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Medical NLP Today

e Medical Al = Medical Image Al

e Why NLP-based Al is not

popular :
o Medical text datais alway small
m Privacy Information
m Language barrier

e FEspecially, non-English
medical NLP is rare
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Characterics of Our Task

1. To provide High quality data-set

©)
©)

Real data (not dummy)
Closslingual (not English only)

2. To scope practical

O

O

Not only basic technology

m Namerd Entity Recognition
ready-to-use applications

m ADE detection

m Case ldentification
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Japanese (JA)

EEES -CEAFID GEo@ERY %R0

R DOEEENNAB D xT, AERE Icb
2GEDLxv. DETEEI@ 6 LhEAN, 7x0—IC"
gRcEEV,. DEES < @ETESIR =2 CREEERS:
7. [EREESIHE < GEE=D COPRIR T TS s 1
B0 Et Ao

English (EN)

There is an RGO @alchgthebronchialareaoftheloweniobelofithen
considered to be (DI EELl== -

Itis in (@WidelcontactWith thelinterobarBIeira), and is considered to be (EEMIEMEIIL;

The (EfightmidaISBIoREHUS is EEETSMTSE) by o NS .
found in the ([@IoWerIoBeofthefightiting , and it appears LSRN Y S0E) i

There also appears to be ([@BREY of the [EfightipUlMonary arteryyright pulmona
There is a (@ ENEENEREY in the (Alpperiobeloftherightitng , but CIEYS I E
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Task & Language

e Two corpora x Three tasks x Two languages

Care Report .
corpusMedTxt-CR Radiology Report corpus

Track MedTxt-RR Track
FolACELIToR Subtask 1 : Just 100 Training ,Jf é ‘ ‘f‘. é
Named Entity Se = | % =S
Recognition; NER
Subtask2 : Guideline Learning jdf» % J.a, é
Application Subtask 3 : Application ADE-Ja ADE-En Cl-Ja CI-En
(ADE* or CI**) . = . =

* Adverse Drug Event detection, ** Case Identification
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Statistics of participants

e Although 19 teams registered, 9 teams submitted the results
e Balanced participation of international industry and academia

10 teams
dropout

Number of Overseas: 13* Domestic (Japan): 7*
registered teams: (China, USA, Switzerland,
19 Belgium, Germany)

Industry: 10 Academia: 9
Number of Overseas: 4* Domestic (Japan): 6*
completed teams: (China, USA, Switzerland)
2 Industry: 6 Academia: 3

*Since one team is composed of two countries, it is double-counted
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Number of systems developed by each team
(85 systems by 9 teams)

A C D E F G H 1 ]| Total
Subtask1-CR-JA 2 1 4 1 4 12
Subtask1-CR-EN 2 4 5 4 15
Subtask1-RR-JA 2 1 1 4 8
Subtask1-RR-EN 3 4 7
Subtask2-CR-JA 1 1 2
Subtask2-CR-EN 0
Subtask2-RR-JA 1 1 2
Subtask2-RR-EN 1 1
Subtask3-CR-JA (ADE) 1 2 3
Subtask3-CR-EN (ADE) 10 2 6 1 19
Subtask3-RR-JA (CI) 1 1 1 1 4
Subtask3-RR-EN (CI) 10 1 1 12
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Subtask 1 & 2
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Task Definition = Named Entity Recognition

B E R R & 5 > I B RS EERE - B
MUEREIC T BT L—Tr 7 7O0—FIcL BN
AD—EH -

ID SEX AGE CATEGORY DATE
JP0900-1 FEMALE 77 Z A RRBE AR E -1
T X

1

2

(]

~N

[BEsLFO71—)])

OO SRR < > > — > v o [BEH [EDEENE . BESE = 3 0 °5 < [BXEERHNE
e EEE NN ENEENE AR ETRINTENGES <Es U3 sk CERE Y 3.

DEER iz U<, AESRAESREEEESRE ' F5n3 1) .

eaDEE. BRISERERRE =58> cBEcHL. e V=hILY—X=v /2 & T RMZL=
FHITFTE=F % T WERNBIF TH - IEFIIC DWW TRET 3,

BSENEY 5 (AGE) 7 7 Egel

(65 (DATE) 2.3 FRIRACTE S o [ 65 (DATE) 1 4 AiRSBRGTE =T o B(C) N s (DATE) 4 .5 I AifE)
D) mERsMUERE [CFES L. UTcteh bz [COREER U 7.

