis
index (SDI) in gut microbiome are associated with brain injury and
prognosis of stroke. Front Neurol. 2019;10:397.

4. Powers WJ, Rabinstein AA, Ackerson T, Adeoye OM, Bambakidis NC,
Becker K, et al. 2018 Guidelines for the early management of patients
with acute ischemic stroke: a guideline for healthcare professionals
from the american heart association/american stroke association.
Stroke. 2018;49(3):e46-110.

5. SongL, Lyu C, Shen G, Guo T, Wang J, Wang W, et al. Application
of FLAIR vascular hyperintensity-DWI mismatch in ischemic stroke
depending on semi-quantitative DWI-Alberta stroke program early CT
score. Front Neurol. 2019;10:994.

6. Lovblad KO, Baird AE, Schlaug G, Benfield A, Siewert B, Voetsch B, et al.
Ischemic lesion volumes in acute stroke by diffusion-weighted mag-
netic resonance imaging correlate with clinical outcome. Ann Neurol.
1997;42(2):164-70.

7. Ginsberg MD. The cerebral collateral circulation: relevance to patho-
physiology and treatment of stroke. Neuropharmacology. 2018;134(Pt
B):280-92.

8. Yoshimoto T, Inoue M, Tanaka K, Kanemaru K, Koge J, Shiozawa M,

et al. Identifying large ischemic core volume ranges in acute stroke

that can benefit from mechanical thrombectomy. J Neurointerv Surg.

2021;13(12):1081-7.

Liu C, Zhang S, Yao Y, Su C, Wang Z, Wang M, et al. Associations

between diffusion dynamics and functional outcome in acute and

early subacute ischemic stroke. Clin Neuroradiol. 2020,30(3):517-24.

10. Hand PJ, Wardlaw JM, Rivers CS, Armitage PA, Bastin ME, Lindley R,
et al. MR diffusion-weighted imaging and outcome prediction after
ischemic stroke. Neurology. 2006;66(8):1159-63.

o



Zhang et al. BMC Medical Imaging

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

(2022) 22:115

. Wardlaw JM, Keir SL, Bastin ME, Armitage PA, Rana AK. Is diffusion imag-

ing appearance an independent predictor of outcome after ischemic
stroke? Neurology. 2002;59(9):1381-7.

Ditmer A, Zhang B, Shujaat T, Pavlina A, Luibrand N, Gaskill-Shipley M,

et al. Diagnostic accuracy of MRI texture analysis for grading gliomas. J
Neurooncol. 2018;140(3):583-9.

Just N. Improving tumour heterogeneity MRI assessment with histo-
grams. BrJ Cancer. 2014;111(12):2205-13.

Zhang S, Chiang GC, Magge RS, Fine HA, Ramakrishna R, Chang EW,

et al. Texture analysis on conventional MRl images accurately predicts
early malignant transformation of low-grade gliomas. Eur Radiol.
2019;29(6):2751-9.

Fujima N, Homma A, Harada T, Shimizu Y, Tha KK, Kano S, et al. The utility
of MRI histogram and texture analysis for the prediction of histological
diagnosis in head and neck malignancies. Cancer Imaging. 2019;19(1):5.
Yu'Y,Wu X, Chen J, Cheng G, Zhang X, Wan C, Hu J, Miao S, Yin Y, Wang Z,
et al. characterizing brain tumor regions using texture analysis in mag-
netic resonance imaging. Front Neurosci. 2021;15:634926.

Sarioglu O, Sarioglu FC, Capar AE, Sokmez DFB, Topkaya P, Belet U.The
role of CT texture analysis in predicting the clinical outcomes of acute
ischemic stroke patients undergoing mechanical thrombectomy. Eur
Radiol. 2021;31(8):6105-15.

Assefa D, Keller H, Ménard C, Laperriere N, Ferrari RJ, Yeung I. Robust
texture features for response monitoring of glioblastoma multiforme

on T1-weighted and T2-FLAIR MR images: a preliminary investigation in
terms of identification and segmentation. Med Phy. 2010;37(4):1722-36.
Broocks G, Faizy TD, Flottmann F, Schén G, Langner S, Fiehler J, et al. Suba-
cute infarct volume with edema correction in computed tomography

is equivalent to final infarct volume after ischemic stroke: improving the
comparability of infarct imaging endpoints in clinical trials. Investigat
Radiol. 2018;53(8):472-6.

Wheeler HM, Mlynash M, Inoue M, Tipireni A, Liggins J, Zaharchuk

G, et al. Early diffusion-weighted imaging and perfusion-weighted
imaging lesion volumes forecast final infarct size in DEFUSE 2. Stroke.
2013;44(3):681-5.

Drier A, Tourdias T, Attal Y, Sibon |, Mutlu G, Lehéricy S, et al. Prediction of
subacute infarct size in acute middle cerebral artery stroke: comparison
of perfusion-weighted imaging and apparent diffusion coefficient maps.
Radiology. 2012;265(2):511-7.

Lima FO, Furie KL, Silva GS, Lev MH, Camargo EC, Singhal AB, et al. Prog-
nosis of untreated strokes due to anterior circulation proximal intracranial
arterial occlusions detected by use of computed tomography angiogra-
phy. JAMA Neurol. 2014;71(2):151-7.

