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Table 1. Overall summary of clinical notes data.

Pulmonary and
Family medicine critical care Total
medicine

Current smokers 1,046 84 1,130

Past smokers 547 431 978

Never smokers 399 144 543

Absence of

e 1,520 540 2,060
Total 3,512 1,199 4,711

3) Shifted Positive Pointwise Mutual Information (SPPMI)—
based keyword extraction

¥ AYS SPPMIE AHESRGith SPPMIE 9 HIAE3hs o

(end to end unsupervised method) &=, F4o] &7l do|H 1 model

training®] B ot} oo 8 FAeM, W Aty H]E0]



® m— Seed word

Text preprocessing Seed preparation
, l keywords
3 Acrony.rm Km?ean. word vectorization
expansion tokenization by SPPMI

Clinical / \

notes -
Vectors of all words in

Seed keyword vectors .
clinical notes

— =

Pairwise Cosine
similarity ranking

|

Extracted keywords
for each seed word

Keyword
Extraction

—

Figure 1. Overall summary of our SPPMI-based keyword expansion method

SPPMI shifted positive pointwise mutual information

Figure 12 A A3 7fo2E Bojs=t}, AL text preprocessing,

seed word preparation, keyword extraction®] % 3WA =

A3 sk},

Text preprocessing ©AolA, 170702 &3] AlL5 = o)g cko]E5S

S, ol MASAG. ol @, Biol: BE ©olB

Fwor s g AFolE W

AN AE FEef] o7 Wl 223 FA9S FAsA,
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oJo]= & Python? soynlp?

Soynlp+
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FAAF 237099 seed keywordi: Aol A A

L

A aEAS
$18ked  unigram, bigram©®  A|$HtSE o] 7]lEC] A
unigram¥} bigram= soynlpelA 2H ¥ woj= A5ttt Table 2+

& Aeje] wel JolE seed keyword?] o A]o|t},

Table 2. Examples of seed keywords.

Never smoker Past smoker Current smoker
s negative ex &< positive
Never quit ppd
< negative smk ex s positive
smoking negative =il =3t
smk never ya quit 7+
v =A 74 smoking
A kA =4 5 current smoker
smk negative s ex smk yr
negative ex smoker A
ShA ok ex quit smk
never smoker yoyr smk positive
negative quit smoker
quitp smk ppd
quitya 4 p
quit = 744
smoker ya &7}

Elet)

a7 3

positive ppd

#d
)9t
smoking positive
current

Keyword extraction @A A+= seed keyword®l &u]id FAFSH
Gol S 2HE T gl FAE (semantic similarity) & AAFH]
93}, SPPMIE ©| &3} seed keyword®} 94 7= BE "o E
numerical vector® AF&3FSlth o] & 7} seed keyword vector 2} thE

o] vector 7Fe] pairwise cosine similarityE AAFSte] =9 E

_11_



At Seed keyword®l 7 =2 cosine similarity s 7F ©@o]E

FE8 719 =2 2¥Helgtt. SPPMIOA ZF whol= %7]9 pointwise

(~f

mutual information (PMI) scored] vector® A FTFY PMI= o} g 2}

2ol Ao},

p(wordy, word,)

A, word,) = 1
PMI(word,, wordy) =In( el S wordy)

PMI= @7 242 3 /B8 SES vlasty S+ dof 1H

AAreE 4 Q7] W&o, PMI X3+ normalized PMIE Al o] 2] o
245 AFE-E T

SPPMI+ ol e} o] A st}

SPPMI(word,, word,) = max (PMI(word,, word,) — logk,0)

SPPMIi= global constant (log k) ol whe} 4 @8] PMI gt&2 °olF
(shif) Z1EH0. A=A o] WES 4% singular value
decomposition (SVD)e} #2> &4 3 (matrix factorization) 7}
F7tR o w AgHArt kgt T SVDO| AFRE wa ke ol whebA
SPPMI+= UE neural network 7]HFe] word representation method

ut wol §AMES © 2 otk

71 AT wEW  Word2Vec® SPPMIS] 7|2 HAYZSES
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Fdatm!t SPPMIx= A@H 2= Word2Vecd A 59 Ass
Holth % dTeld SPPMIE  Alckshs o= 7IE Al

o]
Aol A Wol AFEEAY Word2Vecd} o]2F oz U vAYSTS

742, Word2Vecs A& 58t o= dlolg7t AL w sl
Aoz &Syt dFgs Aol Q7] wFo|upiod?,

dolejAlo] 2k B, F dol7b T4 2D gEo] ofF =Evu,

o
=2
£

i

X

o
o
§2
rr
oY
2
r (o]
o,

o
i
)
<L

[e)

©
AR (positive PMD O & W33 & Word2Vec #7H
<AFsE7] $18ll parameter #HOE log kE AMEstel PMI ¥F3h&

O] FAA dse FANH. B AFelMs, 4wl k (1,515 =

o

11, singular value? <+ (100,500,1000) A 7IA 2 F1 2%

4) A3 AA
SPPMI 7Ivt 719E F59 MHeS Aoz F4357] 9sto], &

Aol = word co—occurrence, PMI vector, NPMI vector, PMI

score, NPMI score, Word2Vec & 67019 A2 ©9E& RdE=3
H] W&kt Text preprocessing, seed word preparation W7l&
ZFAstA R8s, keyword extraction ©ACNA ZF 6719 EdL
AHg-3EHA T

Word co—occurrence, PMI vector, NPMI vector Ed-& 7} o=
dataset®] ©& E& ol A Zzke] FA] A 34 (co—
occurrence counts), PMI score %W NPMI score?] vector® YERATEH

o] BAEL vector XS 7|HFOSZE, baseline modeld seed
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keyword®t L3 FA AH Fste 719=E FEs7] el

pairwise cosine similarity <=$15 #jz1t}.

