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MResNet 128x1283

F 38 L 7= 8R1z

Ul UP UM LI LP LM |Recall
Ul 48 0 0 0 1.000
B UP 0 48 0 0| 1.000
2, UM 0 0 48 0 0 1.000
20 LI 0 0 0 48 0 0 1.000
v LP 0 0 0 0 48 0l 1.000
LM 0 0 0 0 0 48] 1.000
Precision 1.000 1.000 1.000 1.000 1.000 1.000
F-Measures 1.000 1.000 1.000 1.000 1.000 1.000
Accuracy 1.000(| "™ -
Avg.Precision 1.000 INYFEL 20
Avg.Recall 1.000 IHRyO#: 20
Avg.F-Measures 1.000 “T B¥fE 00:07:49
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train_error=0.000277
valid_error=0.0161

Best valid_error=0.0161
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MResNet 32x32
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Ul UP UM LI LP LM [Recall
Ul 48 0 0 0 0 0] 1.000
A UpP 0 48 0 0 0 0] 1.000
2 UM 0 0 A7 0 0 11 0.979
L LI 0 0 0 48 0 0] 1.000
vl LP 0 0 0 0 48 0] 1.000
LM 0 0 0 0 0 48] 1.000
Precision 1.000{ 1.000{ 1.000f 1.000{ 1.000f 0.980
F-Measures 1.000] 1.000f 0.989| 1.000f 1.000{ 0.990
Accuracy 0.997| = - |
Avg.Precision 0.997 INOTFEC 20
Avg.Recall 0.997 TRV 20
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Ul UpP UM LI LP LM [Recall
Ul 27 0 0 0 0 0] 1.000
B UpP 0 26 0 0 1 0] 0.963
D UM 0 1 25 0 0 1l 0.926
20 LI 0 0 0 27 0 0] 1.000
v LP 0 2 0 0 25 0] 0.926
LM 0 0 0 0 0 27| 1.000
Precision 1.000] 0.897( 1.000{ 1.000{ 0.962| 0.964
F-Measures 1.000] 0.929( 0.981| 1.000{ 0.943] 0.982
Accuracy 0.969
Avg.Precision 0.970
Avg.Recall 0.969 %"J 97%
Avg.F-Measures 0.972




EE2 &
=T AT —A
e [BES1—TTF—48) AR TADY 1 —

TI[ZT. ’G%%;BEU,;EUJ&%%B?%‘O)W%!:/—:\.#O
H5EI(ZLT=6ER 644,

s [RE>z—2T—2]: 2OEFEZE (X) H
SIRBI DY T—Y RS H LI=68F 154K,

o VI—IT—ARIE BELTUR LIZOE—%
L. 15 EIC 81‘51«‘:@6*’)! L.o %
.L\Lﬂir\étj‘f:o

KEBEBAELTT XA HOYDOTOERBEBRSHIRE (F2hR) . FEER
XE R RS R . SE6hR. EHER H i




128x128

ﬂ-fﬁf

IJE/JU/I_-?

H{ET—42LE1—T B LUV E

Efik=; PSS
Ul | ESERIIEEER
UP |LZEXRg-/NEAEHER
UM | EZBXREIEHED
LI | TSEATEE R
LP |TEERE /NI HER

T FE K ED




FA) L 7= R4
128 x 128 Ul UP UM L| LP LM [Recall R N t
ul 0 5 0 0 0 ol 0.000 m eS e
L up 0 5 0 0 0 o| 1.000
2 UM 0 5 0 0 0 ol 0.000
o1 S I R T Accuracy
i LP 0 5 0 0 0 o[ 0.000
LM 0 5 0 0 0 o[ 0.000 O | s
Precision 0.000 0.167| 0.000] 0.000] 0.000| 0.000 17 - 20 /O E 2.
F-Measures 0.000 0.286] 0.000] 0.000] 0.000] 0.000
Accuracy 0.167
Avg.Precision 0.028
Avg.Recall 0.167
Avg.F-Measures 0.048
F3B) L 7= ERAL
32 x 32 ul UP UM LI LP LM [Recall
o o Ul 5 0 0 0 0 o| 1.000
[ AORO--- } B UP 5 0 0 0 0 o[ 0.000
o UM 5 0 0 0 0 o| 0.000
a0 LI 4 0 0 1 0 o| 0.200
N (i LP 1 0 0 4 0 o| 0.000
ﬁ?;i@“/l_-? LM 4 0 0 1 0 o| 0.000
_ Precision 0.208] 0.000] 0.000] 0.167] 0.000] 0.000
F-Measures 0.345 0.000 0.000 0.182 0.000{ 0.000
| I Accuracy 0.200
3 § I Avg.Precision 0.063
T . Avg.Recall 0.200

