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Deep learning for the detection of moyamoya angiopathy using 
T2-weighted images: a multicenter study
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Background: Moyamoya angiopathy (MMA) can be potentially missed in the initial magnetic resonance 
(MR) examination without MR angiography (MRA). The aim of this study was to develop an optimal deep 
learning model based on T2-weighted imaging (T2WI) for MMA detection.
Methods: This retrospective multicenter study included MMA patients, control group patients with 
normal MRA and patients with cerebrovascular disease except MMA from seven hospitals (site 1 to site 7).  
Five models, namely shallow convolutional neural network (SCNN), LeNet-5 Convolutional Neural 
Network (LeNet), Visual Geometry Group Network (VGG), Residual Neural Network (ResNet) and Dense 
Convolutional Network (DenseNet), were used for training and validation. The model training and internal 
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Introduction

Moyamoya angiopathy (MMA) is a progressive cerebrovascular 
disease with high prevalence in East Asian descendants (1,2), 
characterized by stenosis or occlusion of the distal internal 
carotid artery, proximal anterior cerebral artery and middle 
cerebral artery, followed by surrounding smog-like blood 
vessels (3). Transient ischemic attacks, cerebral infarction 
and intracerebral hemorrhage are common in MMA patients 
as the vessel stenosis progresses (3). The gold standard in the 
diagnosis of MMA is digital subtraction angiography (DSA). 
However, this procedure is invasive, expensive and requires 
the use of contrast media. Magnetic resonance angiography 
(MRA) and computed tomography angiography (CTA) are 
the non-invasive alternative methods for MMA diagnosis (4).  
However, vascular examination methods are not always 
included in certain cerebral MR examinations. MMA can 
be potentially missed in the initial MR examination without 
MRA. Flow voids on T2-weighted images (T2WI) have 
previously been assessed as the essential criteria in the 
diagnosis of MMA (5). But other anomalies on MR images 
tend to attract more attention and some newly employed 
radiologists may be not familiar to the features of MMA 
on T2WI. Therefore, it is necessary to recommend a 
method based on T2WI, which is one of the most classical 
sequences in cerebral MR examination.

Deep learning (DL) has been recently used in several 

radiologic applications, such as in the detection of 
cerebral aneurysms by CTA, MRA and DSA (6-9) and in 
segmentation and classification of primary bone tumors 
on radiographs (10). Three-dimensional (3D) coordinate 
attention residual network (3D CA-ResNet) can be used in 
cerebrovascular disease to detect the stenotic areas on MRA 
imaging in patients with MMA (11). Automatic diagnosis 
of MMA using DL can also be configured on different 
medical images with high specificity and sensitivity, such as 
DSA, T2WI and plain skull radiography (12-14), in order 
to timely recognize the re-hemorrhagic risk (13). However, 
existing literature shows training on a small sample size, and 
most of the works were not independently validated with 
multicenter data, which may result in decreased accuracy 
when applied to new, diverse datasets, affecting its overall 
reliability in clinical practice. In addition, DSA and plain 
skull radiography are not common imaging diagnostic 
methods in the clinical setting. 

Shallow convolutional neural network (SCNN), 
LeNet-5 Convolutional Neural Network (LeNet), Visual 
Geometry Group Network (VGG), ResNet50, and Dense 
Convolutional Network (DenseNet) are classical DL 
models widely used in medical image classification, each 
with varying sensitivities and specificities (15-20). To 
detect MMA on a common imaging sequence, we selected 
prominent convolutional neural network (CNN) models 
(LeNet, VGG, ResNet, and DenseNet) frequently used in 