P &R EREI-ILeEEL. [EDREEE o CCREeaboaR = 19t L.

CR

Diseases and symptoms
Anatomical entities <a>
Features and measurements <f>

Change k¢

Time

Test <t-test/key/val>
Medicine
Remedy <r>

Clinical Context <cc>

-

<a>, L EM<t-test/key/val>
<m-key/val>, <timex3>

RR

<>, SR d<timex3>
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Subtask 1 - Just 100 Training

SRR ERER ERE > f-.?ikttﬁﬂﬂﬁﬁ*%‘ E

HMpERER 1= St Z —xi- k2

Ao hﬂﬁméﬁﬁﬁﬁ%ﬁahﬁkﬁ&ﬂﬂﬁﬁ*% B
ﬁ“nﬂﬁl—ﬂﬂ'z L —_Tm FZ A
o mﬂuﬂﬁméﬁﬁﬁﬁ%&iahﬁkﬁ&ﬂﬂﬁﬁ*% B
T MBI T 3T L—T A YT TA—F & BN
L sosco AD—EEBI -
2 Eoaxmo sex ace carecory oare
- . -
Erm
5 we 2 mz B - o< B
. s EI : vz 73,
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Provide only 100-200 documents for training
Standard few/low-resource NER setting

Subtask 2 — Guideline Learning

2.3.3 Features and Measurements

Features and Measurements tags are given to modifying phrases or predicative adjectives (such as
“scattered”) that pertain to the features, measurements, values, areas, or degrees of a given Disease or
Symptom entity. They are also given to expressions that indicate degrees (such as “mild”). However, if

the degree expression is d with an expression that indicates changes, the degree expression is
given a Change tag (<c>), (mentioned below in Section 2.3.4]), instead of features and measurements
tags.

XML tag

(27) <f>Well-defined, smooth-margin</f> <d certainty="positive">nodular shadow</d> was
recognized.

Provide only the guideline text for human

annotators

o 30-40 example sentences annotated
Can we teach a model as if it is a human?
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Evaluation metrics

e Joint factor

o span <X>cancer</X>
o +label <d>cancer</d>
o +label+mod <d mod="positive”’>cancer</d>
o Matching pO|ICy Recall = common span / gold-standard’s span
o exact 1—Gold ¢

o partial —» ZCORBRISSHITEBZRD
' Pred
e Frequency factor ’ T

o Not weighted
o Weighted — decrease the score according as the entity appeared once or more in training data

Precision = common span / predicted span

1

...a <X>canc§f<lX> was found ... w; = Toe. (/.
- og(fi+1)+1

fi=2

A correctly predicteci\\ ____________________________
entity in test data Training documents Weighting function




Organization Site
Re al'MedN LP - REAL document-based MEDical Natural Language Processing - http://research .nii.ac.jp/ntcir/ntcir-16/

Overview (overall)

RR~09vs.CR~0.7

RR >> CR Radiology reports are written simpler than case reports

At least ~10 points better in the partial match

. 5> :
Partial Exact — “Important” parts of documents were still learnable
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Overview (Subtask1-CR: Just 100 Case Reports)

e In JA, surprisingly, “just a plain BERT” (E1) worked best
e Simple data augmentation may rather decrease the performance

