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Literature review on the current status and issues of abdominal CT imaging diagnosis
support using Al in emergency medicine
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[Abstract]

We reviewed the literature on Al-based models used for detecting non-traumatic lesions in abdominal CT imaging to
determine the current status and challenges of using Al to detect diseases of abdominal organs and acute abdominal con-
ditions. We searched PubMed and Google Scholar and extracted 106 references. The majority of studies were aimed at
detecting tumors of the liver, kidney, and colon, with detection accuracy tending to be higher for liver tumors and renal
stones and lower for gastrointestinal tract disease.

Of the 15 references on diseases of acute abdomen, renal and ureteral stones and colitis accounted for 10 of them.The
main challenge was that the data set was not sufficient for the detection of renal and ureteral stones. In the detection of
colitis, which has relatively low detection accuracy, the method of measuring the thickness of the colon wall caused false

negatives and false detections of other organs.
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Table 1 Search items in PubMed

“‘Computed tomography”

“Machine learning” OR
AND “‘Computer aided”

Compliant
items liver OR gallbladder OR pancreas
OR kidney OR stomach OR
AND  “small intestine” OR colon OR
appendix OR uterine OR ovary
OR bladder

pathology OR endoscope OR
“blood data” OR us (ultrasound)
Exclusion NOT OR mri (magnetic resonance
item imaging) OR “blood vessel” OR
muscle OR bone OR lung OR
heart OR head

Match and exclusion criteria items in PubMed and Google
Scholar search formulas
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Table 2 Literature on Al-based diagnostic support for abdominal CT imaging

number of performance
organs disease ; sensitivity / Dice
articles cleelielay specificity AU loU coefficient
Tumor 47 082~0998  G5180.960 0.954 0.625 ~ 0.963
liver . 0.295 ~0.914
Fatty liver 8 /0.942 ~ 0.957
Cirrhosis 2 0.85 ~0.871
cholecystitis 1 0.837 0.817
gall bladder granular 0.927
Gallstone 1 sludge 0.803
pancreas Tumor 4 0.902~0972  RAUOTOIL 075~ 0045 0.71
Renal cell 0.64 ~0.98
carcinoma 13 0.739 ~ 0.998 /0.83 ~ 0.93 0.803 ~ 0.96 0.938 0.63~0.82
kidney Renal stone 5 0.63 ~ 0.997 O o 0.95
Ureter stone 1 0.997
stomach cancer 1 0.769
Small Intestinal 0.72
) . obstruction | 0.73 /0.80 0.73
small intestine - "
Small intestine 1 0.86
lesion )
Polyps / cancer 0.62 ~1.00 -
colon (Colonography) 16 /0.85 0.85~0.91
" 0.727 ~0.937
Colitis 4 0.70 7/0.733 ~ 0.95 0.986
appendix Appendicitis 1 0.915 0598
bladder Bladder cancer 2 0.892 0.849
Uterus Uterine cancer 2 O><8
Ovary Ovarian cancer 1 0.95 ~0.97

¥ 1 30k PET (Positron Emission Tomography) & OREELE THEH 6.06% M Lk

Of the 106 articles on Al-based lesion detection in abdominal CT, 86 were related to the detection of tumors, followed by
7 for stone detection and 5 for inflammatory diseases. Regarding performance evaluation, 13 diseases (14 items) were
evaluated by accuracy, 10 diseases by sensitivity, 9 diseases by specificity, 9 diseases by AUC.
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Fig.1 Accuracy comparison of literature (by
disease)

Accuracy comparison of literature on 13 diseases that
showed accuracy out of a total of 18 diseases of each
organ. The literature on tumors and stone diseases
showed a high accuracy of more than 85%, but all
gastrointestinal diseases were 70~77% except the
literature on appendicitis.
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Fig.2 Performance of each literature on the
detection of acute abdominal illness
The performance on renal and ureteral stones and
granular cholelithiasis was generally higher than 90%, and
colitis, cholecystitis, biliary mud, small bowel lesions, and
small intestinal obstruction tended to be low.
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Table 3 Literature on CT image diagnosis support by Al for acute abdomen