Sandercock P, Wardlaw JM, Lindley RI, Dennis M, Cohen G, Murray G, et al.
The benefits and harms of intravenous thrombolysis with recombinant
tissue plasminogen activator within 6 h of acute ischaemic stroke (the
third international stroke trial [IST-3]): a randomised controlled trial.
Lancet (London, England). 2012;379(9834):2352-63.

Kim'Y, Lee SH. Embolic stroke and after-admission atrial fibrillation. Int J
Cardiol. 2016;222:576-80.

Wang Q, Reps JM, Kostka KF, Ryan PB, Zou Y, Voss EA, et al. Development
and validation of a prognostic model predicting symptomatic hemor-
rhagic transformation in acute ischemic stroke at scale in the OHDSI
network. PLoS ONE. 2020;15(1):e0226718.

Xie Y, Oppenheim C, Guillemin F, Gautheron V, Gory B, Raoult H, et al. Pre-
treatment lesional volume impacts clinical outcome and thrombectomy
efficacy. Ann Neurol. 2018;83(1):178-85.

Lee SJ, Jung WS, Choi MH, Hong JM, Lee JS, Choi JW. Optimal multiphase
computed tomographic angiography-based infarct core estimations for
acute ischemic stroke. Sci Rep. 2019;9(1):15243.

Brito-Filho SB, Moura EG, Santos OJ, Sauaia-Filho EN, Amorim E, Santana
EE, et al. Effect of chronic ingestion of wine on the glycemic, lipid and
body weight homeostasis in mice. Arq Bras Cir Dig. 2016;29(3):146-50.
Timpone VM, Lev MH, Kamalian S, Morais LT, Franceschi AM, Souza L, et al.
Percentage insula ribbon infarction of >50% identifies patients likely to
have poor clinical outcome despite small DWI infarct volume. AJNR Am J
Neuroradiol. 2015;36(1):40-5.

Yoo AJ, Barak ER, Copen WA, Kamalian S, Gharai LR, Pervez MA, et al. Com-
bining acute diffusion-weighted imaging and mean transmit time lesion
volumes with National Institutes of Health Stroke Scale Score improves
the prediction of acute stroke outcome. Stroke. 2010;41(8):1728-35.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Page 9 of 9

Goyal M, Demchuk AM, Menon BK, Eesa M, Rempel JL, Thornton J, et al.
Randomized assessment of rapid endovascular treatment of ischemic
stroke. New Engl J Med. 2015;372(11):1019-30.

Saver JL, Goyal M, Bonafe A, Diener HC, Levy El, Pereira VM, et al. Stent-
retriever thrombectomy after intravenous t-PA versus t-PA alone in stroke.
New Engl J Med. 2015;372(24):2285-95.

Brown TA, Luby M, Shah J, Giannakidis D, Latour LL. Magnetic resonance
imaging in acute ischemic stroke patients with mild symptoms: an
opportunity to standardize intravenous thrombolysis. J Stroke Cerebro-
vasc Dis. 2015;24(8):1832-40.

Gunda B, Porcher R, Duering M, Guichard JP, Mawet J, Jouvent E,

et al. ADC histograms from routine DWI for longitudinal studies in
cerebral small vessel disease: a field study in CADASIL. PLoS ONE.
2014,9(5):e97173.

Aker M, Ganeshan B, Afag A, Wan S, Groves AM, Arulampalam T. Magnetic
resonance texture analysis in identifying complete pathological response
to neoadjuvant treatment in locally advanced rectal cancer. Dis Colon
Rectum. 2019;62(2):163-70.

Pifieiro-Fiel M, Moscoso A, Lado-Cacheiro L, Pombo-Pasin M, Rey-Bretal
D, Gémez-Lado N, et al. Is FDG-PET texture analysis related to intratumor
biological heterogeneity in lung cancer? Eur Radiol. 2021,31(6):4156-65.
Sandrasegaran K, Lin Y, Asare-Sawiri M, Taiyini T, Tann M. CT texture analy-
sis of pancreatic cancer. Eur Radiol. 2019;29(3):1067-73.

Garbarine E, DePasquale J, Gadia V, Polikar R, Rosen G. Information-
theoretic approaches to SVM feature selection for metagenome read
classification. Comput Biol Chem. 2011;35(3):199-209.

Hu W, Wang H, Wei R, Wang L, Dai Z, Duan S, et al. MRI-based radiom-

ics analysis to predict preoperative lymph node metastasis in papillary
thyroid carcinoma. Gland Surg. 2020;9(5):1214-26.

Lanfear DE, Gibbs JJ, Li J, She R, Petucci C, Culver JA, et al. Targeted
metabolomic profiling of plasma and survival in heart failure patients.
JACC Heart Fail. 2017;5(11):823-32.

Gittleman H, Sloan AE, Barnholtz-Sloan JS. An independently

validated survival nomogram for lower-grade glioma. Neuro Oncol.
2020;22(5):665-74.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	MRI whole-lesion texture analysis on ADC maps for the prognostic assessment of ischemic stroke
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Background
	Methods
	Study population
	MRI acquisition
	Lesion segmentation
	Texture quantification
	Texture analysis and model construction
	Statistical analysis

	Results
	Patient characteristics
	Feature selection and performance
	Model validation

	Discussion
	Conclusion
	Acknowledgements
	References