CR-JA CR-EN

Exact match Exact match
span +label +label+mod span +label +label+mod
System ID | normal | weighted | normal | weighted | normal | weighted System ID | normal | weighted | normal | weighted | normal | weighted
Al 06388 05433 06133  0.5195 - - C1 04601 04117 04321  0.3850 - -
A2 0.6378 05425 06124  0.5188 - - c2 Dde97  DAIIS 04371 02830 - -
E1 GEB3k  MEREE 04598 GEESRN  oERBi  uded F1 05104 04501 04683 04092 04245 03701
F1 06095 05112 05696 04737 05249 04333 F2 05292 04667 04860 04247  0.4406  0.3843
F2 0.6497 05445  0.6076 05048 05602  0.4621 F3 0.5240 04634 04918 04326 04480 03938
¥ RERgY  pamEd  DESSH  OWESD  GEFL D4R F4 0.5473 04839 05145 04525  0.4696 04127
F4 06179 05218 05813 04863 05420 04515 gl Giceds  Dopls 05080 U@ O5ded  Oade
ry SEEE  BEEE WD isd " ’ 2 06540 05813 0.6337 05616 05853  0.5181
I 03361 026y7 03088 02383 02591 01963 H3 06438 05719 06231 05515 05749  0.5080
H4 06190 05516 05933 05265 05452  0.4831
J2 Wadie  Oo08 Qo Dae  GOUIG D2is H5 06299 05620  0.6033 05364 05540 04917
J3 Gty 02219 Ogoge Dalh 02247 Odésn 7 04882 04274 04556 03965  0.2957  0.2589
ki 02841 02399 02773  0233¢ 02308  0.1910 J2 05551 04925 05197 04589 03335  0.2950
13 0.5503 04846 05116 04478 03263  0.2867
J4 05270 04652 04918 04317 03077  0.2705
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Overview (Subtask1-RR: Just 100 Radiology Reports)

e Frequency weighting yielded larger performance drops than CR
Dataset contains template phrases more

e Domain-specific BERTs worked better as expected

(@)

RR-JA

Exact match

span +label +label+mod
System ID | normal | weighted | normal | weighted | normal | weighted
Al 0.1528 0.1185 0.1505 0.1165 . -
A2 0.9019 0.5264 0.8926 0.5181 - o
E1 0.8704 0.5052 0.8488 0.4871 0.8079 0.4674
G1 0.8932 0.5207 0.8703 0.4992 - -
J1 0.5862 0.3232 0.5811 0.3191 0.4259 0.2550
J2 0.6055 0.3306 0.6022 0.3278 0.4363 0.2572
J3 0.5805 0.3151 0.5779 0.3127 0.4224 0.2480
J4 0.5715 0.3120 0.5674 0.3096 0.4216 0.2477

RR-EN

Exact match

span +label +label+mod
SystemID | normal | weighted | normal | weighted | normal | weighted
H1 0.8296 0.5532 0.8260 0.5496 0.7919 0.5262
H2 0.8302 0.5536 0.8266 0.5500 0.7874 0.5231
H3 0.8140 0.5430 0.8061 0.5358 0.7719 0.5105
J1 0.7696 0.5049 0.7592 0.4957 0.6350 0.4107
J2 0.8068 0.5360 0.7997 0.5299 0.6707 0.4400
J3 0.7962 0.5265 0.7877 0.5192 0.6532 0.4264
J4 0.8000 0.5332 0.7895 0.5245 0.6545 0.4309




Organization Site
Re al -MedNLP - REAL document-based MEDical Natural Language Processing - http://research .nii.ac.jp/ntcir/ntcir-16/

Subtask 2 - Guideline Learning

e Exact match resulted in an expected low score
e Partial match showed promising results

Exact match Partial match
span +label +label+mod span +label +label+mod
SystemID | normal | weighted | normal | weighted | normal | weighted | normal | weighted | normal | weighted | normal | weighted
C R_JA Al 0.4212 0.4146 0.3710 0.3644 0.3710 0.3644 0.7458 0.7379 0.6163 0.6091 0.6163 0.6091
E1 0.3366 0.3326 0.2512 0.2474 0.1949 0.1912 0.6797 0.6738 0.4589 0.4547 0.3464 0.3424
Exact match Partial match
span +label +label+mod span +label +label+mod
RR_J A System ID | normal | weighted | normal | weighted | normal | weighted | normal | weighted | normal | weighted | normal | weighted
Al 0.6638 0.6370 0.6485 0.6217 0.5133 0.4958 0.9106 0.8834 0.8843 0.8571 0.6864 0.6685
E1 0.6557 0.6315 0.6255 0.6013 0.4668 0.4462 0.8961 0.8711 0.8289 0.8039 0.6094 0.5880
Exact match Partial match
span +label +label+mod span +label +label+mod
RR'EN SystemID | normal | weighted | normal | weighted | normal | weighted | normal | weighted | normal | weighted | normal | weighted

In 0.5628 0.5546 0.5496 0.5422 0.5037 0.4968 0.8843 0.8726 0.8289 0.8179 0.7599 0.7495
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I.T.I

