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KEYWORD: Diagnosis, Machine Learning, Deep Learning, Medical Record, Text
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FOR MAKING A DIAGNOSIS PREDICTION MODEL FROM  ORTHOPEDIC
CLINICAL NOTE . Advisor: Asst. Prof. KRERK PIROMSOPA, Ph.D. Co-advisor:
CHRIS CHAROENLAP, M.D.

We propose deep learning in word embedding for making a diagnostic
prediction model. One factor that causes uncertainties in diagnostic is the
inexperience of physicians. The diagnosis errors lead to incorrect and delay in
treatment, waste of time and money. To solve the problem, a differential diagnosis
is one critical tool. It is powerful and does not introduce additional work to
physician. Our method uses a deep learning tool together with word embedding
technique to make a differential diagnosis from existing diagnosis texts in medical
system. The model will take the clinical notes from a physician. The note is then
used to analyze the possibilities of diseases. The output is sorted by model
confidence. In order to validate the model, we use True Positive Rate (Recall),
False Positive Rate (Precision) and accuracy to compare to other works. Our model
achieves a new record of accuracy at 99.95% The highest recall rate is at 86.64%

in top first prediction.
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LA ngAuENITLS (Association rule) ngn1s3wunUsean (Classification rule)
suliiinduls Wusu Fauvuaemadnsannsvinmiesoya awnsauvsesndy
2 Uszun 3] loiun
1. WUUABIBITIUNY (Predictive / Supervised modeling)
I3 v ca v . 1% Y A
Junadnsnasneninniseusnu (inference) yateyatagtu iiveldly
nsvinedszandlegislueuian wuudiasstunisyiuweidunaansainnis
milesduunussnntdeyasanidunguingivatsminaiuainudnvusi
a ! = ! (Y ISP [ =
58071 aanUszan (class label) FeinAnudnuazvamaindaliseiios
wTuNNIEUIUNINLELENLeEEIT  MsTwunUseian  (Classification) 616
ANANYTYRIRAINTAIMBILDY FETENNTTUINNSTILTUENKEEd1 N1SanneY
(Regression)
2. WUUIAR9IINTIaIU (Descriptive / Unsupervised modeling)
Junismenuduiusan 9 viemnsdangudeya (Clustering) &
Lilefigesjsvuneivanisyiiung wsiweinbiinlaawwgvseladevesdynivse
a a v X 1 @ 1 ¥ & 3 v v 6
danaulalafdy Wy Wiun1snTzanevengudeya vvawiuAuduTuSYeq

Joyalugiudeua

2.1.3 sanundselan (Classifier)

NARNSNLARINLUUIIa0992kANA1AUlUA LTIV AL UNUTLLANT

LY

U ldlunsimilesdeya dsludagduimduundszianideudiunlglunisi

willaadaya laun
1. dulfidndula (Decision Tree)

wuudnaesieuslaenstwunussnvdeyaseniungy 4 910013

L2 ¥

\WASIERRUENYANEYaIlaYa FailrkuuTasmsiuiinudnvrlaves

)

o w
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2. m3iFeuiiug (Naive Bayes)

Y

fazgnawundungy ¢ SAwviniu
P(C| | Al!""An) = P(Al,...,Anl CI) . P(Cl)
P(AL,....An)

3. YNNOTALINLABIUNYTIU (Support Vector Machine)
WUUTABREsHUS g NS 9aUN T U TS LﬁaLLﬂqst’J’ayJaaaﬂLﬁuaaq
Ny MINMINEUTEAVSTasaNNTIlea iU sdmIuSuunUssamdeya
4. Tasevneuszammiied (Neural Network)

¥ o ¥

wuudnaesazieuiann1ssudeyatndiiuaneasdnuiugse uad

Y
v

<

thunmuamsasiudadunuuarsimin uaglideyadiosniduaineii
wansnafueenlumumnaTilsanilsitunsedu (activation function) 7ild
Tnedoyadseaniildazgninnduaildmuinmefanain weusuufdimin
vostayatdaly
5. n1sannasuuulalafn (Logistic Regression)
Humsduundeyaniandnuauzduddeiilos lnsuuuiiassaziFous

NMsasiaun1sadasin weldmuinlanianasiinvesdeyaiisesnisvitung

2.1.4 MIw3gumIUNIaNdaya (Data preprocessing)
masRenmundenteya Wumadeaigniurldifewseunumiondoya
Aowhlulflumsasauuudiass Insazshmsudasteyaivlegluguuuui
winzaudmsuilldlunisaiavuiass vilinisviuvilesteyaiiussdnsam
wazfinnuusiudiunniu (4] nedunoulunssuiunasfouaumiendoyans
Usenoudedunou il
1. msvihanuazaintaya (Data cleaning)
\Humsidadeyanliifedesmdoliiulszlovisenisiumenn se
nsgvIuNTIRarelUd
- msdinfessdeusdou (duplicated records)
- MsIansiudeyasuniu (noise)

- msUsewmasnullaanmdad (resolve inconsistencies)