validation were performed with data from sites 1–4. Data from sites 5–7 were used for independent external 
validation, and the optimal model was selected according to the results of accuracy. Chi-squared test was 
used to further verify the influence of different MR manufacturers, field strength, age at the MR examination 
and MRA score on the optimal model.
Results: A total of 1,038 MMA patients, 1,211 normal MRA and 271 patients with cerebrovascular disease 
except MMA were included. DenseNet showed the highest accuracy (0.859, 95% CI: 0.833, 0.884) in the 
independent external validation, which was not significantly different from that of VGG (0.834, 95% CI: 
0.807, 0.861) and ResNet (0.855, 95% CI: 0.829, 0.880) but was significantly higher than that of SCNN 
(0.631, 95% CI: 0.595, 0.665; P<0.001) and LeNet (0.563, 95% CI: 0.527, 0.599; P=0.001). The accuracy 
of 1.5 T data was higher than 3.0 T data (χ2=6.559, P=0.01). The accuracy of MMA with MRA who scored 
more than 5 was higher than that scoring ≤5 (≤5 vs. 6–10: χ2=10.734, P=0.001; ≤5 vs. ≥11: χ2=10.369, 
P=0.001). 
Conclusions: DenseNet based on T2WI can be used to screen MMA, outperforming SCNN, LeNet, 
VGG and ResNet. The MRA score of MMA affected the DenseNet accuracy.
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clinical research over recent years, aiming to identify the 
most reliable model. The layer numbers and structures 
of these models were implemented using Keras, and we 
documented all software libraries and packages used to 
ensure reproducibility, aligning with guidelines for artificial 
intelligence in medical imaging (21). In this study, multi-
model analysis was performed using multi-center data 
to detect MMA from normal controls and patients with 
cerebrovascular disease except MMA. We present this 
article in accordance with the TRIPOD-AI reporting 
checklist (available at https://qims.amegroups.com/article/
view/10.21037/qims-24-1269/rc).

Methods 

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). The study was 
approved by the Ethics Committee of the Affiliated Drum 
Tower Hospital, Medical School of Nanjing University (No. 
2021-026). All participating hospitals were informed and 
agreed to the study. Individual consent for this retrospective 
analysis was waived.

Subjects

A multicenter, retrospective study was performed aiming to 
detect MMA in patients from seven hospitals (site 1 to site 7)  
in China, based on axial two dimensional T2WI. The 
seven hospitals were in two provinces in eastern China, and 
included general and specialized hospitals, as well as adult 
and children’s hospitals. MMA was diagnosed on MRA or 
DSA according to the diagnostic guidelines (3) (Figure S1).  
MRA and T2WI sequences were obtained by an MR 
examination. The control group included patients with 
normal MRA and those with cerebrovascular disease except 
MMA, such as atherosclerosis, intracranial aneurysm, and 
arteriovenous malformation (AVM). The exclusion criteria 
were the following: (I) patients not subjected to MRA; (II) 
patients after craniotomy; (III) images with severe artifacts. 
The image parameters of T2WI and MRA were listed in 
Table S1. 

Three continuous slices of T2WI at the central level 
of the basal cistern in each subject were acquired. All MR 
images from the seven sites were acquired in DICOM 
format and they were reviewed on RadiAnt software (version 
2020.1.1). The age at the MR examination, manufacture 
and field strength of each image modality used were 
collected. The MRA score of each MMA patient was also 

assessed by an experienced neuroradiologist (M.W., with 
11 years of neuroimaging experience) according to previous  
standards (4). Radiologist 1 and radiologist 2, with 3 and 
12 years of neuroradiology experience respectively, each 
independently diagnosed the site 5 dataset using only three 
T2-weighted MRI slices, without knowledge of the final 
diagnosis.

Algorithm development methods

In this study, DL was based on Python (Version 3.8.11, 
http://www.python.org), using graphics processing unit 
(Pydicom: Version 2.1.2; and Cv2: version 4.5.2), and DL 
framework packages (Tensorflow: Version 2.4.0; and Keras: 
Version 2.4.0).

Data preprocessing in this study included the following 
aspects: (I) spatial standardization of images of each layer, 
using the method of zero value filling to standardize each 
image to 256×256 pixels; (II) after the standardization of the 
three-layer images, the image data of each subject formed a 
matrix of 256×256×3 dimensions as the input information of 
the DL network.

The CNNs used in this study included: SCNN, LeNet, 
VGG16, ResNet50 and DenseNet121 (22-24). See 
Appendix 1 for details.