—

PMI score, NPMI score 7|4t 7|99= F& 2499 AH$ word
vectorg AASHA] %= i, 7} seed keyword$t thE EE ©ol
Ato] 9] pairwise PMIZE NPMI scored A4ttt 42 +=91& wiA,
PMI¢t NPMI score RH2 FAFSHA 2t seed keywordell thgh ¥

7NHEE FET

ut

Word2Vec model& 7} word vectors FH thol7l Fojzx o=

il

=3 == FHH neural network? 7F=x2 23 HCH Word2Vec
o] duy W F9] sz, thekdlk wo] =52 NLP
Ztl s Fafst=d 9y AFeE T Qo B AdHgAE AR OE

P 71

o

hyperparameter® 971 =22 Ad3HT Word vector?
dimension®. 2+ 100, 200, 3005 F1, context sizexr 2,4,6°%
28ttt Word2Vecl ® #I# 7|9=E FE3H7] f3] pairwise

cosine similarity S AF&3}3 T}

Al 22 A3

1) Keyword Extraction Precision
ok 7143t unsupervised keyword extraction modeld A}F-g3}o]

F 50709 seed keyword9} H|wE st & FEA Yol FALET}

o &9 1, 5, 10, 20789 keywordE FE3k3lth dolE A W9
=4 #d 7= U A dEe & U flerng, Ads

(precision) & AFE3slo] 719= F&9 A& 5433 Precisions

A & 1—l| S1ET!



A7t A3 Aoz 7FFEATE. Table 32 X, SPPMI 7]
keyword expansion ®¥ o] 7} 43t precisions HoHS &
it B4 U Sdy #HE 71Y¥9=rF Aol Q7] wiEf

=
=
719 el 71 Z=7)ate| whe} precisionS FASHE kS ®lTh

Table 3. Comparison of precision between SPPMI-based keyword expansion
and six baseline models (word co-occurrence, PMI vector, NPMI vector, PMI
score, NPMI score, Word2Vec).

Number of keywords

Top 1l Top 5 Top 10 Top 20
Methods

Word co-occurrence 38.00% | 35.60% 30.40% 29.50%
PMI vector 42.00% | 36.40% 31.20% 27.40%
NPMI vector 40.00% | 35.60% 32.00% 27.70%
PMI score 38.00% | 36.80% 37.00% | 34.50%
NPMI score 36.00% | 38.40% 37.40% 34.20%
SPPMI (k = 1) 42.00% | 36.40% 31.20% 27.40%
SPPMI (k = 5) 38.00% | 34.80% 31.80% 27.40%
SPPMI (k = 15) 36.00% | 30.40% 27.00% 27.20%

SPPMI-SVD (k =1,d = 100) | 46.00% | 40.80% | 38.40% | 31.50%

SPPMI-SVD (k = 1,d = 500) | 46.00% | 41.20% | 35.40% 29.80%

SPPMI SVD (k =1,d =1000) | 50.00% | 38.80% 31.20% 29.50%

SPPMI-SVD (k = 5,d = 100) | 56.00% | 37.60% 32.00% 29.30%

SPPMI-SVD (k = 5,d = 500) | 42.00% | 36.00% 32.80% 30.00%

SPPMI- SVD 42.00% | 34.40% | 32.80% | 30.10%
(k = 5,d = 1000)

SPPMI SVD (k = 15,d = 100) | 56.00% | 40.40% 33.40% 30.60%

SPPMI- SVD 44.00% | 32.40% | 29.80% | 29.30%
(k = 15,d = 500)

_15_



SPPMI-SVD 44.00% | 33.20% 31.00% 28.50%
(k =15,d = 1000)

Word2Vec (c = 2, d = 100) 10.00% 6.80% 7.60% 7.20%
Word2Vec (c = 4, d = 100) 11.11% 8.00% 6.20% 5.20%
Word2Vec (c = 6, d = 100) 8.82% 5.20% 4.60% 4.00%
Word2Vec (c = 2, d = 200) 10.00% 9.60% 8.40% 7.20%
Word2Vec (c = 4, d = 200) 9.09% 7.20% 6.40% 4.90%
Word2Vec (c = 6, d = 200) 8.00% 4.80% 4.60% 4.20%
Word2Vec (c = 2, d = 300) 16.00% 9.60% 7.40% 5.90%
Word2Vec (c = 4, d = 300) 8.00% 6.80% 5.20% 3.80%
Word2Vec (c = 6, d = 300) 8.00% 5.20% 4.60% 4.60%

The values of d represent the number of singular values used in the SVD or the
dimension of word vectors in Word2Vec. The values of ¢ indicate the context size used in
training Word2Vec.

PMI pointwise mutual information; NPMI normalized pointwise mutual information;

SPPMI shifted positive pointwise mutual information; SVD singular value decomposition

SJAR7}

A A

A7t ko2 Qs ouEao R
goi7t gel w4 )
Sahe 49S ANA GOoH wol QWYL ANEse] 2 §ahr7}

o} H . Atshe
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Ald Zlo|t}. Table 4= SPPMIE ARgsto] &% 7199 = o A]oft,

al

Farolol o] 719 ET} BAGl FEF AL A¥E 4 ok

Table 4. Examples of extracted keywords.

Never Smoker Past Smoker Current Smoker
Z 4 negative! dA ppd? op whujs

s negative smoking ya X ESlojaH
never smoker quit since still smoking

2) Smoking status classification

SPPMI 7]19E % "o

it

4
oz
N
f
1o,
oo
r [0
o

2!