- MSANAIAMIY
- mM3UFuiseudeyasunIu (smoothing)
2. n3AnA1 (Tokenization)
Humsuandeyalidumiegesvesnuw vielymau (Token) Jausiay
INALITYNLENDBNANAUMIEYDIIN
3. psdiadalusen (Stop words)
shlufemiifaruigduonarsalug fafusivandisldviedia
Usgansnmlunsrumdeya
a. maulasdlhdusUuuudadn (Lemmatization)
Jumssndiuve1gveIfioen Wy ATy s, es, ed %30 ing lneedy
Uiunvesr Wwu Midudiun finsen diewel s
5. MIAnLanAMAnNYME (Feature selection)
Humsfmenamedeyaiitinuantafiisdesiefulstlovinens

AUty adumsiindsesansanlviukuusiass

2.1.5 Msdunnmes (Count vectorization)

'
o a

Junstudnuvesaudazenusngegluenars Tneusaziazunumil
AuANwyvastaya [51 MUl 2 Tansimuanudnwuzazdielin1sianisiv

LONANTINUIULNANNTAYI A TIS Az AZ AN

Rome Paris word V
Rome = 1, 0, 0, 0, 0, " 0]
Paris = [0, 1, 0, 0, 0, , 0]
ltaly = [0, 0, 1, 0, 0, , 0]
France = [0, 0, 0, 1, 0, . 0]

JUN 2 JULARITIDE19MTUNUANAN WL YDA
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2.1.6 M3limudIAgyA1 (Word attention)
I3 a =~ a o a Yo < A Y ° v
Jumedandendunldlunsseuiiddniieaiauuinges lnenisiv
UMUNALARZANTBINNE IR UAMUEIAYTOIAITU 9 Villuudaesaunsayinuieg

[y} ¥ I ) 1 ) 1 ) I~ o’d‘d 95 v I 'y}
naanslokiuguINNIINITUBIA AR AT WNINWESARUMT WY [6] [7]

2.1.7 Aud-drunduresnuivesd (Term Frequency-Inverse Document
Frequency)
nsasuwuuInaedaensviuvilestoya aenfenanmiaseiviAdday
NnmivsIngeglulenasviseyndeyaaeu ieairsuvudasadwiune Tnomaia

o w o«

Alumsiaszimeddad 2 33 [8] sl

1. ANBVeM (Term Frequency: TF)
Huismstuanuivesdudasditungegluenans wagldaniu

yosiu 9 WustTnnudiftyvesi

2. Anud-drunduvesnuavesm

Huiimsrmnannsegnssrismanudifuddunduresannuives
@ (Inverse Document Frequency: IDF) Tag@iunduresmintivedsazuans
Iﬁl,ﬁuiwﬁﬂﬂﬁﬂﬁmgagﬂmanmwmEJ 9 e fiiugouiinnuddanas 98
nanildianansihdduiasigdluenarsildiuin uwilanudml

LONETOU 9)

2.1.8 1dunTU (N-gram)

wuwnsutlunisadrsuuudtasslaenisAiuiuaiaiuiazduaesye
[ d' a d’{ 1 [y I o = 1 1 I ) d'
anvsy (character sequence) MNATUTINAUTUAT UIBAIAIUUILLTUYBIATN
= a (Y] d' a d’{ 1 [ 1 1 [ )
WeuLseanu (word sequence) MindusuAuluyszlea TnsarAunazduesm
annsauszanalanadadeyanasiald

wAsuADNUINlTlUNITAS1IBUUIIaDe oA TduAIusesnvse Tnewnsy
111500 LANANEVUINAILA 1 AUDI N AIULANINUA LU LUUIIAD9INNITUTEUU
ANRIY 2-WNTH 3-kNTY 4-wNTY LDUAUY

N15UIZUIAINIE 2-LNTH (Probability bi-grams) ABNISUTZUIUAIAIIY

1 = 1 1

Unzduresaenenafiintusuiuirdiavindunaauvesnuiaziduiagny

5 s a o ¢ U o ' P
WYNWANAY 2 NYNA m@ﬂiﬂyuaqﬂv\lfﬂﬁﬂ mmamﬂugﬂw 3
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This is a sentence

2-grams : This is, is a, a sentence

JUT 3 ULaR0819709 2-UN5Y

NM5UTENIUAINIY 3-uATY (Probability tri-grams) ABN1TUTENIAIAIIN
Wnniduresanenensaiintusiuduidawiiduranuuesanuiiaziduiissny

WeWATIar 3 wened Annuluaieneed deiiegalugun 4

This is a sentence

3-grams : This is a, is a sentence

JUN 4 JUnaneneg197ee 3-unsy

¥

N1TUTENNUAIAIY 4-nsU (Probability quad-grams) A9N1UTEUIUAT

£
1

Anuziluvesanene 1Anintus v dawindunaguvesr ez lunae

5 v a o s U o ' A
NUNYWANAL 4 617 ﬁﬂﬂuslua']EJWEJﬁlﬂﬂ mmamﬂugﬂ% 5

This is a sentence

4-grams : This is a sentence

JUN 5 JUuARI0819909 4-UnTy

1 1 Id [ Y @ A v
N1sUsEIA1ANLNELlTuTeIE189n5ElaunTSIouwnTH ABNS LY

auufgIvYRIsARN (Markov assumption) 9191 N15U3INVBIFISNYIRINLTUBE

&

v @ s

fudsnusneuntiiios n-1 @ F9Emsisindouihuldlunumeiunisaan
sraiulaainauidevesmrlunsuazinsaia [9], mauUSAkazlus [10], LUaharaeuy
(1] fnstidunnsuuild weliuvudrassanunsassynwivesdoyalsegied
UsEAnSnnuazasnInB ey