Internal and external validation strategies

The training and validation strategy in this study was the 
following: 80% of MMA patients and control group from 
sites 1–4 were randomly selected as the training set, and 
the remaining 20% from sites 1–4 were used as the internal 
validation set. Independent data from sites 5–7 were used as 
an independent external validation set. Data augmentation 
in the training datasets was performed using the deflection 
angle, spatial displacement, scaling size, adding white noise 
and salt and pepper noise. The data were expanded from 
1,436 to 14,360 groups of images. Data augmentation was 
not performed in both internal and external validation 
datasets. Finally, the optimal DL model was identified based 
on external validation results (Figure S2). The source code 
is publicly available (https://github.com/zhengjunjie1234/
MRI_based_MMA_classification).

Statistical analysis

Statistical analysis was performed using SPSS (version 25.0, 
IBM SPSS Statistics, Armonk, NY, USA) and R (version 
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3.5.2, R Foundation for Statistical Computing, Vienna, 
Austria). Sensitivity, specificity, accuracy, the area under 
the receiver operating characteristic curve (AUC), and F1 
score were calculated as values indicating the classification 
performance in the internal and external validation datasets, 
as well as the performance of the radiologists. Sensitivity, 
specificity, and accuracy were further calculated in the 
images taken from modalities of different manufacturers, 
field strength, age at the MR examination and MRA scores 
to assess the potential association of these factors to the 
optimal model performance. Chi-squared test or Fisher 
exact test was used to compare the difference of the five 
DL models in the external validation, among different 
manufacturers, field strength, age at the MR examination 
and MRA scores. Bonferroni correction was performed 
to evaluate the classifying accuracy of the models as well 
as the accuracy of the optimal model among different 
manufacturers and MRA scores. A value of P less than 0.05 
was considered statistically significant.

Results

Data characteristics

A total of 1,038 patients with MMA (454 males, 46±11 years  
old), 1,211 normal controls (559 males, 44±14 years old) 
and 271 patients with cerebrovascular diseases except MMA 
(167 males, 53±12 years old) were included in this study. 
Demographics, MR manufacturers, field strength of all 
modalities, and MRA scores of MMA patients from each 
site were listed in Table 1. 

Model performance

The training set included 1,436 patients (608 MMA patients, 
672 with normal MRA and 156 with cerebrovascular 
diseases except MMA), the internal validation set included 
353 patients (146 MMA patients, 168 with normal MRA, 39 
with cerebrovascular diseases except MMA) (Figure 1). The 
AUCs of SCNN, LeNet, VGG, ResNet and DenseNet in 
the internal validation set were 0.950, 0.936, 0.981, 0.985 
and 0.974, respectively (Figure S3).

An independent external test datasets (sites 5–7) included 
731 patients (284 MMA patients, 371 with normal MRA 
and 76 with cerebrovascular diseases except MMA), which 
was used to test the model. The results of the five models 
in the external datasets were listed in Figure 2 and Table S2.  
The F1 scores of SCNN, LeNet, VGG, ResNet and 

DenseNet in the external datasets were 0.626, 0.564, 0.833, 
0.855 and 0.858, respectively. DenseNet showed the highest 
accuracy in the external validation data (0.859), which was 
significantly higher than that of SCNN (0.631, P<0.001) 
and LeNet (0.563, P=0.001), but not significantly higher 
than that of ResNet and VGG (0.855 and 0.834). The 
sensitivity and specificity of SCNN, LeNet, VGG, ResNet, 
DenseNet were 0.697 and 0.588, 0.732 and 0.456, 0.823 
and 0.841, 0.782 and 0.901, 0.848 and 0.865, respectively. 
Forty-three MMA patients in the external datasets were 
missed while using DenseNet, and the rate of MRA that 
scored ≤5, 6–10 and ≥11 was 55.8%, 37.2% and 7%, 
respectively. Sixty patients were misdiagnosed as MMA in 
the external datasets, including 3 patients with AVM, 9 with 
atherosclerosis and 48 with normal MRA. Misdiagnosed 
patients from site 5 and site 7 were displayed in Figure S4 
and Figure 3, respectively.