A A HE Adn, A S dEE BRE] %
Wer F2 wAled dugFoly w4 £4s &8stk oy d
AFENA, unigram % bigram bag of word® E#©|Jd3t linear
support vector machine (SVM)< A&£EHo=z 7M=& B
AEEE BHAFPGO2 SPPMIIA FE% 719)==E  unigram,
bigram bag of wordsE A ggozHn FAd4H £F ATEE 0=
A G Qlth ZF TS Ul EE doEd NEE AYHEE g4l
bag of keywordE A¢tsld o A W EE HZIYE  (hon—
keywords) = #d% ©oj2 FF8klvt. o& =o, SPPMIeA F&3
578 7I9lER 7 EAE UERiZIE AAskd, 4 TE
62H (Z1 =8 570, HIZI =8 170) 9] g7t |

SPPMI 7|¥b & 7]99=7F 39 A &7l vlAe dF=
A9 R7] g8 &7 7] (classifier) & linear SVMC 2 14stity. 1
T, AE g8 JA7IES WE zdo®r WSy, £/ 4%
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B w3kt F 4,711702] note & 80%+ training dataset, Y™ A

20%+ test dataset®Z &&3}3tt ZF 7Sl g A e}

F% FAAY Hojlorm R classifierd Aol tidt thakdk g
39 9IS vHlwar] Yl macro Fl—score, precision, recalls
73kl Table 51, 5-2, 5-3 °oAl= 7} Wl W accuracy,

precision, recall® X.oJst}. Accuracy, precision, recall X5

macro—average® AAFE ¢t}
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Table 5-1. Comparison of overall smoking status classification accuracy. (All

accuracies are reported in F1-scores)

Number of extracted

keyword 1 5 10 20
Methods

Bag of Words 88.55% 88.55% 88.55%  88.55%
LSA 35520  3854%  4356%  50.64%

LDA 1520%  1520%  1520%  15.20%
SPPMI (k = 1) 88.57%  88.79%  89.39%  89.15%
SPPMI (k = 5) 89.73%  87.39%  89.87%  90.31%
SPPMI (k = 15) 88.91%  89.45%  89.10%  89.80%
(E F;PlMc: _=S\1/(%) 88.78%  88.13%  88.38%  89.30%
(If zle(: '3\5/(%) 89.24%  89.25%  89.21%  90.38%
(ksfi)'\g'f%go) 88.70%  89.53%  90.66%  91.49%
(E F:)F;MJ 'f\{(%) 88.73%  89.84%  88.02%  89.50%
(If F:)PSM(; '5\5/5)) 88.89%  89.41%  89.62%  90.25%
(ESF;N;I ;81\650) 88.75%  80.11%  90.47%  89.80%
(ksfi’gﬂé Szvlgo) 89.40%  88.53%  88.12%  89.85%
(ks Epllg/”c; i\égo) 88.35%  88.65%  89.37%  89.01%

SPPMI-SVD

0 0 0 0
(k = 15, d = 1000) 89.10%  88.99%  89.56%  89.31%

LSA latent semantic analysis; LDA latent Dirichlet allocation; SPPMI shifted positive

pointwise mutual information; SVD singular value decomposition
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Table 5-2. Comparison of overall smoking status classification precision.

Number of extracted

keyword 1 5 10 20
Methods

Bag of Words 90.07% 90.07% 90.07% 90.07%
LSA 34.65% 37.68% 41.37% 52.54%

LDA 10.92% 10.92% 10.92% 10.92%
SPPMI (k =1) 88.37% 89.53% 89.94% 89.48%
SPPMI (k =5) 89.87% 87.82% 90.20% 90.63%
SPPMI (k = 15) 88.61% 89.56% 89.24% 90.01%
(E zledl _:S\ll(l)jo) 88.42% 88.62% 88.45% 89.48%
(If IZP:LMC: :8\5/(%) 88.86% 89.39% 89.46% 90.65%
(ksfil\gl:s;g[go) 88.51% 89.57% 90.74% 91.52%
(IfIZPSMC: _:8\1/(%) 88.37% 90.00% 88.32% 90.01%
(If ZP5MC: :8\5/(%) 88.53% 89.53% 89.75% 90.67%
(ESZNS ;81\6([))0) 88.53% 89.17% 90.87% 90.07%
(kS:PEé\/I(Ij Szvl[(;o) 89.53% 88.69% 88.59% 90.47%
(kSETg/”d- i\éE))O) 87.96% 88.92% 89.58% 89.40%

SPPMI-SVD

9 ) 0 9
(k = 15, d = 1000) 88.82% 89.83% 89.79% 89.54%

LSA latent semantic analysis; LDA latent Dirichlet allocation; SPPMI shifted positive

pointwise mutual information; SVD singular value decomposition
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Table 5-3. Comparison of overall smoking status classification recall.

Number of extracted

keyword 1 5 10 20
Methods
Bag of Words 87.46%  87.46%  87.46%  87.46%
g

LSA 38.62%  41.41%  46.12%  51.01%

LDA 25.00%  25.00%  25.00%  25.00%
SPPMI (k = 1) 88.88%  88.47%  89.14%  88.97%
SPPMI (k = 5) 89.72%  87.26%  89.83%  90.23%
SPPMI (k = 15) 89.35%  89.54%  89.21%  89.82%
(lf F;PlMC; ':S\l/(%) 89.32%  87.99%  88.53%  89.36%
(If ZleJ ':8\5/(%) 89.79%  89.35%  89.22%  90.26%
(ksf';'\glzsﬁgo) 89.03%  89.66%  90.73%  91.59%
(|f F;PSMJ _=S\1/(%) 89.22%  89.91%  87.93%  89.28%
(|f F;PSMJ ':8\5/(%) 89.43%  89.49%  89.71%  90.13%
(kS SZNS ':81\6(?0) 89.10%  89.22%  90.38%  89.76%
(ksflig/'('j Szvl[go) 89.43%  8851%  87.99%  89.53%
(ks Epl'g/' 'O] i\égo) 88.94%  8858%  89.39%  88.95%

