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The clinical value of the 3D convolutional neural network model
in assisting diagnosis of multiligament knee injuries
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[ Abstract ] Objective To explore the clinical value of the 3D convolutional neural network (CNN) model in assisting magnetic
resonance imaging (MRI) for the diagnosis of multiligament knee injuries (MLKIs). Methods A total of 100 patients with MLKIs who
were confirmed by arthroscopy at the Department of Imaging of the Second Affiliated Hospital of Bengbu Medical University from
January 2022 to December 2025 were retrospectively enrolled and divided into a training set (70 cases) and a test set (30 cases) ata 7 vs. 3
ratio. Based on the 3D CNN architecture, the 3D U-Net model was used to achieve automatic segmentation of knee joint MRI data and
assist in the diagnosis of MLKIs. The diagnostic efficiency of the model, junior physicians, and senior physicians for injuries of the four
major ligaments was compared. The impact of model assistance on senior physicians’ image interpretation time, diagnostic consistency,
and National Aeronautics and Space Administration-Task Load Index (NASA-TLX) scores was evaluated. Image quality of misclassified
cases were also analyzed. Results The model’ s sensitivity (92.5%), specificity (89.7%), and accuracy (91.5%) were significantly
superior to those of junior physicians (81.3%, 78.2%, 80.0%) (all P<<0.01), and its AUC (0.94) showed no statistically significant

difference from that of senior physicians (0.96) (P>0.05). There was no statistically significant difference in the diagnostic accuracy of
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the 4 ligaments (y*=2.15,P=0.54). With model assistance, senior physicians’ image interpretation time decreased from (12.5+3.2) min to
(7.8+£2.1) min, diagnostic consistency improved from 70.8% to 91.7%, and NASA-TLX scores decreased from (42.5+10.2) to (28.3%8.5)
(all P<<0.05). False positives were mainly caused by edema signals or partial volume effects (46.67%), while false negatives were mainly

due to micro-tears (70.00%). The signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR) of the misdiagnosed cases were

significantly lower than those of the correctly diagnosed cases (all P<< 0.05). Conclusion The diagnostic efficiency of the 3D U-Net

model based on the 3D CNN architecture for MLKIs is comparable to that of senior physicians. It can significantly reduce the image

interpretation time, alleviate the cognitive load, and improve the diagnostic consistency.

[ Key words ] Magnetic resonance imaging; Multiligament knee injuries; Convolutional neural network; Assisted diagnosis
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FHF I L SN o © JARAL BT %5 B AR
1% - Hg Wi ¥ i (proton density weighted imaging—fat
suppression, PDWI-FS) : # & B [i] (repetition time,
TR/ i) (echo time, TE ) =2 800/40 ms; @) &Mk
A7 T, AL A5 - B 105 30 il (T, weighted imaging—fat
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MRI 731 1~ 25 HE #R A 8] 47 0.8 s 5 7 Intel Xeon Gold
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AUC).
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2.1 3D U-Neti®E 5 EIfi2 i 268 L8
PLXATBEIS W25 1 S bt P4 3D U-Net
TR AR 9 I DR 3 AR ¢ R X 100 191 f 3 4 45
BB N LE RIS WAL RE . BRI U RS
JE T AERf e 38 B 2 TARAE BT R, 25 5 A Ge it 2
B (¥ P<0.01); 5 ARG ITAR 1L , % F8 b5 25 57
WG 8 X (B P>0.05), HMAUC BESHT
RAEGEE I (Z=3.21,P<0.001)(F 1),
2.2 3D U-Net R A [E KRB H R G RIS i 6E
5 IR, 3D U-Net S ACL 45405 112 Wi il
JERE I 155 (95.0%) , i % PCL 61 473 (1) 4 S % d i

F1 FRENSEFEIT MLKIs B2 BT 306E L% (%)

Wik MURE R HET R AUC
3D U-Net &4 92.5 89.7 91.5 0.94
AR R U 81.3 78.2 80.0 0.80
R ARG R 94.8 92.1 93.7 0.96
X 7.852 9.334 10.125 —
P 0.006 0.002 <0.001 <0.001

3D U=Net f8 : {RAEYF
e MLKIs: BT Z8ai0i; AUC: 2R Fimfl.
(97.5%) o FLIIXF MCL 45 173 1) 12 W o 5 25 R 0T 358
K. 450 2WHERRZ KL, 2R TEF TR
X (¥=2.15,P=0.54)(52),

%2 3D U-Net B3 A EHIHR G 9IS B 3AE (%)
1 4 g R R B [E 4 [H St 2

ACL (n=72) 95.0 92.9 97.1 88.5 94.0
PCL (n=35) 90.9 97.5 93.8 96.4 95.0
MCL (n=58) 88.5 86.7 89.8 85.1 87.6
LCL (n=28) 92.3 95.8 85.7 98.1 95.2

H: ACL: Wi X H#)4; PCL: JG38 XHIH7; MCL: PG
LCL: ZMUEIEIH .
2.3 3D U-Net AT EZEITIL BT EEE
MER R

S5 R B I e AR R S 4 )
Bf ) S 2 A, I W — S AR T 2 R STt
X (P<0.05) . 575 B 5, & AR 9T B WY
NASA-TLX PE43 H 4 7 8] B 9 (42.5+10.2) 43 B 2
(28.3+8.5) 71, EFA G #E X (P<0.001)(%£3).

&3 3D U-Net#RZVGH B B /5 1 4 3 R VW12 W R0 B8 L 203 R IR £y

TR
T b5 TOHRUEBY AR vy P
g (f)) 30 30 — —
SZ AT nal:
ﬁ%ﬂ’ﬂii:;ﬂ 12.5+3.2 78421  -11.481 <0.001
T
1[,155(;5)(% 17 (70.8) 22 (91.7) 4214  0.040
THURE (%) 93.1 96.5 1.159 0.282
WEHE (%) 92.0 96.0 0.748 0.387
! YA
NA?;,“HTLX;?’} 42.5+10.2 28.3+8.5 -5.669 <0.001

TE: NASA-TLX: SR ALK R 55 AfTHE §uid % .

2.4 3D U-Net #2 B g PR 14 70 {8z BA M 45 R 19 B3 1
T

30 453 X 4R 26 120 N )47 X 38 rh , 3D U-Net B2
R A T 15 AN BH A 40 B A1 10 A 1 B P ) I
(F4), RFGH] SNR F1 CNR 2 5 2K T 1E 6612 W
95 1] (12.3+4.1: 18.5+5.2, t=-5.379, P<<0.05; 8.9+
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3.5:14.2+4.8,:1=-4.903,P<0.05) .

4 3D U-NetEURPHEFNRBA LSS RIEE 247
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s T K (5 53 2
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(&EE IEH M5 ER A 4 26.67
" B B 2 13.33
ARG TIRAR T 2 13.33
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(nto) FHBEESBOGEGTET 2 20.00
BB i I 10.00
3 i
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10.2) 5 22 (28.3+8.5) 43 o /N B RURAL 1] 42 T 5%)
F SR I AT S AR O Y S TAE fufer o 3%
BRI SR 5.8 M, HL 4 BRAE RS 0.8 s Ho i 1155
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(picture archiving and communication system , PACS) .
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