Comprehensive analysis

The MRA score was defined according to stenosis or 
occlusion of intracranial arteries, which may have an effect 
on collaterals at the skull base. The DenseNet model was 
used to explore whether the classification accuracy was 
affected by the MRA score. A total of 86 MMA patients 
had an MRA score ≤5, 145 MMA patients with score 6–10 
and 53 MMA patients scored ≥11 in the external datasets. 
The accuracies of MRA with scores ≤5, 6–10 and ≥11 were 
0.721, 0.890 and 0.943, respectively. The accuracy of MRA 
with score ≤5 was significantly lower than that of MRA 
with score 6–10 (χ2=10.734, P=0.001) and with score ≥11 
(χ2=10.369, P=0.001). However, the accuracy of MRA with 
score 6–10 was not significantly different than that of the 
MRA with score ≥11 (χ2=1.292, P=0.256).

Different MR manufacturers and field strength may 
affect the accuracy of the model by producing images 
with different qualities. Images were acquired from four 
manufacturers and two field strengths in the external 
datasets. Images of 319 patients (47±23 years old, 155 males)  
were acquired under 1.5 T field strength and 412 patients 
(45±22 years old, 175 males) under 3.0 T field strength. 
The sensitivities and specificities of DenseNet were 0.863 
and 0.920 for 1.5 T data and they were 0.837 and 0.826 
for 3.0 T data, respectively. The accuracy of 1.5 T data 
was significantly higher than that of 3.0 T (0.883 vs. 0.886, 
χ2=6.559, P=0.01). In addition, the distribution of MRA 
score under 1.5T was significantly different from that under 
3.0 T (χ2=12.852, P=0.002). The rate of MMA patients with 

https://cdn.amegroups.cn/static/public/QIMS-24-1269-Supplementary.pdf
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Table 1 Demographics of patients from each site