SPPMI-SVD

9 0 9 9
(k = 15, d = 1000) 89.55% 88.52% 89.54% 89.31%

LSA latent semantic analysis; LDA latent Dirichlet allocation; SPPMI shifted positive

pointwise mutual information; SVD singular value decomposition

71& AFol A AFEE Y9 unigram % bigram 7]5Fe] bag of words
W vlas) SPPMI WS &-8stW accuracy (Fl—score) 7} #H Ul
2.94% F¥E= Aes & F AUtk (Table 5-1). Precision®} recall
I x] SPPMI WHl= ARgstels W 242 Hd 91.52%, o] 91.59%%
P w2 ARE HolFth (Table 5-2, Table 5-3). 3
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A gElel EF JRENN HE ERaRich

accuracy 9 A2 7+

oo

Never smoker #3F A], bag of words UWH] accuracy’} 1.68%

A |91 0 (Table 6—1), past smoker 5 Aloll:= 0.98% (Table

6—2), current smoker & Ao+ 9.04%7} ¥4 (Table 6-3)

Holoh w3 FNE Ao w7 dyds, B A9 WHEC] seed
keywordellA o]n] Q1= Y& keyword 29| &7o] 7l5d-S AJAFSHL
B FoA] A2 WS latent semantic analysis (LSA)°3%* =l

latent dirichlet allocation (LDA)®°$} 7Z+& 7]&9] 2 29 =4 v
5
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Table 6-1. Comparison of never smoker classification accuracy. (All accuracies

are reported in F1-scores)

Number of extracted

keyword 1 5 10 20
Methods

Bag of Words 91.57%

SPPMI(k=1) 92.37%  91.63%  91.86%  92.37%

SPPMI(k=5) 91.33%  90.61%  9129%  92.21%
SPPMI(k=15) 91.14%  90.61%  9151%  91.89%
(SkF;Fl”'\g';SIgg) 92.47%  91.10% 92.08% 90.64%
(SkF;Fl”'\g'fs\gg) 91.37%  90.87%  91.29%  92.60%
(ksle,)IZjM:Sl\(;(E)O) 9L14%  91.40%  92.63%  93.25%
(izz,'\glfﬁ)g) 91.33%  91.48%  91.82%  91.63%
(Ssz-,’,“ﬁ'fs\é%)) 9L14%  91.63%  9205%  91.82%
(Ef; 'g”zsl\olgé) 91.56%  91.56%  9250%  91.21%
(lf’le;'?"d' f\llg)o) 90.95%  91.79%  91.29%  92.80%
(E:Es'?ﬂ; f;’g)) 90.95%  91.60%  91.82%  90.83%

SPPMI-SVD

(k=15, d = 1000) 91.60% 90.99% 91.40% 91.79%

SPPMI shifted positive pointwise mutual information; SVD singular value decomposition
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Table 6-2. Comparison of past smoker classification accuracy. (All accuracies

are reported in F1-scores)

Number of extracted

keyword 1 5 10 20
Methods

Bag of Words 89.74%

SPPMI(k=1) 87.92%  87.66%  88.72%  88.66%
SPPMI(k=5) 8872%  86.01%  89.46%  90.13%
SPPMI(k=15) 88.66%  88.43%  87.14%  88.48%
(o1 d 100 88.14%  86.67%  86.53%  89.12%
(ot =500 89.06%  87.96%  88.14%  90.21%
(oot = 1000) 88.02%  89.46%  90.54%  90.72%
(s d 100 88.60%  89.06%  86.38%  89.29%
(s d =500 88.48%  89.00%  88.49%  90.18%
ez, 8~ 1000) 88.37%  88.61%  90.08%  90.31%
(ex15. = 100) 88.89%  87.34%  86.45%  88.44%
(eets = 500) 87.66%  87.40%  88.83%  88.89%

SPPMI-SVD

9 0 0 0
(k=15, d = 1000) 88.54% 88.49% 88.49% 89.17%

SPPMI shifted positive pointwise mutual information; SVD singular value decomposition
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Table 6-3. Comparison of current smoker classification accuracy. (All

accuracies are reported in F1-scores)

Number of extracted

keyword 1 5 10 20
Methods

Bag of Words 77.88%

SPPMI(k=1) 80.18%  8L19%  8252%  80.95%

SPPMI(k=5) 84.91%  78.64%  84.21%  84.62%
SPPMI(k=15) 82.19%  83.96%  83.18%  84.51%
(skzml;s%g) 80.37%  80.58%  80.75%  83.02%
(iF:’Fl’,'\f'j'fs\gg) 82.83%  84.11%  82.86%  84.36%
(Eff'zj’”:sl\é&) 82.19%  8357%  84.91%  86.92%
(izz,'\glfﬁ)[o)) 81.45%  8451%  79.43%  82.52%
(Ssz-,’,“ﬁ';ss\é%)) 8251%  82.46%  83.41%  84.47%
(Ef; N '251\0/(%) 81.65%  82.46%  85.02%  83.25%
(lf’le;'?"d' f\llg)o) 8357%  81.13%  8058%  83.33%
(EEE'?"J '5\5/&) 81.25%  81.90%  82.30%  8155%

SPPMI-SVD

(k=15, d = 1000) 82.73% 82.76% 83.81% 81.73%

SPPMI shifted positive pointwise mutual information; SVD singular value decomposition
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3) Frequency distribution of the expanded keywords
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Figure 2. A number of extracted keywords with respect to their frequencies
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2017 1€ 14~ 20184 12€ 31¢, 20219 1€ 14~ 20214
129 3147k M=distwd el 7hdefetat oo dan dHow

SELEE
glol

warehouse %1 SUPREMES AF&-

Jed wE WA V1SS FEsel Agsg.