Avg.F-Measures 0.088
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128 x 128 Ul UP | UM LI P | LM [Recall R N t
Ul 2 2 0 0 0 4l 0.250 m eS e
R UP 2 4 2 0 0 ol 0.500
) UM 4 0 4 0 0 ol 0.500
o i Accu racy
i1 LP 0 4 0 0 4 0| 0.500
LM 0 0 6 0 0 2| 0.250 O | e
Precision 0.125| 0.400| 0.333| 0.000] 1.000| 0.333 33 /0 E h-d
F-Measures 0.167| 0.444| 0.400[ 0.000] 0.667| 0.286
Accuracy 0.333
Avg.Precision 0.365
Avg.Recall 0.333
Avg.F-Measures 0.327
FR) L 7= BRI
]‘Libf 32 x 32 Ul up UM LI LP LM |Recall
= Ul 6 0 0 0 0 2| 0.750
B UP 6 2 0 0 0 o 0.250
%) UM 2 0 6 0 0 0| 0.750
B LI 4 4 0 0 0 0| 0.000
gl Ml 1 LP 4 4 0 0 0 0| 0.000
=R /I < LM 6 0 0 0 0 2 0.250
Precision 0.214| 0.200{ 1.000{ 0.000| 0.000| 0.500
F-Measures 0.333 0.222 0.857 0.000 0.000f 0.333
Accuracy 0.333
Avg.Precision 0.319
Avg.Recall 0.333
Avg.F-Measures 0.291
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conv_filterl (ConviD) EQHE 15) ~
max_poolingl (MaxPooling?D) (None, 16, 16, 16)
cony_filter? [Conv2D) Eﬁﬁ% H_EI_:'__
max_pooling? (MaxPooling2D) (None, 8, 8, 30) '
flatten (Flatten) (None, 1920) v— l
. L
hidden (Dense) (None, 150)
hidden? (Dense) (Mone, B)
softmax (Dense) (None, B) 1
Total params: 294,748
Trainable params: 294,248
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Al suggests incorrect BI-RADS
Category

Dratsch T and Chen X et al. Published Online: May 2, 2023
https://doi.org/10.1148/radiol.222176

Dratsch T. Published Online: may 02, 2023
https://doi.org/10.1148/radiol.222176

In a prospective study, 27 radiologists who interpreted 50
mammograms with Al assistance were affected by incorrect
suggestions from the system.

Inexperienced radiologists were more likely to follow the
suggestions of the Al system when it incorrectly suggested a
higher BI-RADS category compared with more experienced
readers (mean bias, 4.0+ 1.8 vs 1.2 £ 0.8).
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®SNA There are four key ways to alleviate the issue of

automation bias in breast imaging:
The second is accountability.

» Readers should be made accountable for
their decisions, such as by benchmarking
their overall performance, to reduce
automation bias.

* Without going into legal detalls, in real clinical
practice, radiologists are always accountable
for their actions If the Al system performs as
designed but the provider misuses the
system.

* The Al vendor would be responsible only if
the Al system did not perform as designed.

Baltzer PAT. Published Online: may 02, 2023
https://doi.org/10.1148/radiol.230770
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Diagnostic Imaging Practice in the Oral and Maxillofacial Region in 2021
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Fall enrollments 'ﬁhn wish to take these courses can take Course A in the second semester.
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Students will practice the diagnostic imaging with understanding about the DICOM images and the
limitation of CT and MRIL
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Students will practice for exploring the possibility of use as a diagnostic aid of Deep Learning System
with understanding the usefulness and limitation of it.
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