Category Site 1 Site 2 Site 3 Site 4 Site 5 Site 6 Site 7

MMA 488 49 120 97 217 23 44

Sex (male) 193 22 59 41 102 13 24

Age (years) 49±11 56±12 60±10 46±15 46±15 59±12 7±3

MRA score

≤5 101 31 54 27 69 5 13

6–10 191 13 50 40 65 12 28

≥11 192 5 16 30 83 6 3

MR scanner

GE 1 0 0 50 57 0 0

SIEMENS 0 49 120 47 160 0 16

PHILIPS 264 0 0 0 0 7 28

UMR 219 0 0 0 0 16 0

Field strength

3.0 T 466 49 111 66 109 16 28

1.5 T 18 0 9 31 108 7 16

Normal MRA 578 40 73 149 292 29 50

Sex (male) 250 26 26 53 162 11 31

Age (years) 65±14 34±18 47±12 36±19 53±18 67±11 5±3

MR scanner

GE 84 0 0 100 64 0 0

SIEMENS 0 40 73 50 228 0 27

PHILIPS 420 0 0 0 0 9 23

UMR 74 0 0 0 0 20 0

Field strength

3.0 T 308 40 70 99 187 20 23

1.5 T 270 0 3 50 105 9 27

Non-MMA cerebrovascular disease 131 10 19 35 56 9 11

Sex (male) 71 5 10 29 39 4 9

Age (years) 61±16 54±14 58±10 64±14 58±18 72±12 8±3

MR scanner

GE 0 0 0 11 6 0 0

SIEMENS 0 10 19 58 50 0 1

PHILIPS 111 0 0 0 0 6 11

UMR 20 0 0 0 0 3 0

Field strength

3.0 T 88 10 18 69 16 3 11

1.5 T 43 0 1 0 40 6 1

Age was presented as mean ± standard deviation. The others were presented as numbers. Site 1, Nanjing Drum Tower Hospital, Affiliated 
Hospital of Medical School, Nanjing University; site 2, The Affiliated Sir Run Run Hospital of Nanjing Medical University; site 3, Xuyi 
People’s Hospital; site 4, the Affiliated Brain Hospital of Nanjing Medical University; site 5, Jinling Hospital, Affiliated Hospital of Medical 
School, Nanjing University; site 6, Lu’an Hospital of Anhui Medical University; site 7, Children’s Hospital of Nanjing Medical University. 
MMA, moyamoya angiopathy; MR, magnetic resonance; MRA, magnetic resonance angiography.
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Figure 1 Flow chart of the study. Site 1, Nanjing Drum Tower Hospital, Affiliated Hospital of Medical School, Nanjing University; 
site 2, The Affiliated Sir Run Run Hospital of Nanjing Medical University; site 3, Xuyi People’s Hospital; site 4, the Affiliated Brain 
Hospital of Nanjing Medical University; site 5, Jinling Hospital, Affiliated Hospital of Medical School, Nanjing University; site 6, 
Lu’an Hospital of Anhui Medical University; site 7, Children’s Hospital of Nanjing Medical University. MMA, moyamoya angiopathy; 
MRA, magnetic resonance angiography; DSA, digital subtraction angiography; SCNN, Shallow convolutional neural network; LeNet, 
LeNet-5 Convolutional Neural Network; VGG, Visual Geometry Group Network; ResNet, Residual Neural Network; DenseNet, Dense 
Convolutional Network.
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MRA score 
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• �146 cases with MMA   
• �168 cases with normal MRA
• �39 cases with non-MMA 

cerebrovascular disease

External test (site 5: n=565)
• �217 cases with MMA
• �292 cases with normal MRA
• �56 cases with non-MMA 

cerebrovascular disease

External test (site 6: n=61)
• �23 cases with MMA
• �29 cases with normal MRA
• �9 cases with non-MMA 

cerebrovascular disease

External test (site 7: n=105)
• �44 cases with MMA   
• �50 cases with normal MRA
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Comprehensive analysis: the optimal model

Patients diagnosed as MMA on MRA or DSA
Controls included patients with normal MRA and non-MMA cerebrovascular disease
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MRA score ≥11 under 1.5T field strength was higher than 
that under 3.0 T (26.7% vs. 11.8%).

Images were acquired by UMR in 39 patients (65±23 years 
old, 21 males, 16 with MMA), by PHILIPS in 83 patients 
(22±26 years old, 44 males, 35 with MMA), by GE in  
127 patients (48±18 years old, 72 males, 57 with MMA) and 
by SIEMENS in 482 patients (48±21 years old, 257 males, 
176 with MMA). The sensitivities and specificities of 
DenseNet were 0.750 and 0.957 in UMR, 0.714 and 0.957 
in PHILIPS, 0.912 and 0.771 in GE, 0.864 and 0.866 in 
SIEMENS, respectively. The accuracy among the four 
manufacturers was not significantly different (UMR: 0.829; 
PHILIPS: 0.855; GE: 0.850; SIEMENS: 0.865).

Age was also investigated as a potential factor affecting 

the classifying accuracy of the model. Two distribution 
peaks for age at the onset were found in patients with 
MMA: 5–9 and 45–49 years old (2). Hundred twenty-four 
patients (7±4 years old, 71 males, 55 with MMA) were less 
than 18 years old, 607 patients (54±16 years old, 323 males, 
229 with MMA) were more than 18 years old in the external 
datasets. The sensitivities and specificities of DenseNet 
were 0.891 and 0.928 in patients with age less than 18 years  
old, and 0.838 and 0.854 in patients with age more than 
18 years old. No significant difference was detected 
between the accuracies of DenseNet in patients with more 
than (0.848) and less than (0.911) 18 years old (χ2=0.013, 
P=0.908). The results of the comprehensive analysis were 
shown in Figures 4,5. 