FEole= 2% FdeA AMESdgwy Y clinical data
3F9itt. Table 7& A%
vEbd Aot} 3k g} of g W

Aoz, A% dATds

SERESERY
FET YR S BAY 58

1,982 2] 4,9967) 2]

Table 7. Summary of basic patient statistics.

Year Ntr:ibi?f Number of Average Number Number

'q clinical notes | patient age of males of females

patients

2017 1,122 2,000 64.48 619 503
2018 1,051 1,996 64.85 577 474
2021 589 1,000 66.46 319 270
Total 1,982 4,996 65.01 1068 914
AIRE oA A A7) flEl, 2017, 201829 dlolE Al

training set° %, 202132 validation set®. & 8313t}

2) =7 FH 49 9 F4 (annotation) <]
=7 Z2H &7l transformer 7I¥F WHS AME-St7] 984 pre—
traing 9% 7 HHA AR FA Ayt Ay ook i o]

gare] dA =+

o =
&% 4

% (light

A
o

drinker,

heavy drinker),

_28_
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drinking) & #lo]&%® a3t gate] 5 AEel weEh 4
AA7ES ‘dA €52 (current drinker)’ , ‘BA &5 (past
drinker’ ), ‘B]2FAF (never drinker)’ , ‘AX ¢S (absence of
information” )2 Yl el 2 /AT dAA 522 A¢, FH

&%} (light drinker, $49] A% e 43 »

=
£
oX,
IS
o
o
=)
e

27k mak S35 A9), BF4 (heavy drinker, B39 A wd

1 o4, 449 A% W 2% ol SFd: A9 F A=

BRed . B34 (heavy drinker) 9 %354 (binge drinker) 2]
71+ National Institute on Alcohol Abuse and Alcoholism
(NIAAA)HP/] 7ol Eglels #%3s}elt).

AAF FHo] Q= 5ol Aol annotator?] TS AT S+

10074 $A% dlolEl AL AolBY s shol, AL setatgict,

o] 83 AX %+ Fleiss’ kappa(x) 2 =33d901, « =0.9285%

doly garsE ARgshs 2 2o AR S571 8 wEd, 2 7HA

715 "9 FEAke] o] Al E figure 3oA] 13 = gl
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Symbol replacement

* (-) = negative

* (+) = positive

* N/V/D : nausea vomiting diarrhea
Acronym expansion

* sX = symptom
» fx - fracture
* bts: blood tinged sputum

Figure 3. A few examples symbols and acronyms preprocessed during the

symbol replacement and acronym expansion.

drinker, past drinker, binge drinker) S %33} t}.

s W 57 Bl R FEol= XLM-RoBERTa (cross-—
lingual language model — robustly optimized BERT pretraining
approach) ?Z A}g3}9 ). Figure 4+ 25 AE F&S 93 i E|
st m2roltt, XLM—RoBERTax ©7Ff%E transformer 7]HF 219¢]
™2, XLM—RoBERTaE #Histe o] S shabr] 13
RoBERTa$t U3 transformer TFE AE3th RoBERTat
Byte—Pair Encoding™ & AH&ste]l g &4 ulo dolz &9
o]z EFstete] o] o) 9] ©holgl 37| WolE Hup Ao R

A 5 YES Ak o F 4 Bg 39 gl 12719 P
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(bidirectional) transformer #ololE E3l A=, Z} #Holol:=
attention mechanism< %483t} Attention mechanisme 7]HFO.E
e =9 tE shel dofol dist 7} dojo] JFo] thEA HrhE o,
7} 3k9l ©olE encodingstal AFYdste] dE = el EHAoR
ogulgles w2 skel w@olE 82 & 3tk XLM-RoBERTax=
RoBERTas} 3 wnel FX= 713 9™, pre—train A
multilingual model objective™Z AFg-3T} wdlo] Ho]E AL
input . ®HE wAPE dolE o F3sk= thal, XLM-RoBERTax
th=ro] dolH A S 2 EE input &S Wol npAHH GOl E oS3
XLM—-RoBERTa+= Wikipedia corpus®] 1047] 1o]Z APH sh55 |
ghrolol o] BFE AHete] Y 8 o]Fdo] AT FHel st
Ao AAsirtk. RoBERTael Hla] ths Aoz 749 44715

fine—tuningsh=dl © Z3eo] Stk & AL HolE A AV ES

@50l g Jolur xgHo] gyl wWie] ¥ AUL olFdde] AAA

(A

XLM-RoBERTa® F% Ade& #HTshz 2ol 1 HHoIth XLM-
RoBERTa: 947159 &5 #d JE9 e ARE s &7
71%50] sl7] Wizel, &% #olo] (output layer) flell 76871¢] hidden
nodeZb 3= F7HAQL AR dololE #eth 2 Ayl XLM-
RoBERTa®l output layerel AFd 7|3t &5 AHE annotationdt
dolH A& A28t 0™, XLM—RoBERTa®} &+ #Hlo]olE 5 epoch?
+3} early stoppingg 3@t 85 £% (learning rate) 7} 1 X
107°0]a2 7kl @ (weight  decay)”}  0.0121  AdamW

optimizer ®Z training®l AF&3tt}h. o]l training £<F, linear layer

optimization ¥ o}Y@} cross—entropy loss functionZ}#] & 4 3}3}7]
— 31 —



A&l AHAEEE transformer layer’= QUlo]EFTE 2 A BRE
2192 HuggingFace ¥ o)A the¢2 =% Abd&E#d XLM-RoBERTa
7}y#28} 37 PyTorch®E Ab&313ith,

Sentence #1
from the note

Pre-trained
XLM-RoBERTa

l

Sentence #1:
alcohol-related

#2
from the note

tokenization

[ Sentence-level

Sentence #N

Fine-tuned
XLM-RoBERTa

Classification layer

- - - - -l

2. Multilingual
language model
fine-tuning

1

1

1

I

1

1

I

1

1

1

1

1
+ T

i

1

1

Sentence #N:
alcohol-related

3. Post-hoc
data-mining

Application #1:

-
Keyword extraction

Figure 4. An overview of the transformer-based language model for extracting

patients’ alcohol-related information from their free-text clinical notes.

