BIVEERIEFRFEEAR (B20EHARERFEREIFMKRSR)

_ﬂXD/ﬁ | %D_&I%
_ﬁxﬂlﬁﬁ

M T
201911 H23H(1) 09:00 ~ 11:00 C21% (ESES 2HEERASEE)

[3-C-1-06] #H=2E %= AW-BERZETL R"— b5 DIEHRHEH
kA BAL MMAEK. LA RS, XA BR'. =B L. BN RS (1. KRKZAER EXRHR
&)

F—7— K : Natural Language Processing, Information extraction, Radiology Information Systems

(B2 BM) BERIML R— MIIEBEHRED SR LZ2MICB 1T 2 BEELBRAZRINTEY, ZDER
&, BRERMIRPEZMZIE S AT LARERABRIF TCOFANMEFINTWS. ZRFAIBADOEDHICIE, LER—KD
SnBEALBRAME L TEELTIHNELNHS. LHL, HEITZEBRONRIEEBATIIRL, £k, E&ELE
ELTH, Z2V—FTFZAMEROLR— MO SDERRBHRBBIGELV. B4FTRABICAIZT, £9, @
BEMLR—hD MERETI] 2EHL, VEREBREREZERE LA, £/, #BEEZBEVT, LER—M
SEBRERDOTREHE L 7.

(55] £, EROER - MEHRREREICHm L, BEEIML R—MOMRICERSNAXENS, EER
BREREZWERLL MBRETIV] 2EHLE. RIS, #EFE (BRARBR=1—/Lxv M) ZHAVT, X
EROEZRBRERZME T 57-ODDRBLWELZ. AHRTIE, 2016FED 5 KRAZFEZERHERHHED
ERZETL R— N R T AICEBRSI N TW SR8 CTER DR (44,383%) #fALKL. 7—%tvy kD
5, FIFRAIC5004, FHMMICTS0MZ|ERICHE L, DEFOFBERVFTMZIT o .

(#&R] E%:"&ﬁlﬂ'}'\ hD MEHRETIV] & LT, T(HESRPEHAICET IR - BIRYWERTRE - HHROR
BRRETRIRE - BE/BEBREDKRE - BRYOFHETIRIR - EYOY (1 X2 R RR - HEYOE
m%%%ﬁiiﬁjwud79®77x%mﬁbt.ﬁk,%ELLﬁﬁ%%ﬁV?,%hb@%&hﬁ%%ﬁb
fo. BVSADFEHD FUEL, 0.936THY, SWEETLR— M5, ERLAEBRERIMHEARETHSZZ
ERmLTWS.

(f&5E] ZRFAICEITT, BEREMHLR—bD MERETIV] 2EHELL. T, TOBREREEMEE %
AVWTERETHE L.

O—M#tEEAN BAERFRER



539 g et

3-C-1-06,/3-C-1 : — 010 & T

BWHZEEZ AV -EGZEHLR—t o0 EHEHE
AR BN, FIE Bk, L AR, N6 IE=, BE B, B R, Ak ZRE
RIRKRFER B EFRFIERE ERR GRS
Information Extraction from Radiology Reports

with deep learning approaches
Sugimoto Kento, Wada Syoya, Yamahata Asuka, Konishi Syozo, Takeda Toshihiro, Manabe Shiro, Matsumura Yasushi

Department of Medical Informatics, Osaka University Graduate School of Medicine

Radiology reports have a lot of valuable information for diagnosis, which is expected to utilize for secondary use,
such as clinical research, clinical decision support system. Radiology reports are written in a free-text form, which
makes difficult to process. Natural Language Processing (NLP) is a key to address this problem. In addition, defining
some necessary elements from radiology reports is needed to convert structured format. We defined an information
model of a radiology report and extract important elements by machine learning. Our information model has seven
classes of concept: Anatomical entity, Imaging observation, Clinical finding, Certainty descriptor, Characteristics
descriptor, Size descriptor, Change descriptor. These cover the majority of clinically significant information contained
in radiology reports. We built a neural network architecture to extract seven classes of concept. Average F-score is
0.90 (10-fold cross-validation), which shows our model can extract target elements accurately.

Keywords: Natural Language Processing, Radiology Report, Information Model, Machine Learning
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