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Abstract: Objective To develop a new 3D multi-sequence relation attention network for exploring the complementary and
correlation information of different magnetic resonance imaging (MRI) modalities and improving the diagnostic performance
of HLA-B27-negative axial spondyloarthropathy (axSpA). Methods We retrospectively collected T1-weighted imaging (T1WI)
and fat suppuration MRI (FS-MRI) data and clinical data of 375 HLA-B27-negative patients from the Third Affiliated Hospital
of Southern Medical University (including 164 axSpA and 211 non-axSpA patients) and 49 patients from Nanhai Hospital
(including 27 axSpA and 22 non-axSpA patients) between January, 2010 and August, 2021. A 3D relation attention network
MSFANet based on multi-sequence MRI was used for automatic diagnosis of axSpA against non-axSpA in these patients.
MSFANet consisted of a shallow shared feature learning module and a class-aware feature learning module, and latter module
used a 3D multi-sequence relation attention mechanism to refine and fuse multi-sequence MRI features. A hybrid loss function
was used to enhance the recognition ability of MSFANet by learning the loss weight coefficients of different branches to
improve the classification performance. Results The experimental results demonstrated that MSFANet outperformed several
state-of-the-art fusion algorithms (P<0.05) with AUC, accuracy, sensitivity, and specificity of 0.840, 77.93%, 83.70%, and 70.29%
in the internal validation set, and of 0.783, 74.47%, 82.43% and 70.40% in the independent external validation set, respectively.
The ablation studies showed that under the same architecture, the fusion model was superior to single-sequence models,
which confirmed the effectiveness and necessity of fusing multi-sequence MRI. The visualization results demonstrated that
MSFANet could focus on learning information from abnormal areas on MRI during the classification. Conclusion We
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based on multi-sequence MRI for differential

diagnosis of HLA-B27-negative axSpA against non-
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Tab.1 Detailed disease subtypes in the non-axSpA population [ (%)]

Disease subtypes TAH (n=211) NHH (n=22)
Low back pain populations 60 (28.44%) 6 (27.27%)
Non-specific sacroiliitis 46 (21.80%) 11 (50%)
Rheumatoid arthritis 5(2.37%) 0 (0%)
Osteitis condensans ilii 13 (6.16%) 0 (0%)
Gouty arthritis 4 (1.90%) 2 (9.09%)
Scoliosis 1 (0.47%) 0 (0%)
Degenerative arthritis 43 (20.38%) 0 (0%)
Undifferentiated connective tissue disease 3 (1.42%) 0 (0%)
Diabetes 2 (0.95%) 0 (0%)
Juvenile idiopathic arthritis 4 (1.90%) 0 (0%)
Infection 7 (3.32%) 0 (0%)
Bone metastasis 3 (1.42%) 0 (0%)
Spinal tuberculosis 1(0.47%) 0 (0%)
Prolapse of lumbar intervertebral disc 11 (5.21%) 1 (4.55%)
Osteonecrosis of the femoral head 1(0.47%) 0 (0%)
Bone marrow fibrosis 1(0.47%) 0 (0%)
Lumbar muscle strain 0 (0%) 1 (4.55%)
Osteoarthritis 6 (0.28%) 1 (4.55%)

Note: Data in parentheses are percentage. TAH=the Third Affiliated Hospital of Southern Medical

University; NHH=Nanhai Hospital; n=Number.
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Tab.2 Acquisition parameters of MRI

Hos. Scanner Sequence TR/TE (ms) Shce(:il;cl;mess szg:f:zilt:sen FOV (mm)  Matrix size
Coronal TIWI 500/18 4 0.45 1435181 3965181
Axial T2WI 3000/100 4 0.5 1260/10 4180/10
Coronal T2WI 5228 /100 4 0.45 1335/1 4005/1
Philips 1.5T Coronal T2WT SPAIR 3000/100 4 0.5 1260/10 4180/10
(Achieva)
Axial PDW SPAIR 2586/30 6 0.7 1686/30 3366/30
Coronal PDW SPAIR 2898/30 4 0.45 1325/30 3485/30
TAH Coronal FS-MRI 2400/60 3 033 1503/60 3003/60
Axial TIWI 664/20 5 0.55 175520T  476520T
Coronal TIWI 550/22 3 0.35 1405221 3805221
Axial T2WI 4565/90 5 0.55 1335/90 4005/90
Philips 3.0T Coronal T2WI 2300/85 3 0.35 1395/85 4005/85
(Ingenia)
Axial T2WI SPAIR 4230/70 6 0.7 1750/70 4120/70
Coronal T2WI SPAIR 2929/70 3 0.35 1395/70 4005/70
T2WI DIXON-w 2300/85 3 033 1393/85 4003/85
Coronal TIWI 468/10 3.5 0.35 2205101 2645101
Axial T2WI 3200/100 0.4 2450/10 2700/10
Coronal T2WI 5500/95 0.35 2205/95 2655/95
Philips 1.5T Coronal T2ZWT SPAIR 3000/60 3.5 0.35 2205/60 2605/60
(Achieva)
Axial PDW STIR 2500/30 5 0.5 2600/30 2890/30
Coronal PDW SPAIR 2900/30 4 0.4 2200/30 2600/30
- Coronal STIR 2500/60 3.5 0.35 2205/60 2635/60
Axial TIWI 450/8 4 0.5 2208 T 315/8T
Coronal TIWI 506/10 3 0.35 1805101 2545101
Axial T2WI 5000/100 4 0.5 1800/10 2350/10
P}EiE“lli’tsi 0313” Coronal T2WI 2500/90 3 035 1805/90 2505/90
Axial T2WI SPAIR 5100/80 5 0.5 2200/80 3000/80
Conoral T2WI SPAIR 3000/70 3 0.35 1805/70 2015/70
T2WI DIXON-w 2500/90 3 0.35 1805/90 2125/90