Figure 2 Results of SCNN, LeNet, VGG, ResNet and DenseNet in the external validation datasets. (A-D) DenseNet had the highest 
AUC among the five models in site 5, site 6, site 7 individually and total external validation datasets (sites 5–7). (E) The confusion matrix of 
DenseNet in the total external validation datasets. (F) The accuracy of DenseNet was significantly higher than that of LeNet and SCNN 
but was not significantly different from that of ResNet and VGG. Site 5, Jinling Hospital, Affiliated Hospital of Medical School, Nanjing 
University; site 6, Lu’an Hospital of Anhui Medical University; site 7, Children’s Hospital of Nanjing Medical University. ROC, receiver 
operating characteristic; AUC, area under the curve; SCNN, Shallow convolutional neural network; LeNet, LeNet-5 Convolutional Neural 
Network; VGG, Visual Geometry Group Network; ResNet, Residual Neural Network; DenseNet, Dense Convolutional Network.
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Radiologist performance

Radiologist 2 had similar diagnostic accuracy (0.862 vs. 
0.857), but lower sensitivity (0.650 vs. 0.876) compared to 
DenseNet, while radiologist 1 showed lower accuracy (0.411 
vs. 0.857) than DenseNet. Radiologist 2 demonstrated a 
trend similar to DenseNet, with accuracy increasing as 
MRA scores increased. DenseNet outperformed radiologist 
2 in the 6–10 (0.924 vs. 0.638) and ≥11 (0.955 vs. 0.727) 
MRA score ranges. Radiologist 1 achieved high accuracy 
across different MRA score ranges, with no significant 
difference from DenseNet in the 6–10 (0.952 vs. 0.924) and 
≥11 (0.932 vs. 0.955) ranges. The results were presented in 
Tables S3,S4.

Discussion

In this study, MR data were collected from seven hospitals 
with different acquisition parameters. A variety of imaging 
modalities and field strengths gave the model more 
generalization with less overfitting. DL models, SCNN, 
LeNet, VGG, ResNet and DenseNet, were used to classify 
the MMA patients included in the datasets, with DenseNet 
outperforming the other four models in terms of accuracy. 
In addition, the results of MMA patients with higher MRA 
scores had higher accuracy than those with lower MRA 
scores. However, MR manufacturers and age at the MR 
examination did not significantly affect the results.

The classification accuracy of DenseNet differed 

Figure 3 Missed and misdiagnosed cases of the Dense Convolutional Network model in site 7 (Children’s Hospital of Nanjing Medical 
University). (A-D) A 7-year-old boy with right-sided MMA, missed by the model. MRA (A: volume rendering) revealed occlusion of the 
right internal carotid artery, underdeveloped right middle cerebral artery, and slender right posterior cerebral artery with collaterals (white 
arrow). (B-D) T2WI at the central level of the basal cistern, displayed the left middle cerebral artery M1 segment and flow voids around the 
right brainstem. (white arrow in C and D). (E-H) A 9-year-old boy with intracranial arteriovenous malformation, misdiagnosed as MMA. 
MRA (E: maximum intensity projection) showed tortuous vessels in the posterior circulation (yellow arrow). (F-H) T2WI at the central level 
of the basal cistern, displayed bilateral middle cerebral artery lumens and flow voids in the brainstem area (yellow arrows). MMA, moyamoya 
angiopathy; MRA, magnetic resonance angiography; T2WI, T2-weighted imaging.
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Figure 4 Influence of strength field, manufacturers, and age at the MR examination on DenseNet performance. (A) Distribution of strength field 
(i.e., 1.5T and 3.0 T) in sites 5–7 and proportion of MMA and control group in sites 5–7. (B) Distribution of manufacturers (i.e., UMR, PHILIPS, 
GE and SIEMENS) and proportion of MMA and control group in sites 5–7. (C) Distribution of age at the MR examination (i.e., more than and 
less than 18 years) and the proportion of MMA and control group in sites 5–7. (D) Sensitivity and specificity of the DenseNet model with different 
manufacturers. Site 5, Jinling Hospital, Affiliated Hospital of Medical School, Nanjing University; site 6, Lu’an Hospital of Anhui Medical University; 
site 7, Children’s Hospital of Nanjing Medical University. MMA, moyamoya angiopathy; MR, magnetic resonance; SEN, sensitivity; SPE, specificity.

Figure 5 Classification accuracy of different MRA score in 
patients with moyamoya angiopathy. MRA, magnetic resonance 
angiography.
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accuracy was not significantly different from that of ResNet 
and VGG.