F79871991UYRIANUISHASINTIAE  YiInNsTunUsEnndeanndluLaay
A1 1nnsAIaAndnasiiuniseeiesturesuiazteniy wazadng

o [ [ g Yao g ! = =
LUUINADUDULNTUVOIE88 NS U Taeldifasus 1 TUaude 5-unsu Fennelu
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LU WIAzLARIMATA kAN ARSI T LB LA LA 2 nduld
ABe1Au1e (distance  measure)  LileldonUsziandidauvinatesaauny
fmeu Ganan1snanesosuinuiuuiaesasnssynwldgnaesnnn,
90% lnemanisnaassazuanesiuoonluiusgfuruavesadoyaaounazdeya

a5 RIY)

2.1.9 M3138U3\En (Deep leaming)
2 ad =t = v 4 A = Yo v |
Juitmmilweanisiteuivenaiesiingieuasiseuiisn1sunudeyast
= a a =t Y = Yo o A o ax o 1% o
fusgdnsam  Fmdnnisvesnisiseudidadnfedanesiuingieuaiianuuinges
WawnuANUmINeYastayaluseauat anmsasianUnenssudayansun 6 Feay
Usznaumelaseasiegdes q nanetu 1Y MTLIUTUAINAIBLINIADIVDIANATN

ogafiniga (pixel) BIN15UNY AUVENEALYITINITSBUINTINUEe 9 vilddie

q
[

= 1 Y o v Y o a ¥ I~ ¥
VU YU migﬂﬂ,wm N13391NITEAAIDBNNNENUN Wueu [12]

layer 1 layer 2 layer 3

JUN 6 JUuanalasaasnevemsiseuildnvselaswneussamiiiey
N3UT 6 Avedazinualulaseiigyssamiiietazanusaduindagin

dunng

I — Z 1 l-1 !
aj =0 wya bj
k

g a, WUANYDILYUA
| unuarsutululasengUssamiioy
j WU UL TUTOURY

Wy wnuAnninyedue
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b WNUAIAIUEULBYY (bias)
2.1.10 M3InAULIUET
nsinAnuwluglunsiuenguileglndvesiuudnass annsainla
fae 2 38 [14] fai)
1. FBmsudsdayasanidu 2 ya (Hold Method)
Huismnziuyatouavuneivg) fegrluyadeyarzgnuisesniiu
2 @ULUUEN MYBRTIEIUTUIAVBIYATRYAROWIINAU 2/3 UagIUINTDIYA
Joyanaaeuiniu 1/3  lagldyadayageulunisasiawuuiiasinisdnuun
Uszlam uazssaaeuanugndedlumsiuunussiandoyalmivienliineiii
WRBUFIBYATEANAABY A1AITNMINEIAILIALAIINENTIEIUTENINT I
fhegrilugndeyannasuiiviiunenduldegngniesiuduuiegnaianualy
Yadoyanaaou
2. ABnsudsdeyasanitiu k ¥a (K-fold Cross Validation)
Huisimngiugateyadiuaulinn aunfiivuinvesyateyaminty
N segsluyadoyasvgnuutesnidu k diu lnsudazyadeyassiiawin Nk
TilrSeuitondeyasounszasaauanugndadlunisduunyssnndag
yodoyanaaouiduiiuimun k sou Tngsoudl | avldyndeyanaaeunei |
wagldyndeyafivdofugndeyaaeu Arnuwiudrduinlfndnsdiu
sgrisdnuiteglugadoyannasuiivhunenguldedisgniesionun k seu

fudnuuiegmualuyadeya
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o/

2.2 UIeNNeIVa9

a a 4 (%

a v { aw & ! Y < ! ! A ! A
NuATegItesiunddeliansawdseentaidu 2 ngulng) 9 fe nguaudm
Wnerfukennaiatudmsuitadelse uaznguauiinetumadanisildmenisiseuiia

an

2.2.1 wanndladudmiuiiladelsa
JagdunmsiSeudineinies (Machine Learning) lagnihunldegneniteuis
lunnanudn laganizedwgsluninmisunmg msseuimensesasidindieli

A15YNUVD I NNGT AN UUUE AL UTEANT A NUINTY Freg1au Tulseine

'
o

Sufe Yszvnsniengsinia 30 Ulsdedinasmelsamladudiuiunin satuiive

q

Hreanduudidetinselsaiila nisvihuelemaialsaialalanausiiy q fae

o v

3 I o = A & ) v P av
F’]’J']@Jiﬁ]ﬂLi')LLagﬂ’N@JLL@JUS'ﬁNﬂaLUUﬂQQﬂﬁWﬂ@IUﬂqiLLﬂﬂqu FIUINUIYVDIATUY

= Y o a = vy a A Y ° cs'
U NE@UD [15] lmu’]L@']LV]WU?‘]ﬂ’]iLiEJUE@’JEJLﬂﬁ@Q 4 WNAUAUTIATINUUINGDILND