XLM-RoBERTa cross-lingual language model - robustly optimized BERT pretraining

approach

5 =7 AH &7 A48 ¥

71E ATES U dE F o7 AHE A EFsh7] 93
Bag of Words (BoW) 7]HF RE-& zj8iste] JA7|5 U Be dol&E
AREEHE A7 "R wkd B dFo e g R
attention 7|¥F o] Rdlg este] Bdl Jos FHAAL, 715 W
T3 57 #d AERE AAoAY Rl AH Fdske= WS
ARgsFaltt (Figure 5). & EdloA #24o] Q7|52 Z7]o] AR

© https://huggingface.co/xIm—roberta—large
https://pytorch.org/

®
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FHE  attention Z]¥F ¢lo] Bl ipputl®  AMEHETE  AHA

1o

A71FeA oulEd JRE  FHstEA CLS token (special
classification token) vectorell 5o]#Ql 2=} =72 55 A JHE
stk 2 Y 7 AREE, FEHN o7 AHPRolgE T
7HAl ARE F7FE ESSESITE HolHAeA &AL Avlele FES
F=ot7] el Al &5 AN " ARV @9 TS dlelA
A B S @olE Uit dA dolHAS #Rete] S0
AT v FEe 127 R F3Y (Figure 5). 1274 FF9
=

of AP AL IS AgdA 23 AW AFo] st

ARE FEY. 599 annotator7} 7zt JAVNE= SFFy L
FHE dolad & w ddo] LMl gk V1H Wl do

5!
F712 dolEy 3ttt CLS tokeno| dx}o] HEA¢l S5 #A&H HH
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‘ Classification ‘

‘ Hidden Layer + Relu ‘

‘ Layer Normalization ‘

CLS Token (43) Alcohol types € {0,1}'2 @  Amount consumed € R?
| o DYUAZF . MARE * Number of drinking
. NS N TES sessions per week
. . o BETL O, = + Average daily
Pre-trained : EIEH "é} X gEE}I consumption
language model = B
¢ = -q L - o
. ool . org
o« A

Figure 5. A summary of classification model; Multilingual + additional
information

CLS token special classification token; ReLu rectified linear unit
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A 2

4 43

D) 7 A5 F=
Table 8& F4 #Z9S 253l datasete] ¥4 7FES At Aot}
F BASE 1393974900, @tolsh golrk EgHe YAW, 1
T v #H A F 3,299/ 90
Table 8. Overview of the annotated dataset
Total Number of Number of Number of N;ITO?]EJI?]C
Year number of English Korean bilingual
related
sentences sentences sentences sentences
sentences
2017 49,044 10,684 11,857 26,503 1,318
2018 55,139 12,066 16,482 26,591 1,435
2021 35,214 7,153 11,587 16,474 546
Total 139,397 29,903 39,926 69,568 3,299

BoWE 7120 AHgatg. Faw

:[L
AEglo] wAskE thlE WolE AWely] 98 TD-IDFE Alg-afo]

¢

Z1dro 7 SVM®, XGBoost®! 9}

Random Forest® Al 7}#] 8¢ EHF7]E HAES QO 2% 10—
fold cross—validation®]  hyperparameterS  AFE3FH Y. TS

7149k multilingual BERT$®} multilingual

shelt.

transformer distilled

version of BERT (DistilBERT) % fine—tuning
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Table 904 Zt dy8F 8 F5 A2 AHE STt Accuracy,

precision, recall® &% macro—average® AAIEAT. EE

7IqE 1o} RElY fine—tunings &3 WifE pre—train A=

ZIRko 7 gt dloJE Aol wEA A 5 Sty 3, BoW +

i
o
o3
o
riot
Y
1o

Random Forestq] A-$¢ = S A2H|g Ado] Qe
Aoz FBFste] Rdo fol&E E4Y TAE S53HA X3t Bow

+ SVM ®EE2 Ad3 =5 A= Algstd, Bow 7| EEl2 o]

ki

=31 out—of—vocabulary (O0V) =A7} At} &3} ©ojo] 47}
Zoharel weh g wEe AR Frkael, Wz ol T &
otk 5ol e Hol gl AlRE Wolst FrhuW Az o

o]
sHekr] S Aedel Festt &, dRrid WA AdEH=
K3

Flo
>
2

e gle

o

s d715S 24T o BoW 7R ZEE AHE
AL A4S oF7]1g 4+ 3tk WA transformer 7]HF EES 1A H
g ARgEte]l dolE UehRE, A2 o]yt =9ld wf wE o
Aol gEE AL WA 4 gtk T3 byte pair encoding”&