disease reference theme purpose num_b i Qata S labeling accuracy sensn?lylgy/ AUC loU task
patients (images) specificity
Machine Learning-Based
Radiological Features and ~ Z @ AZFEMEAR
Diagnostic Predictive Model FE# & BEA A HERFELEEACBE
cholecystitis 20  of Xanthogranulomatous DCTEREFEN 1563 traning 153 radiologist 0.837 0.817 EHEHLTNDHEREK
Cholecystitis SERZMET BITEEN
1 Qiao-Mei Zhou. et al WEREIL S D
(2022)
A novel YOLOv3-arch
Gallstone 1 model for identifying training 4000 granular 0.927
T 1o o , T (T
: . - test 1000 -
Gallstone 2 (f)q;)mheﬂ Pang. et al sludge 0.803
Deep learning model for RERTRMNE
automated kidney stone %‘f\.? CT@I@ training 1163 radiolo — N
) . ; > gist 0.95 SREBT — Yy N EER
Renal stone 1 22 ;jnf:;egcéwson using coronal CT E AU 433 |ns;€ee§tllg‘n16290 urologist 0.968 /0.97 SERENDD
; KadirYildirim. et al (2021) AOaBRY
A deep learning system =R
for automated kidney ualia i ) training&test : = = —
stone detection and £2 EL/OC; __training 90 radiologist 0.88 ‘%,@(D/J\yéfw tE LtE
Renalstone2 23 volumetric segmentation on BRICHTDE 91 inspection 6185 inspection - /0.91 0.95 BARIE(LEED TS — 21345
+ : . = z
noncontrast CT scans foks] @ﬁ;ﬂ o test 90 external facility BHEORRLED
- Daniel C. et al (2022) TROER
L% BHSLEA
Automatic Detection ff?,@ﬁ;}g%igg
and Scoring of Kidney BT RS L ;%
Stones on Noncontrast CT gfjﬁu\/ﬁ@ tation 334 HBPBREEDHDEL
Images Using S.T.O.N.E. ) S segmentation ' WEVIT -
Renalstone3 24 o5\ Cithometry: TODREFE 131 classification 564 radiologist 0.959 T—INBRALTND
b Deegyl-_eaming N—2DEF )L test 234 BERE(LIC S BMEDE
and Thresholding Methods R%E . gg%%@%\g&%— . $B8
1 Yingpu Cui. et al (2021) OO CRE
IBALENEN BB
Exemplar Darknet19 feature  #7- 2B %8
generation technique for N—RDE R . = o
automated kidney stone BIc& Db CT training 1453 %—?Qggi;{ b
Renal stone 4 25  detection with coronal CT BE&H 5 B S 165 i 19346 open data 0.997 - BREAONBERICE
images AERINT DS s E%‘gf&L I =
: Mehmet Baygin. et al 7% (ExDark19) >
(2022) DRE
Deep learning model- e _ - EAOERNEEEINT
assisted detection of kidney E’T‘;g??%; training 953 LVELY
Renalstone5 26 stones on computed PGPS 455 9 radiologist 0.63~0.93 SRROBIETF AT BA
tomography %ﬁ;ﬁﬁg TN test 200 FILTVZX LD RZER
: Caglayan A, et al (2022) AELTULVELY
Computer aided detection
of ureteral stones in 2<DERDEHLET —5
thin slice computed CTEERNSRE ZFAT2RENHD
tomography volumes waE#HNTD training 349 . " BREFEND LS
Ureter stones 27 using Convolutional Neural 7z ®7)LITUX 465 test 88 radiologist 0.997 AVEMNREIEST DL
Networks LFAFE PEBWKELHEAIZT -5
: MartinLangkvist. et al PBIRALTND
(2018)
Segmentation and a e b RS g
o1 RIEMBES
cticaon oSl | i Soiip e UnoomEEs- 70y
Small intestine 28 on U-Net with Batch DU-Netlc & D 143 training 143 experienced 0.86 IPTA-TAVIEHCL
lesion Normalization and Virtual SINBEITXY test 143 doctor ’ C&BT —SIERO—IE
Sample : Xufeng Liu.et al i7 >avER REEAT D_ENDER
(2021) z
Machine Learning Based
Prediction Model for
Closed-Loop Small CTIE & ERARAT [FEAEDT — 5D FliFT
Small Intestinal Bowel Obstruction Using RZEHALIN training 179 . 0.72 RICEDWo/BRAZES]
obstruction 29 Computed Tomography BEAZEDFAE 223 test 44 radiologist 073 /0.80 073 DBIEESI TR, AR
and Clinical Findings FILORIFE FEFINFIRENTL
1 Goyal, Riya MD. et al
(2022)
; ; - BB OIS &
Deoclonnd domose o+ B accs
[CLBKRIEXRZ f 23]
Coltis 1 o lomographyusing deep  yrwEpLmd 80 raining 3905 radiologist 98T 0.986 B OB RRE
networks ;;VM%*AE%SOJ?% ) iﬁfﬁ‘%% [—
. + AF PV RTA ZEN
; Jiamin Liu. et al (2017) CeETs
Colitis Detection on %i%i’;i;z »
Colitis 2 g1 Aodominal GTScansby  mimLccrmix 26 tralning 220 radiologist 07 085 il
1 Jiamin Liu. et al (2016) gbt%ﬁ%ﬁ
Colitis Detection on BHAB=2—S
GComputed Tomography i ";’\ SR BEMESHEE BESLO
i i ¢ i ) i S % = 4B
coitss 32 e wELcorEs oo "I radologst 073 085 i A
Network poRBRER et
; Jiamin Liu. et al (2017)
Computer-Aided Detection e .
of Colitis on Computed g%é\\f%?z training 1000 0.707 T A—=T 1 A VIR BB
Colitis 4 33  Tomography Using a Visual S BEEED 22 test ?OOO radiologist /0733 0.75 TRWNVEEPHEEREN I
Codebook ez i : EVNBARICHEEEDELD
; Zhuoshi Wei. et al (2013) -
Convolutional-neural- - REGIREOREEHO
networkbased diagnosis of T—HERILTND
appendicitis via CT scans training 584 . m%ﬁ%ﬁﬂ%ﬁ*%iﬁ}mﬁ;
. in patients with acute . 0.902 JeREEHDT — 5 %1
Appendicitis 10 abdominal pain presenting 215 o temallﬁ\zt gr?t‘on 100 radiologist 0.91 /0.92 AUfteth, ERERFIFAT
in the emergency X pecti FREO-—HIt—>3
department VERETINTIZXLD
; Jin Joo Park.et al (2020) BRI’ BE

Fifteen articles aimed at detecting acute abdomen found no clear association between the number of patients or data used
for training or testing and disease. In all articles, data were labeled by radiologists or specialists. In addition, one of the most
common problems with each article was that the dataset was insufficient.
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