[y

Wsuigunaansnlany alensindIulaaesled (ROC curve) winlgdmsuitdans
Lsavilalaglddmins 14 dainyadeua
| v A v va av 4 o ° = v g v A v
Aeuninil ladeuddenieinisiimilesdeninuuivssendldiioasne

= ¥

WUUIABIE TS U BUNUSELANTSA [16] Ingluudnaadtuanuldedaznnasiaunain

Y

v o

frduundssianiiuansetusiomn 4 @ 1 duliinaula msBouiiudesnade
Frneiannmesuuaty uarlasstioUsvamifioy antuaziuuusiaeia 4 suun
Wisuilsuiusessesnaildlunisadis szoznadildlunisiune nsndulds
919103 SasmauIngde SnsmauINia MATios wazauusiy Tnonadnsils
wuiwuudiassfiainanlasiigusamifienaglidnsnainaTagegaifosas

89.03

2.2.2 wadansiammen1siseusIgeEn

NumuMsiwmiiesteaudunglvnadnsnuinela fegrudy yusuy
gun1wesulatl (The online health communities) feidugauaniasudeyaiieaiiv

Tayvnguameing o iedleglddnnisiulaymiguan usililawngnigvuinvesyuyy

vy

guameauladiivuialivgnn vligaualdanuisariilufidusulalunnunaunun

Feluvaunaunutudndudedifdeimadiludeliannug duuiednuideves

'
a o

LwiaudRy wagwnsm [17] 1de1nsInseriaI1u3an (Sentiment analysis) 113
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Aidennudnyny (Feature selection) Wagnisindedeyaaou (Balancing training
data) wilfifleifiuruldidulAs (AUC: Area Under Curve) uazeion (F1-score)

Aeasn, 1wy, ABS51, AU [18] UnausdnUngnssuLuUIIaIdInsunIg
FnaAduunnneirelleswesdlugdoyaruinlvg Tnsganmvesiuny

YNINIINANUARIEATIVBIAT BawaansnlnazgnirluSeuiieuiuuseansam

Y2WNALANBUNTNANUINAVBILATIUGUTZAVLALL LAENUINAIANULUUEIEI1UTD

'
a

fanfinduls Fenmafiusuunssunditenn

msviuilosdernudieligldanunsalivssleviandeyaidulsylovid
gneeusglugiudeyavuialuglasgrauszdniam lngn1snszanevestoyaunas
aubideanunineveasvsundnluguassaneni1sieunUseanestonnuuuig
& ﬁ’aﬁ?mﬁa%’mmsﬁuqﬂaﬁﬂﬁ wis, @, e, ¥a7, w1 [19] Feldiaualagesng
dnfureneeudonrurundu Tasordnisinnguduarlnssensyssamidioy d
Fiendeatusineglndiu fafunsmanumnevesidsaunsarldsniiig
Bsdangu lasnsiiinesdusznauvesAritunsilsdanuiunvesd

R4, W, 879, 9, i3, AU [20] ewe3snisiaddmsudiiunyssinnnin
ChH e?iaﬁauimgé’aﬂ@%ﬁuﬁm%’umiﬁauimiLﬁué’hmemﬁwaﬂwwial,ﬁmﬁﬂgﬂ

T1909U1INVIUNVDIAT Uazazaenuidnvesdeninu Fededulagvidmsunis

(%
a v A

Ansesieudinvesd ddulunuitediaaueituitymidensiiousnisie

l|aN1g (SSWE: Sentiment Specific Word Embedding) 3Mn15id15anusdnyes

Foyalusunuvesietnasetiles Tnsmstamnlassineyszamiiien
Wvaneresnisasiswuuitassnivideaiifenissouiilenduainuie

Jusawesddudiluniw dededudsiioiniesnindfvesiluyadeyanadeu

Y LY

dnagddrduvesilunnd1eaindainuresA ludunaunisiseus Ingsn1saasud

Uszaumnudnsadnunainiiugiuveuduwnsy (N-grams) @9in15i389a16un1siiv

A o

doufiudu 9 veleyaluyndeyaaeu Anluidlnuveuuudle [21] Mnauedsnis
anefifvesd Mmenisseuinsiludununisnssaedivesdn Jadeliunay

Usglopanunsaasnapsunuineidasnuseloanianununglnamesiuls wieu

[y o a

ﬁammiaﬁﬂmmmﬁaﬁﬁﬁummm%Li‘]umaqﬁmumwgmmmiugﬂLL“U“UG"h wnulean

fe 1aen1517198909A1AL 1R NANNN1TIEaAUTDIA N L LAsLiUL N DY BNl

o A <

unlnatdestualulssleaiagiunounti Ardunuresalulsyloatunay

Do

Aangrdenu nslunuddelavinnisnasssldlassneussamiisudmsuasiaiendu
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1 I~ ) 1 & Q" % ¥ 1 [ d" LY o
ANNUAzUTeeAT wagnuanduilaaiunsanuntisiulsasestduvesaly
wuvUIaanduwnsulituseansamuintunazdaiuisainlulduselomisuanlu
Usunedule

