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Application of multi-reader multi-case design in evaluating artificial intelligence-assisted imaging diagnostic trials
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[ Abstract ] Objective To evaluate the clinical efficacy of artificial intelligence (Al)-assisted imaging diagnostic
trials using multi-reader multi-case (MRMC) design, so as to provide a scientific basis for clinical evaluation of imaging
diagnostic trials. Methods The MRMC design, widely used in imaging diagnostic trials, was adopted in this study. The
Obuchowski-Rockette (OR) method of MRMC design was detailed, including model construction and test methods. A case
study was conducted, collecting imaging data of 200 subjects from 3 hospitals, with 133 cases of rib fractures and 68 cases of
non-rib fractures. Three radiologists reviewed all CT images of the subjects. The area under curve (AUC) value, sensitivity
and specificity in detecting rib fractures between 2 reading modalities (radiologists with Al assistance vs radiologists reading
independently) were compared. Results The Al-assisted reading group had an AUC value of 0.958, while the radiologist-
independent reading group had an AUC value of 0.902, showing a significant difference (£<<0.001). The overall sensitivity
and specificity of the Al-assisted reading group were 0.970 and 0.946, respectively; while the sensitivity and specificity of
the radiologist-independent reading group were 0.838 and 0.966, respectively. The difference of sensitivity between groups
was 0.131 (95% confidence interval [ C7]0.091-0.171), and the difference of specificity was —0.020 (95% CI —0.059-0.020),
indicating a significant difference in sensitivity but not in specificity between Al-assisted and radiologist-independent reading
groups. Both groups had positive likelihood ratios (+LR) greater than 10 and negative likelihood ratios (—LR) less than 0.2,
with positive predictive values approaching 1, suggesting that the diagnostic accuracy of the Al-assisted imaging diagnostic
trials was high. Conclusion The Al-assisted reading method demonstrates a significant advantage in enhancing diagnostic
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efficiency, not only improving the diagnostic accuracy and detection rate of rib fractures, but also improving the work

efficiency of radiologists and optimizing hospital services.
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diagnostic accuracy
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Tab1 ROC curve analysis of rib fracture detection using 3 covariance estimation methods

Method AUC 4| 4 readger (95% CI) AUC, 4. (95% CI) Difference (95% CI) F value P value
OR j,ciinife 0.958 (0.935, 0.981) 0.902 (0.878, 0.926) 0.056 (0.032, 0.080) 20.983 <0.001
ORgootstrap 0.958 (0.935, 0.981) 0.902 (0.879, 0.925) 0.056 (0.030, 0.081) 18.656 <0.001
OR e o 0.958 (0.935, 0.981) 0.902 (0.878, 0.926) 0.056 (0.032, 0.080) 21.070 <0.001

ROC: Receiver operating characteristic; OR: Obuchowski-Rockette; ORj, mir: OR-based AUC with Jackknife covariance;
ORpyoisiap: OR-based AUC with Bootstrap covariance; ORp, e: OR-based AUC with DeLong covariance; AUC: Area under curve; Al:

Artificial intelligence; CI: Confidence interval.
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Tab 2 Sensitivity and specificity of rib fracture detection by radiologists with 2 different modalities

Read Sensitivity (95% CI) Specificity (95% CI)
cader Al-+reader Reader Difference Al-+reader Reader Difference

Reader 1 0.970 0.841 0.129 0.926 0.956 —0.029
(0.924, 0.992) (0.767, 0.899) (0.060, 0.198) (0.837, 0.976) (0.876, 0.991) (—0.108, 0.050)

Reader 2 0.970 0.848 0.121 0.971 0.971 0.000
(0.924, 0.992) (0.776, 0.905) (0.053, 0.189) (0.898, 0.996) (0.898, 0.996) (—0.057, 0.057)

Reader 3 0.970 0.826 0.144 0.941 0.971 —0.029
(0.924, 0.992) (0.750, 0.886) (0.073, 0.215) (0.856, 0.984) (0.898, 0.996) (—0.098, 0.039)

Overall reader 0.970 0.838 0.131 0.946 0.966 —0.020

(0.948, 0.984)

(0.798, 0.873)

(0.091, 0.171)

(0.906, 0.973)

(0.931, 0.986)

(—0.059, 0.020)

Al Artificial intelligence; CI: Confidence interval.
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Tab 3 Likelihood ratios and predictive values of rib fracture detection by radiologists with 2 different modalities

Reader +LR —LR PPV NPV
Al+reader Reader Al—+reader Reader Al+reader Reader Al—+reader Reader
Reader 1 13.187 19.061 0.033 0.166 0.962 0.974 0.940 0.756
Reader 2 32.970 28.848 0.031 0.156 0.985 0.982 0.943 0.767
Reader 3 16.485 28.076 0.032 0.180 0.970 0.982 0.941 0.742
Overall reader 17.983 24.433 0.032 0.167 0.972 0.979 0.941 0.755

+LR: Positive likelihood ratio; —LR: Negative likelihood ratio; PPV: Positive predictive value; NPV: Negative predictive

value; Al: Artificial intelligence.
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