T1WI=T1-weighted image; T2WI=T2-weighted image; SPAIR=spectral attenuated inversion recovery image; FS-MRI=short TI inversion

recovery; Hos.=Hospital.
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Fig.1 Representative TIWIand FS-MRIimages (A) and the ROIs (B).
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Tab.3 Classification results of the proposed algorithm and multi-sequence fusion algorithm in the internal

validation set
Model AUC ACC (%) SEN (%) SPEC (%) Fl-score (%) P
EmbeddingNet™ 0.772+0.015 72.08+0.53 78.69+1.82 67.58+3.40 63.60+2.71 <0.001
CentralNet™! 0.799+0.010 75.00£2.53 83.25+4.04 69.26+2.89 68.57+2.25 0.0053
TripleNet*" 0.788+0.054 76.60+8.77 82.37+4.99 69.23+£2.17 65.40+5.20 <0.001
Multi-stream'” 0.800+0.054 76.31£7.22 81.48+4.60 73.68+7.66 68.57+6.46 0.0054
MTLNF! 0.775+0.032 75.27+1.96 79.55£2.97 65.26+3.20 64.60+2.44 <0.001
Bressem et al.”! 0.808+0.049 74.6246.54 83.58+3.15 68.42+4.05 68.75+5.21 0.0059
ShuffleNet™ 0.790+0.044 73.14+4.87 83.33+3.07 64.71£2.20 66.34+2.36 <0.001
EfficientNet™ 0.767+0.021 74.93+2.48 78.56+0.90 66.78+6.45 60.71£1.05 <0.001
MSFANet (ours) 0.840+0.011 77.93£1.59 83.70+2.38 70.29+0.68 71.24+6.48
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Fig.4 ROC curves for inter-model comparison. A: Comparison of the results of the proposed algorithm and
other multi-sequence fusion algorithm. B: Comparison of the results using BCE loss. C: Comparison of the
results using hybrid loss. D: Comparison of the results of different sequence algorithms.
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Tab.4 Classification results of the proposed algorithm and multi-sequence fusion algorithm in the external

validation set

Model AUC ACC (%) SEN (%) SPEC (%) Fl-score (%) P

EmbeddingNet™” 0.707+0.056 71.43+£2.92 76.25+6.60 67.15+£2.92 73.30+2.18 0.032
CentralNet™ 0.741+0.036 72.98+4.25 83.1542.35 72.18+1.86 72.68+7.00 0.028
TripleNet®” 0.729+0.098 70.40+2.66 75.70+3.22 65.5343.27 71.7543.45 <0.001
Multi-stream”! 0.736+0.020 71.40+3.35 79.93+1.04 65.35+0.25 72.03+0.53 <0.001
MTLN®" 0.738+0.031 72.38+2.01 78.83+8.62 69.45+6.43 72.93+4.64 <0.001
Bressem et al.*" 0.717+0.026 69.38+3.74 78.50+1.06 63.80+2.50 69.88+2.35 0.048
ShuffleNet'™ 0.727+0.046 69.88+1.96 74.90+£2.95 65.08+2.46 71.45+2.34 <0.001
EfficientNet 0.714+0.025 69.38+6.88 82.40+1.87 63.65+9.31 67.18+1.91 0.043
MSFANet (ours) 0.783+0.043 74.47+4.01 82.43+0.92 70.40+8.20 74.65+3.69 -

2.2.2 Hybrid loss 898 20 ASHFFT HLER TR A i
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Tab.5 Classification results of all the models using the two loss functions

Network Loss AUC ACC (%) SEN (%) SPEC (%) P
Baseline BCE loss 0.749+0.096 72.87+4.63 83.58+7.25 62.76+4.24  <0.001
Baseline Hybrid loss 0.768+0.029 75.00+1.37 82.29+0.78 69.5143.47  <0.001
MSFANet BCE loss 0.819+0.018 76.07+4.12 83.2742.87 71.5045.10  <0.001
MSFANet Hybrid loss 0.840+0.011 77.93+1.59 83.70+2.38 70.29+0.68 -

TIWI

Grad-CAM

B5 5 ARBRIHE AN SERE BRG]
Fig.5 Examples of gradient-weighted class activation mapping (Grad-CAM) for the classification model in a 40-year-
old male patient with HLA-B27 negative axSpA (A) and a 35-year-old male with HLA-B27 negative non-axSpA (B).

FS-MRI

Grad-CAM

Grad-CAM
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Tab.6 Classification results of different sequence algorithms with different models

Network Sequence AUC ACC (%) SEN (%) SPEC (%) P
Baseline" TIWI 0.683+0.044 67.29+4.11 83.05+5.90 67.25+1.64 <0.001
Baseline™ FS-MRI 0.717+0.033 70.21+5.28 81.82+5.82 65.60+2.51 <0.001
Baseline™ TIWI+FS-MRI 0.749+0.096 72.87+4.63 83.58+7.25 62.76+4.24 0.0043
MSFANet T1WI+FS-MRI 0.840+0.011 77.93+1.60 83.70+2.38 70.29+0.68
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