JUT 7 wandlpssadreafuunsy (Skip-gram) Faudwisndeuunld lesain

& adaa a a ° ) = Y & W ¢ ~
Juisnivseansamdmsunisiseuinisduiiunuvasineesiuunssany wasl
nawesilduiuudiavruinlngvesnisanuduiusnisliginsauagAumuneg
YDINIWIN LU UL ﬁiﬂaawﬁaléfﬁwLauai%‘ﬂwsﬂ%’wqwizﬁw%mwmaanmma%u,as
a o a v 2 a 45( [ P | o
szgziauuuiaesdlilunisteusivuasinsidwu Tngorduaudlunisgua
Tmivey 9 WaiuausinduarUszansamlunsiteudnmsunudlinnniu didu
nAeldesuemedageduiing Indumedanuuddudunendenisduiiogiuds
AU kazNUINTaINAvRInIswuAIRnUlaalY Aenisluauladisuresritasnish
WARIAAIUIUYDIAT FRBEITU A3 “Canada” wag “Air” ldanunsauiuisiuiu

a v <

wWealmAndu “Air Canada” vS@280819918ld aatiuluauddedladiausisnis

saa o (%

Aunadludennuegeiiedu vlimuinnsdeuinmsdumununnmesnfdmsu

"avangautuiianuduldle

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT
wi(t-2) N\ 4 w(t-2)
w(t-1) ‘ « w(t-1)

N\, SuM /
A
: > w(t) w(t) >
4
w(t+1) ' ‘ A w(t+1)
wir2)| 4 we)
cBOw Skip-gram

JUN 7 sUuandlassasnsafuunsy
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Wsangedmiunmsiseuinsludununnnesay (Vector space) 184

% s

AN Uszauaudisalunisianiaiunuisvadakas ANl nedunys
Taeldnmasianfineans walassas1avarsnisatddaluuuuau wudedy 399

A15LASILAL NN LATIAS1IATALIUYDIITNNTAINGTY LALNUINNATNSALARINANS

¥
a s v

Seuifesuiuunmsanneeladaidvivuauuulvi 15iute1denvesiuuiiasaes
wantugnys nskendIUsEnausNguuUNIlY LarIBUSUMMTFA1WUUT Iz
Lishefiu FawuudraenyldUsvloviandeyadeada Inonsseuiiuuangludiu
= ! a € 0o o ¢ d' ¥ a s =) a c a Y 1
alldgudluamsndmdndt ununagldumsnduuunszatevisomm3ndusunmiieig
wuudmnzlugruteyavuialvg dauudiaesilasdiand3nlinnnesnlaseaing
gou o wWinldannisSeudisuaussansamvesuiaigeda 75%

loward loinaueisnislaveyanbiitieniu 2 35 weusuugenisseus
anuvesdmslasiemindug) BusnAen1sinueiasiineylstudeluludeiy
= g J a o | aaa 44 Yo ¥ w
Fadugduvumwnaddlunsuszinananiwmill duwdsnaesfentsldfidisia

WUUDALULTR (Autoencoder)  ANUAIAU FI9IAENITEIUAIFUNISUDUTDNARI LY

Y

(%
P

nnweskaziin1sviugddunisleudayadnase Ingdsn1svs 2 Fslaunse

o Y < & = $ £ 1 a 14 [J Y A I =
‘LJ']&J’]I‘?JL“LJ‘LJSU‘LJ,G]EJ‘L!TLL!ﬂWiLG]iEJiJWiEJﬂJ“U’e]lJuaﬂEJ'L!ﬂ'ﬁLiEJuE“UENLL‘UU‘R]’]@EJ\‘IVL@ NINAIDN

'
Y =

Fondsfommiwosildnntuneudlildsumateusannsatulfidugadudu
dnfunadeuddu q vesvudaedd mnmmeaesmuinlasesfiAatulussey
fu ndsnmheausgndinisieiBnisi 2 3dwiu vililasstnefienuatios
3¢ uazdedunsunisnisuniendeyanounisidoud vlvlasedreduded

Usganinmunndulunsdamuiamytaning
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unN 3

