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Prediction of ischemic penumbra in patients with acute cerebral infarction based on
multiparameter MRI radiomics and deep learning

CHEN Yuanhui, LEI Yumeng, SHI Wenwen
(Depaﬂment of Imaging, Nanchang First Hospital , Nanchang 330008 , China)

Abstract Objective To explore the clinical feasibility of predicting ischemic penumbra (IP) in patients with acute cerebral infarction
based on multiparameter magnetic resonance imaging (MRI) radiomics and deep learning. Methods A total of 105 patients with acute
cerebral infarction treated at our hospital between January 2020 and January 2024 were divided into non-IP (n = 36) and IP (n = 69)
egroups according to the results of MRI diffusion-weighted imaging (DW1). The clinical data of the two groups were collected ,and multipa-
rameter MRI radiomics features were screened. Clinical ,radiomics,and deep learning models were constructed, and their distinguishing
powers were evaluated. A fused model was constructed ,and the receiver operating characteristic (ROC), calibration, and clinical decision
curves were used to evaluate the predictive efficacy of the four models. Results Increases in the admission National Institutes of Health
Stroke Scale (NIHSS) score, anisotropy score (FA), apparent diffusion coefficient (ADC), average diffusion coefficient (DCavg),and
N-acetyl aspartate (NAA) were protective factors for IP. An increase in the lactic acid (Lac) level was a risk factor for IP (P < 0.05). Of the
six considered deep learning models, the support vector machine model performed the best,with an accuracy of 0.952 (100/105), sensi-
tivity of 0.957 (66/69), and specificity of 0.944 (34/36). These three models can distinguish the patients with IP. The four models exhibited
high differentiation, accuracy,and effectiveness; the prediction efficiency of the fused model was the highest. Conclusion The fused
model based on clinical features, multiparameter MRI radiomics,and deep learning accurately predicts IP in patients with acute cerebral
infarction and can be used to provide personalized prediction results.
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Tab.1 Comparison of clinical data between the two groups
Item Non-IP group (n = 36) IP group (n = 69) tx? P

Sex[n (%) ] 2.058 0.151

Male 31(86.11) 51(73.91)

Female 5(13.89) 18(26.09)
Age (year) 62.39 + 10.28 63.21 £9.42 0.410 0.682
BMI (kg/m®) 22.80 +2.48 23.06 +2.32 0.348 0.728
Smoking [n (%) | 18 (50.00) 33(47.83) 0.045 0.832
Admission NIHSS score 10.36 + 2.45 428+ 1.12 17.463 <0.001
FA(x 107 mm®/s) 0.27+0.11 0.22 +0.08 2.663 0.009
ADC (x 107 mm?/s) 0.40 + 0.12 0.33+0.10 3.176 0.002
DCavg ( x 107 mm?/s) 421+1.04 3.32+0.96 4382 <0.001
NAA (mmol/L) 58.34 +9.28 47.37 +10.56 5.260 <0.001
Lac (mmol/L) 6.68 +2.15 21.73 +8.12 10.900 <0.001

2 ZEFlogisticm 3547 #0021 MAEIE BE IPHIE R
Tab.2 Results of multivariate logistic regression analysis of factors affecting IP in patients with acute cerebral infarction

Factor B SE Wald x* P OR (95%CI)
Admission NIHSS score ~1.112 0.489 5.168 <0.001 0.329 (0.215-0.447)
FA -0.662 0.639 1.072 0.039 0.516 (0.384-0.667)
ADC -0.814 0.569 2.047 0.025 0.443 (0.256-0.635)
DCavg -0.849 0.617 1.892 0.012 0.428 (0.219-0.630)
NAA -0.989 0.543 3316 0.004 0.372(0.182-0.571)
Lac 1.056 0.502 4.423 <0.001 2.874(2.247-3.415)
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Fig.1 LASSO regression algorithm screening of multiparameter MRI radiomics features
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Tab.3 Comparison of prediction of IP in patients with acute cerebral infarction of different deep learning models

Model AUC (95%CI) Accuracy Sensitivity Specificity Precision Recall rate
Logistic regression 0.872(0.813-0.931) 0.921 0.885 0.964 0.949 0.885
Random forest 0.839 (0.752-0.926) 0.851 0.684 0.837 0.887 0.684
Extremely random number 0.869 (0.811-0.927) 0.882 0.843 0.876 0.921 0.843
K-nearest neighbor 0.881(0.825-0.937) 0.943 0.936 0.842 0.965 0.936
Multilayer neural network 0.876(0.831-0.921) 0.928 0.923 0.901 0.953 0.923
Support vector machine 0.899 (0.858-0.941) 0.952 0.957 0.944 0.971 0.957

AUC, area under the curve.
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Fig.2 Support vector machine model prediction of probability of IP occurrence for each patient
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Tab.4 Prediction efficacy of clinical, radiomics, deep learning, and fused models
Positive Negative
Model AUC (95%CI) Accuracy Sensitivity Specificity predictive predictive F1 rating
value value
Clinical model 0.803 (0.741-0.865) 0.857 0.884 0.806 0.897 0.784 0.612
Radiomics model 0.852(0.799-0.906) 0.895 0.913 0.861 0.926 0.838 0.694
Deep learning model 0.899 (0.858-0.941) 0.952 0.957 0.944 0.971 0.919 0.705
Fusion model 0.925(0.888-0.961) 0.971 0.971 0.972 0.985 0.946 0.773

AUC, area under the curve.
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