Classification of MMA was also previously performed 
based on DSA, MRA and cerebral oxygen saturation signals 
using DL and machine learning (27-29). However, these 
studies were carried out on a single site and MMA was 
diagnosed by DSA and MRA directly. Kim et al. used MMA 
patients from an independent site to validate the model 
based on plain skull radiography (12). Nevertheless, the 
accuracy was 0.759 using plain skull radiography images. 
MMA was difficult to diagnose directly based on only T2WI. 
As such, flow voids based on MR images have been used 
to diagnose MMA (5,30,31). Additionally, MMA diagnosis 
at the level of basal cistern showed the highest accuracy 
(0.928) using DL, as shown by a previous report (14).  
However, this study used a small sample and included 
only atherosclerosis patients as a control group. In the 
present study, external validation datasets came from three 
independent sites and the optimal model had an accuracy 
of 0.859. In addition, atherosclerosis, intracranial AVM and 
aneurysm were included in the control group.

In the comprehensive analysis, MRA score, manufacturers, 
field strength and age at the MR examination were included 
to explore potential factors that affect the optimal model. 
According to the results, the accuracy increased with the 
increase of the MRA score, which might be due to the 
number of collaterals at the skull base. Images with 1.5 T 
field strength had a higher accuracy than those with 3.0 T. 
However, the rate of MMA patients with MRA score ≥11 
was higher in 1.5T data than in 3.0 T data. This might 
be the reason for the different accuracies in the two field 
strengths. The rate of MMA patients with MRA score ≤5 
in the misdiagnosed patients was significantly higher than 
that with score ≥11. Sixty controls were also misdiagnosed 
as MMA. The reason might be collaterals of AVM and 
neovascular of atherosclerosis. Therefore, vascular 
examinations, such as DSA and MRA, are necessary to 
evaluate the intracranial vessels when patients with MMA 
are diagnosed.

There are several limitations in this study. First, only 
the manifestation of cerebrovascular disease on MRA was 
considered, but the influence of intracranial brain lesions, 
such as hydrocephalus, encephalitis and other lesions, on 
MMA classification was not considered. Although some 
patients with brain tumors were included in the control 
group, they were often combined with other imaging 
examinations so that MMA would not be missed. Second, 
MMA patients, patients with cerebrovascular disease except 

MMA and those with normal MRA were not distinguished 
from each other, and the sample size of patients with 
cerebrovascular disease except MMA was small. The 
inconsistent image characteristics of cerebrovascular lesions 
in patients without MMA, such as atherosclerosis, AVM, 
and other vascular lesions, could affect the results of the 
model classification. Moreover, the aim of the study was 
to detect MMA in clinical patients. Therefore, only binary 
classification was performed to evaluate the detection rate 
of MMA. The proportion of patients with cerebrovascular 
diseases without MMA was also lower than that of those 
with normal MRA, which may have bias to the result. 
However, it exists in the real clinical scenario, so few 
patients with cerebrovascular diseases without MMA were 
included in the control group of this study. Third, only 
three slices of T2WI were artificially included in the model 
classification instead of the whole sequence to improve 
the accuracy of MMA classification of the model. Future 
work will include the automatic detection and extraction 
of characteristic images in T2WI. Forth, since it is not 
possible to conduct a direct comparison between the model 
and radiologists under the same diagnostic conditions for 
MMA, the diagnostic accuracy of radiologists in this study 
may not accurately reflect their actual performance in real-
world clinical settings.

Conclusions

In conclusion, DenseNet had higher sensitivity and 
accuracy in MMA detection than SCNN, LeNet, VGG and 
ResNet based on T2WI with different slice thickness and 
voxel size. No significant difference in classification results 
was detected between different MR manufacturers and age 
at the MR examination, but the classification accuracy of 
MMA with MRA score ≤5 was lower than that of MRA 
score more than 5. Therefore, the DenseNet model might 
be used to screen MMA patients in clinical practice to 
reduce the misdiagnosis rate of MMA patients.
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