LUIAALLAZIT AU

(%
=] 1%

AdeiazaiiwuuItassdmiuiueran1Titadelsaanensvedtae lagly
foyannnvssdeuludmiuiinvesummdumihnmsaauuuiaes eliunmdinuudiass
Wldidusmaelunsifiedelse vilinsidadelsaveunndiiussavsnmanniu Sauufe
Tumsassuuuassesidetannsauidldidu 4 daw Ao mavheuazeindeya s
a519uuuTnaes MslduRUUTIAeY warmsinusEavaanwuudiaes

v

3.1 nMsNuTaya

Y

Poyannanldlunisasrawuuitaesesnuiseilihunanteyanvssideugdaely

Y

wnunaeslsUandvadlsaneruiagniainsal Ganunsadwunlsainuluyssidouwdniy

Ay lsalanmsedn 1

M50 1 m1srsuansuIulsalundagniIamy

dey nuaavglsn Sewaz | d1u9U

1 Diseases of the musculoskeletal system and connective | 55.73% 7,526

tissue

2 Injury, poisoning and certain other consequences of 32.28% 4,359

external causes

3 Neoplasms 4.27% 577

4 Congenital malformations, deformations and 2.51% 340

chromosomal abnormalities

5 Diseases of the nervous system 1.74% 235

6 Factors influencing health status and contact with 1.15% 155

health services

7 Diseases of the skin and subcutaneous tissue 0.84% 114
8 Certain infectious and parasitic diseases 0.49% 66
9 Symptoms, signs and abnormal clinical and laboratory 0.47% 63

findings, not elsewhere classified

10 | Diseases of the circulatory system 0.22% 30
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16U nuAnylsa fowaz | 91U
11 Endocrine, nutritional and metabolic diseases 0.16% 21
12 | Diseases of the blood and blood-forming organs and 0.06% 8

certain disorders involving the immune mechanism

13 | Diseases of the digestive system 0.03% 4
14 | Mental, Behavioral and Neurodevelopmental disorders 0.01% 1
15 | Diseases of the eye and adnexa 0.01% 1
16 | Diseases of the ear and mastoid process 0.01% 1
17 | Diseases of the respiratory system 0.01% 1
18 | Diseases of the genitourinary system 0.01% 1
eietY 100% 13,503

3.2 nMsiansazeadaya
FuannsinudeyaenskaznanisitadelsatignTuiinegludruiuiinvesunndly
= D ¢ = v o aou & & v =
nyszidyudiievedsmenuiagansal Feeyaeinsntuildlunuideilaziluteyadn
[ Y Y v < o ¥ | o o =
Junwidanguiintu wmindeyalduntwilngagsinisulantwdeyaneuiunly uazielse
Mhldezludelsanidndunndelsaieglugudeyavessidledfinu
nsviANLareInteya AENIINNTAAYTHIleunivoyalilanysalng wazdniay
= v | ] ¢ & a ] o 4 o &L 7 o
seilpundeyaludiuduiinvesunndduissiuinnsdanunenie Tuiiiia 31ntuagyiingg
wastoyalilumhegosvosntuvion neudndnszuiunisussaianadoyaneou
nmsUszinanatoyanau Wunsvilideyasglugluuuimunzandmsuinluldly

[ Y 1

NTASLUUTIABY F9zUsEnoulUMBTunauTRINISLANAT NSAnAlUEAY N1sAndIu

a 0§ v o a o A °o o w b o Ay v o o
w18 Mswaguamieglusunuunady waznisAntdionddAyanvnenaansinlaagdiunly
Juyadoyadou dmsvaiiwuuitasdudunaunisiieuivesuuiiast lnsdunouly

nsrUIUNITUsEIIaNatayanauainsauansla fagun 8




Dataset {—»

Tokenization

Stop words

|

Lemmatization

|

Feature selection

Training dataset
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Data mining is also known as data discovery and knowledge discovery

@ Tokenization

Data mining also known as data discovery and knowledge discovery
U
Data mining E| also known as data discovery and knowledge discovery
@ Stop words
Data mining known data discovery knowledge discovery
@ Lemmatization
Data mining know data discovery knowledge discovery

JUT 9 sUuaneiegnszuIunIsUsEINanateyanau

3.3 LINLADSUNLIN

(%
[

Tusddeiladsnimatanlglunisas19nmasiindnun 2 Wwada ¢ail

3.3.1 dsayian (Word2Vec)
1d o Y & s £24 v o v a o
Jumsudasdlndunnmes lagldndannisasunuuinassmeusunes
ueagAl FaAnAd1eiuIrNLanIRIgAIAaYARIeil [WuLAgINUNENNITUBY
lasadngyUszamiisawuuten  (Neural network feeder) Niin1si¥eusiafiuegig
wiuuy zilyadeyavresiinysdaszuaziinusmuniuduiudivuneideanis
viune tneinisuuslsslensenilumeos o uazas1sdnuIugueIRITUNINILTUIA

YoIA HI9E19ATBIANIU (“New”, “York”)

fvun 1 “New” Wusuwlsdasznsasuwls X way

T “York” Wusudsmuvsesauds Y aaadmangdnagyihue
dievimsteurin “New” aslululasang Aduaggniilusugunisiled
PuaansusulifeAminuuugl wasgnasitudugenduling wevinlinanis

Mungeanundusin “York” Taemadanidlunisusuinminlmvunzay Ao weile



22

=

10a34 (SGD: Stochastic Gradient Descent) \uwadialdiieanaileidunisaade

wannsenenenuanANMsagydovesmsiweadmunenaglasuaindiusun 39
o a Sy ° o < ° o Yo wu € so A

mnvidsiimednnuseuiiiieanslugunsilei ssililamdnivesanneimse

M3 NOAVRIAN TuNUANNMBSISTIALA

3.3.2 1n5w (GLOVE)
findnnsvinnuludnyaiierduidsayon ddudsaganazsdunisyiung
el o a o o oo ! < a 1%
LuuAIMN Tl USUNYRIA1InAmAiivue diulnsrasdunisseuianns
aSaunsndvesmninusiuiu lnanstududiusingues o Tuksasuiun