Subtask 3 AC
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‘11 For disease/medicine entities, predict the likelihood of
Ta b | e S |0t F [ l l ! ng being/triggering an ADE independently*

Case Report: (IXEERTIILIE) male. Disease 'LSTE = How likely is this disease
’
Past Medical History: (EEIYII eI - Mild Intellectual Disability
Current Medical History: In [CEAGILYSFLLE) the patient was and o .
the administration of [EkmIValproic acid (VPA) was started ([0 LT 1F0) . epileptic seizures
CEAOETEITTIENNY , due to it becoming difficult to control the patient's (B ET00 , convulsions 3 - Definitely
concomitant use of [MEEJEBZ was started on ([N . fever and erythema 2 Probably
on (CETTED, (cpresentea W oore Subsequentiy) o 1 - Unlikely
were also observed. thrombocytopenia 0 — Unrelated

The patient was [EEEEEIITT) and seen at our department on ([(EEGLIETEE) .
YR Ce R o(+) facial edema, lymphadenopathy RV e R trending lab

results.

Lab Results : 31 700/uL eosinol% Medicine "ol = How likely did this
medicine trigaer an ADE?
(V7141 U/L B CEED . L valproic acid (VPA) 99

Progress: The — was with EEEIVPAN alone being CBz
administered.
VPA

(Rt+))mMPSL pulse therapy RUEEX-U:0R {1l (5our) 3 days JELT RGN €l fever resolved B oy
Symptoms and lab results also (BT .

Follow-up treatment started with [(ERINEIEET of EEEIPSE , but because (IR R dIE
the medication was changed to of [HiE]betamethasone . * do not consider ADE-causal relations

betamethasone




Results

No ADEval=2 in test

Better entity-level systems
may not perform better in
the report level

How to capture local/global
context seems important to

solve this task

o  Classification?
o NER?

CR-JA

| ADEval=0 | ADEval=1 | ADEval=3 | Report-level
SystemID | P R F | P R F | P R F | P R F
E1 9521 76.04 8455 | 0.00 0.00 0.00 | 698 5294 1233 | 1273 77.78 21.88
F1 9576 97.67 96.71 | 0.00 0.00 0.00 | 12.50 11.76 12.12 | 37.50 66.67 48.00
F2 96.05 97.00 96.52 | 0.00 0.00 0.00 | 27.59 47.06 34.78 | 25.00 44.44 32.00
CR-EN
ADEval=0 ADEval=1 ADEval=3 Report-level
System ID P R F P R F P R F P R F
C1 95.70 9494 9532 | 20.00 5.26 8.33 62.50 2632 37.04 | 2222 66.67 3333
C2 9579  97.00 96.39 | 14.29 5.26 7.69 43.75 36.84 40.00 | 29.41 5556  38.46
C3 9595 9352 94.72 6.25 5.26 5.71 28.57 21.05 24.24 | 1935 66.67 30.00
C4 96.05 92.10 94.03 | 25.00 5.26 8.70 22.22 42.11  29.09 | 1892 77.78 3043
C5 9587  95.26  95.56 0.00 0.00 0.00 56.25 47.37 5143 | 2593 77.78 38.89
Cé 96.14 9447 9530 | 25.00 10.53 14.81 50.00 21.05 29.63 | 21.21 77.78 33.33
C7 95.67 9431 94.99 0.00 0.00 0.00 33.33 2632 2941 | 1935 66.67 30.00
C8 96.42 97.79  97.10 | 20.00 5.26 8.33 47.62 52.63  50.00 | 50.00 77.78 60.87
C9 96.35 91.79  94.01 0.00 0.00 0.00 23.81 52.63 32.79 | 1892 77.78 30.43
C10 9587  95.26  95.56 7.14 5.26 6.06 26.92 36.84 31.11 | 23.08 66.67 34.29
F1 96.53  96.68  96.61 0.00 96.68 0.00 31.25 52.63  39.22 | 25.00 55.56 34.48
F2 9539 98.10 96.73 0.00 0.00 0.00 40.00 42.11  41.03 | 40.00 4444 42.11
H1 96.57 9795 97.25 | 14.29 5.26 7.69 60.00 63.16 61.54 | 50.00 66.67 57.14
H2 96.57 97.95 97.25 0.00 0.00 0.00 59.09 68.42 63.41 | 50.00 66.67 57.14
H3 96.28 98.10 97.18 0.00 0.00 0.00 60.00 63.16 61.54 | 50.00 55.56  52.63
H4 96.41  97.63  97.02 0.00 0.00 0.00 57.14 63.16 60.00 | 50.00 66.67 57.14
H5 95.88 99.37 97.60 | 0.00 0.00 0.00 78.57 57.89 66.67 | 60.00 33.33 42.86
Heé 9599 98.26 97.11 | 33.33  5.26 9.09 55.56 52.63 54.05 | 50.00 44.44 47.06
Il 97.02 97.63 9732 | 30.00 31.58 30.77 | 100.00 26.32 41.67 | 50.00 88.89 64.00
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Subtask 3 CI
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Cl (Case Identification) = Clustering task