AHgE) W] ARE wolS o de] BAHAAL A FAD 59

doj2 EFsteta APsted 00V w4l sided 5 Slth
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Table 9. Overall comparison of the extraction performance of different
NLP models.
Model Macro Precision Recall
F1-score
XLM-RoBERTa 84.70% 78.23% 95.33%
Multilingual BERT 84.20% 77.61% 95.29%
Multilingual 0 0 0
DistilBERT 83.00% 76.25% 94.86%
BoW + SVM 83.37% 77.24% 93.38%
BoW + XGBoost 60.60% 90.39% 56.30%
BoW + Random Forest 49.61% 49.23% 50.00%
XLM-RoBERTa cross-lingual language model - robustly optimized BERT pretraining
approach; DistillBERT distilled version of BERT; BoW bag of words; SVM support vector
machine; XGBoost extreme gradient boosting
Table 10014 = ¥=o] & o] F2 @Yol 88 e 45 4
wale] we msg £ 4%e BYS & 5 lod, table 99
Aol e S HRIt EE ol e o, 52 @Y &8
AA71= A XLM—RoBERTa 7|RF % w2 Multilingual BERT
2 Multilingual DistilBERTES X33t & EE WHHU 3
A6 Helth ¢l Conneauts o] Waxs Avgl AX ), Sn|=
HZ, ol £ FF Aol dod, Y =& v FE AR
doe Jolt. 5 Aol "olAe ol B A4 "WEd
ek golsl el @stol wol bl AAZE Fu (space) OF
FHA ke mEooltt. whebA] ARl A glo] FHs Y|wtow
g=o] FH4e EIZ3 s 22 XLM-RoBERTa® F& 450
9l % i % stk
- 37 - "
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Table 10. The extraction performance with respect to different languages

used in the dataset (measured in terms of macro F1-score)

Macro Macro Macro
Model F1-score F1-score F1-score
(English) (Korean) (Bilingual)
XLM-RoBERTa 94.25% 67.69% 91.01%
Multilingual BERT 92.86% 67.06% 90.74%
Multilingual o 0 0
DistilBERT 93.43% 65.03% 90.02%
BoW + SVM 93.62% 66.20% 89.37%
BoW + XGBoost 49.41% 57.66% 66.58%
BoW + Random Forest 49.42% 49.81% 49.54%

XLM-RoBERTa cross-lingual language model - robustly optimized BERT pretraining
approach; DistillBERT distilled version of BERT; BoW bag of words; SVM support vector

machine; XGBoost extreme gradient boosting

2) 55 ## key concept YA

= ATl Abske WS, olFde] dATVIFAN =5 #d

key concepts A E F AUvk Key concepts AA3sH7] S8l
XLM-RoBERTa #°¢ F7F A3 AT £ xE°] softmax
operatione 2&3sto], Z} 1= £ g 59 Rdo AF FEs

AR 4 St ol & Fall 90% ool AFHER SHEA A58 55

J
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. Frequency of win alcohol—-related sentences
Lift(Word w) = . :
Freguency of w in the entire dataset

Lift gkl &= 574 unigram % bigram°| &5 #&d 749

v}

7% 0]

o ItE AS YehE=E &5 ##H key conceptl®  lift Fkol

g

0.95%t} & unigram ¥ bigram& FZ3 %tk Table 11914 F%%

=
key concept®] @ 714 o E A A SFY T}

Table 11. Examples of the extracted alcohol-related keywords.

Keywords Language Description
1000 cc English Refers to the volume of beer (cubic centimeter)
positive alc English Refers to positive al_cohol_ , indicating that a patient
is a drinker
alcohol social English Indicates that a patient is a social drinker
alc otvj4l Bilingual Indicates that a patient doesn’t consume alcohol
Al 2= Korean A Korean word indicating “draft beer”
sk o] A Korean A Korean phrase indicating “more than one bottle”
T Korean A Korean word indicating “wine”

AA dolg A dAA &5 AH, I 75, I G5 UE S
ZH] €] st AwkA EA= Table 12, 13, 14 Q<kso] 9t}
Table 1204 <& F 9

A%, BE ARelN @A SFAT Y Be

H &S AAs 3, A SFEA7 M AT
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Table 12. General statistics of current status in the dataset.

Year Current status Num_ber Average Number of | Number of
patterns of patients age males females
Non-drinkers 428 65.89 157 271
2017 | Current drinkers 499 60.38 450 49
Past drinkers 20 64.9 20 0
Non-drinkers 441 66.95 165 276
2018 | Current drinkers 508 61.87 453 55
Past drinkers 29 67.69 24 5
Non-drinkers 232 68.25 75 157
2021 | Current drinkers 246 64.71 220 26
Past drinkers 12 57.83 10 2
Table 13. General statistics of amount status in the dataset
Year Current status Num_ber Average Number of | Number of
patterns of patients age males females
Light drinkers 144 60.38 135 9
2017 Heavy drinkers 121 58.81 102 19
No information 234 61.2 213 21
Light drinkers 262 61.48 229 33
2018 Heavy drinkers 32 59.63 32 0
No information 214 62.69 192 22
Light drinkers 93 63.84 86 7
2021 Heavy drinkers 13 62.85 13 0
No information 140 65.46 121 19
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Table 14. General statistics of binge status in the dataset

Current status Number Average Number of | Number of
Year .
patterns of patients age males females
Binge drinkers 131 58.64 116 15
2017 Non-binge 143 60.88 128 15
drinkers
No information 225 61.08 206 19
Binge drinkers 157 59.04 144 13
2018 Non-binge 264 63.38 223 41
drinkers
No information 87 62.4 86 1
Binge drinkers 49 61.57 48 1
2021 Non-binge 56 65.55 50 6
drinkers
No information 141 65.46 122 19

encoding 3}%] attention X2 output vectore] F7}sFtE o] %

= [e] [e] 3Z O
AE vectorgs 72t 94 REO dAl 55 AH, 2%, IHI< HHE

ali

w73k linear layer= -85}t

2 Ao Atst= EE (Figure 59 AeS A S8,
vanilla attention 7Rk 1o} B&3 AJd5E& vlwsteltt. Macro Fl-
scores AbEste] AHdes S oH, FH k¥l attention 7] ®E

dojrd = vF doE YT 4 A= multilingual BERT' S}

rl
2
o3

XLM—-RoBERTa?Z Ahg&3tdtt. 25 A 7ol tidt 452 table
15914, &F <9 (amount status) F5Fol thak A table 16904,
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%5 5 (binge status) &F°ll Wgh J& table 1714 &3 4