]
falal

Mlivuiaveauvisnganifivualuginnnaeidummsndnivuinvesdinsiiag

3.4 nMsafeaandsznn
v Y 'Y = aa € o
nndeyadenlainannyszideulunnuneeslsUang awnsaduunaainlszny
lovamun 287 Uszinn TnelinisnszaiedivestoyaluusazaainUszinniuansiany wu lu
vsanUssianilveyatiuium luvagnuraanUssianiuiiteyaiieausd 1 w3131 10
M Fegnadmalinsiweilannmseudiddnugas daulunuideidsinisiiuaain
Uszinniusnivd 1 8y dwsudeyaniduiuaindt 10 67 dude aanUssanlsndu q

L Y]

3.04.1 M5 MUNRAINUTELANLIANMBNYSILINVDISWElaTRLNU

£
v A A CY

aanUszandivuldlueuided fe sialedmmu dadusiaiiflaseads
LS UTY AiUsnousiefsnysuasiiiay Tnafusnvesstaasiusisnys
awdinge A 17 fegszufoiavedsatu q wazaudefiarfazssyi
eandendos o vedsaadly nedreddeidinnssuunaandssamanuiadns
usnupssaledimy axvinlildnainUsvianiiavun 18 Usvinm éfqgﬂﬁ' 10 1Juns

wisiansdnuudeyanilegluudazaainussian
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JUN 10 sUuansnsmluviskansduaudayarnulunsazaainysean

3.4.2 nMsikunaaInUszianlinmeaainlsndu o
= < Yo o 14 = ! a o =i
1n3UN 10 euledn Smnudeyannuluidazaainyszianddiuiudg
WANAN9ABUY1NN FavzdwranssnusionsiteyailvldlunmsSeuiivdniiieass

wuudnaes fetuiailunisudletgmifaziiedu uidedidlaviinisdaaain

Usztanidduiudeyarinin 10 feoen wazwWdsuaainuszinnmaiuy

Y
aanUssanignaneaniuauideld loun saledRmuniusumedisnys

B,E,F, H, 1 J, K L N uag R lnsusaziionusunumuiavivedsansil

- B wnu TseRndouazUsanuisiin

- E W lspveeneulsvie Tnwuinig Laslunueddy

- F unu 15An1939 WoRANTIN wazANuAnUNAREIfuN TR
NNTTUVUTEE M

- H WY 15A89IM LAY T 19LAL

- wnu lsAvasszuulraisuden

- unu lsAvesszuumela

- K WU 1SAY89STUVERER1NT

- L i TsavesiavidauazidotioldRams
- N W 19ATDITEUURUNUG
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3.4.3 HASNSN1SIUNUSLLANLSA

Aa o

Lmammnmummﬂﬂsvmwummwauammw 10 AegaaInUsenn
“Other” wan fﬂwﬂﬁlmmmuamszsmwwmmumﬂsﬁummfﬂsmmwnu 233
UszLnn nlunaulsnidaainUseinnianua 287 Uszian setuaztiiulalnilsa

ianue 54 15p NgnanegluaainUssny “Other”

3.5 N15ad1NMasUIMInITWIZdIMSUNUIENanT1SItaRe A
A v ¢ 5 o av v acs ] ¢ 5 o av v
Wewnmisldnnmesuminalaanisagunuazingn Wunnwesdmidniilaun

o o 1 & o Y 1 g o av v Y Aas [
"\]’]ﬂll'?ﬂ'leLllLQW’]%L?]’]%?]QVIWQﬂWiLLWV]EI mﬂ[,umu’muﬂwlmmﬂﬂ’lﬂﬁmim{]nmmﬂm%lm%@

o [

Lifnedwmiunsiluldlunisadiswuudnaesmsiseuiigadniieriuienanisitiad else

setiulunuiteiiRalaastannmesinrindnngdnsuldlunisidadelsaiuundn 1 nwas

L‘WE]‘LJ’]LE]'WL’JﬂL@Qi%iﬂﬂiﬂi%ﬂﬂéﬂllL’JﬂLW@i‘IJ’WTUﬂ“U@ﬂL '%WI(]L’Jﬂ‘VﬁEJIﬂiW LL@“UWL’JﬂL@QiNﬁﬂm

a =

mléflﬂiﬁzjLﬂumwuﬂiumiﬂammmLLuumaaamiLiamma

3.6 N3EFIUUUTIRDY
o a o = v 6 a L4 v 0 - o
wuudnasaduihweldunadnsainnisinseigadeyalagiu weldlunisiune
Uszandegvesteyaluouian lnsuvuitasadsinneiinainnisinvilesdeyaiuy
Fuunuszinn (Classification) Faulunswusoyasanilungy 9 muaainUszaniingu
dramth lagfmdwunyssanifeniunly laun duldindy nsSeuiivg dunesainmes