e Motivation: to recognize clinically similar documents without being
confused by textual similarity

e Potential application: case retrieval, image-to-text evaluation

An 18mm ground-glass opacity is depicted in the left S1+2.

o SN Ground-glass /
Clinically v sub-solid
similar AL

A sub-solid nodule with a diameter of 18mm is seen in the upper left lobe.

Clinically
different

A cavitated nodule with a diameter of 18mm is seen in the upper right lobe.

L Cavitated https://radiopaedia.org/cases/minimally-invasive-adenocarcinoma-of-the-lung-1?lang=us
https://radiopaedia.org/cases/cavitating-bronchogenic-carcinoma?lang=us


https://radiopaedia.org/cases/minimally-invasive-adenocarcinoma-of-the-lung-1?lang=us
https://radiopaedia.org/cases/cavitating-bronchogenic-carcinoma?lang=us
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Cl (Case Identification) = Clustering task

Data: radiology reports by nine Goal: put the same case
radiologists into the same cluster
3\
Case 1 _§|an_ ) _r
T D N [ D ! ||=
(Era;:i;%me;:test = E = Y - il; i Predict by
: . L= == 1 |__:§
DEIEIEE

Evaluation metric: Normalized Mutual Information (NMI)
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Results (RR-JA)

e Surprisingly, simple “similar or not similar” classification with BERT
works best

System ID NMI score Method
D1 0.3569 Bag-of-entity vectors  B\ISZ86EEER

_ _ L _ Document
E1 0.5415 Binary document-pair classification with BERT

F1 0.1744 mMBERT encoding + dimensionality reduction + K-means clustering

J1 0.4161 SN CU R LRl Document representation Document
representation
J1* 0.4622 Sentence classifications FBleleiial=lai 8 =)=l = (o]0
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Results (RR-EN)

e System C1 achieved the best score with a pipeline method with
rule-based approach & K-means clustering

System ID  NMl score Method Rule-based +
Document
C1 0.8721 Heuristic + K-means clustering with SentenceBERT | {=le] =5 =il lely

F1 0.2172 mBERT encoding + dimensionality reduction + K-means clustering

11 0.7879 Named entity representations with BERT

Document
representation

NER-based
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Results (Summary)

e NER-based: JA << EN
o Maybe due to absence of well-organized Japanese medical
ontology
e Document representation only << Pipeline approach
o Suggesting importance of macroscopic & microscopic features

SystemID  NMIscore Method Rule-based +
Document
C1 0.8721 Heuristic + K-means clustering with SentenceBERT representation

F1 0.2172 MBERT encoding + dimensionality reduction + K-means clustering

11 0.7879 Named entity representations with BERT Document -
representation
NER-based

D1 (RR-JA) 0.3569 Bag-of-entity vectors

NER-based
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Conclusions
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Conclusion

e RQ: Can we develop MedNLP applications with low resources??
o YES (partly)
e NER

o Promising performance for radiology reports (less div_erse
than case reports) even when only annotation guidelines are
provided

e ADE
o Fair, but discrepancy remains between entity- and
document-level performance
o (I

o High performance for English corpus: token- to
document-level features may be needed
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Conclusion

We look forward to hearing your presentations!

The comments on the next task is always welcomed

KEDIRVICDODWTHOCEREELVITY Afl’} Network Lab.
RS iR
Acknowledgement

Supported by AIP-PRISM, Japan KEEPHA project of JST, and

Y’s READING inc.
Y’s READING