, multilingual BERT® A&e 4.0%, XLM—RoBERTa%
Nese Zvzt 3.4% Z=718ET. Precision® recall RS A5l

b e

ol

Fre= A + Adv A4 =744t AeFAE
ol st 75 AHHE™ multilingual BERT +  additional
information ©] Fl—score 80.5%, recall 82.2%, XLM—RoBERTa +
additional information® 7A-$ precision 88.8%% additional
informations @7 Edlol| A&3t A Ae9 Fdes EHAT (Table

16). Table 174 AT = A% Fa FHE HHE= d9lM=

precision 76.7%, recall 77.0%% 7}% 3 AsS HAY =

M7FA &F # 8] tidl multilingual BERTE H1 9.87%, XLM-—

RoBERTa:™ H 11.7%2 A% FAS Hth
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Table 15. Pattern extraction performance in current status

Models F1-score Precision Recall

BOW + SVM 77.3% 82.0% 74.8%

BoW + RF 62.7% 61.9% 63.5%

BoW + XGBoost 81.9% 87.9% 78.6%
Multilingual BERT 82.4% 91.3% 78.2%
XLM-RoBERTa 79.0% 89.5% 74.9%
M”'t"'”(%‘:g:)ss'zedR)T +Add 86.4% 92.0% 82.8%6
XLM';?EF)EOF:;%J’ Add 82.4% 91.3% 78.2%

BoW bag of words; SVM support vector machine; RF random foreset; XGBoost extreme
gradient boosting; XLM-RoBERTa cross-lingual language model - robustly optimized

BERT pretraining approach; Add, additional information

Table 16. Pattern extraction performance in amount status

Models F1-score Precision Recall

BowW + SVM 67.6% 66.1% 75.3%

BOW + RF 54.1% 53.3% 55.20

Bow + XGBoost 67.9% 66.8% 69.7%
Multilingual BERT 55.4% 54.0% 57.7%
XLM-ROBERTa 53.9% 53.8% 57.0%
M“'t"'”(%‘;gLfsidR)T +Add 80.5% 81.5% 82.2%
XLM'(F;?EF)EOF;;;* Add 77.6% 88.806 74.9%

BoW bag of words; SVM support vector machine; RF random foreset; XGBoost extreme
gradient boosting; XLM-RoBERTa cross-lingual language model - robustly optimized

BERT pretraining approach; Add, additional information

Table 17. Pattern extraction performance in binge status

Models F1-score Precision Recall

BoW + SVM 67.9% 78.8% 68.3%

BoW + RF 26.7% 53.8% 34.0%

BoW + XGBoost 66.2% 76.3% 65.3%

Multilingual BERT 68.8% 69.0% 74.5%

XLM-RoBERTa 65.0% 66.0% 67.3%

Multilingual BERT + Add 69.3% 69.3% 72.7%
(Proposed)

XLM-ROBERTa + Add 73.0% 76.7% 77.0%
(Proposed)

BoW bag of words; SVM support vector machine; RF random foreset; XGBoost extreme
— 43 —
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gradient boosting; XLM-RoBERTa cross-lingual language model - robustly optimized

BERT pretraining approach; Add, additional information
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Abstract

Natural Language Processing Algorithm
for Extraction and Classification of
Smoking and Drinking Information from

Bilingual Clinical Notes

Ye Seul Bae
Interdisciplinary Program in Medical Informatics
The Graduate School

Seoul National University College of Medicine

Smoking and alcohol consumption are important variable for clinical
research, but there are few studies regarding automatic obtainment
of classification from unstructured bilingual clinical notes. The
study aims to develop an algorithm to classify smoking and alcohol
consumption status based on unstructured clinical notes using
natural language processing (NLP).

A total of 4,711 clinical notes were used for smoking information
extraction and classification. Acronyms were normalized using

Soynlp, a Python package. Each group in the record was vectorized
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using Shifted Positive Pointwise Mutual Information (SPPMI), and
smoking status was classified by calculating cosine similarity.
Compared to other methods such as word co—occurrence, pointwise
mutual information (PMI), and normalized pointwise mutual
information (NPMI), this study improved keyword extraction
accuracy by more than 20%. Additionally, the proposed SPPMI
method for extracting smoking—related keywords in documents
showed the highest precision and achieved a high accuracy of
91.49% 1n classifying smoking status.

For drinking—related information extraction and classification, a
total of 4,996 clinical records were used. The Multilingual
transformer was fine—tuned and learned. The proposed cross—
lingual language model — robustly optimized BERT pretraining
approach (XLM—RoBERTa) model showed high keyword extraction
accuracy (macro Fl—score 84.7%) compared to other methods and
demonstrated excellent performance with improvements in
precision and recall, reaching 78.23% and 95.33%, respectively.
Furthermore, when additional information about the type of alcohol
and alcohol consumption pattern was included in the learning
process, the ability to classify documents for drinking information
improved by 9.87% in multilingual BERT and 11.7% in XLM-—
RoBERTa.

This study shows the potential of SPPMI and transformer in

classifying smoking status and alcohol consumption from bilingual
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clinical notes. Moreover, it is the first study to extract meaningful
information and classify documents from clinical records consisting
of free text written in both Korean and English.

In the future, the proposed method can be used to capture various
information in clinical notes as well as smoking and drinking
information. Future validation studies with clinical notes generated

by various departments and medical institutions will be necessary.

Keywords : Natural language processing, Smoking, Drinking,

Clinical notes, Bilingual language processing, Transformer

Student Number : 2021—-31273
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