WUTU 1ATIV8UTTEMALN aENNSaNnRELUULaIARAN

a

Tuauddod n1sadrswuuInaesdnsuituisnan1ndelse Sandun1svinmiies

[

Toyafiinaansidunuuitasadviniung tnedeyanimldlunisadrsuuudiaesazdeniy
v =i ! = < v o ¥ 3 !
TayannIuAaaInUseiam (label) Fazidudimvuauseinvvesdoyaiy 9 lagaaain

Y

Ussinildlusidetifetelsansesialedfinu ddeyamianldlutunsunisiiouives

wuuiaesheteyatudiuduiinveswunmdnlaainlsimeiua
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Input

233 Hidden layer
29 29

Output

» . Prediction

Soft max
Relu

Relu

JUT 11 sUuandlaseaisveawuudnaeens3daduuuuuansi1aiiedn

d‘ b4 o Q‘ ¥ 3 L4 1 s
NFUN 11 Msadisiuuinaesassunnsulasdeyaniunlvedlusianines

° ¢l 1 a v A Y ° v a a Y a =
LLag‘lﬂL']ﬂLWEﬁ‘V]VLgTLUN’IUﬂigU’JUﬂqﬁLiﬁJungaﬁiqﬂLLUU"i]']aENIWEJIGULWﬁ‘Uﬂﬂ']ﬁlﬁﬁluzlﬂjﬁaﬂ LN

TUABUNNTITBUTIENLUTENOUMETUNSISBUITIMLA 3 T laun Fudeyaindn (Input

[ ]

layer) Futouda (Hidden layer) wazdutonadsonn (Output layer) lnadusoudiag

Y

Usznaumetugoy o vauue 3 91 gl

fugondl 1 Usznaudelnuadeud (Hidden node) 29 Tvun Tasiladdunszdu
(Activation function) 714 fie vheladuuily (Rectified linear unit)

Fugend 2 Usznoudelvundoudn 233 Inua Tasiladdunszsu (Activation
function) M4 Ae miserBaiduudly (Rectified linear unit)

fugesil 3 Usznausaslnundous 233 Inun Tnsflsifunsedu (Activation

function) 171‘1%/ Ao waNALUNG (Softmax)

nszulunsAldlutugoud agldnisAruinAialnayLldedoundu (Back

propagation loss) kuuATeaLeUlnsULUTA (Categorical cross-entropy)

AN5199 2 ANTILERITURDUNITASILUUINADINTILIRYLUULANAILTIAN

Layer (type) Output Shape Param #

embedding 5 (Embedding) (None, 13503, 100) 3515600

dropout_7 (Dropout) (None, 13503, 100) 0

flatten_5 (Flatten) (None, 1350300) 0

dense 8 (Dense) (None, 29) 39158729




dropout_8 (Dropout) (None, 29) 0
dense 9 (Dense) (None, 233) 6990
dropout_9 (Dropout) (None, 233) 0
dense 10 (Dense) (None, 233) 54522
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NI 2 wansliiuinnisasauuIIassusenaulusie 5 TunauTianun et

fumouil 1 Feyamstidnfudumilasauin (13503,100) fnnsifimes
U 3,515,600 § ﬁasgﬂﬁwmmuﬂﬁﬁmumﬁmﬁﬂimal%ﬁwﬁlﬁmﬂﬁ%m
MINUIBLNT

fupoudl 2 vhnnsdudeyasen (Drop  out) 50%  LileanAumefiiu
(Overfitting)

Funoudl 3 yinsUUL (Flatten) TRvosdeyanaesdflivdeonddia
funoud 4 Fogamstindhfulnuamelututeusinindeuseuwuuis
(Fully connected) Tngagsilinmsifiinesiemun 39,158,729 & Geazil
miLLUaﬁa;ﬁaiu%u’u%agaﬁwLsz’f’mﬂ (None, 1350300) 1Ju (None, 29)
Tunoud 5 vhnsdudeyanon 50% iileanarumefifu

funoud 6 Fogamatndrfulmuamelututeusinindeurefuwuuinds
TngagsiliAamsiimesianan 6,990 # aaziimaudasdoyalutudoush
Aaunnan (None, 29) Wi (None, 233)

Funoud 7 vhnsdudeyanon 50% iileanarumefifu

funoud 8 Foyamstndrfulnuamelusuteusinindeuresuwuuinds
(Fully connected) Ingazsiliinmsifiesioan 54,522 6 Geaviing

wlastoyalutugeausinountinain (None, 233) vJu (None, 233)

3.7 15998 N 1Y IUN1SNAIUILUUIIADY

1.

¢ & 'Y a a
F1SALISNIBLUNITHAIUILAT D951

LASDIABUNILADSALTLUNITHAIUN
- wdegUszanana AUST 1.6 AnglEsy duwa Assle 5
- deANIn 16 Anglud

- g1ieRan Aug 256 Anglud
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2. gavduasildlunsiaunasedle
TWsunsudmsupiosnaufiomes
- szuuUuRnsuualeled Lastu 10.13.3
- LADSIUA ANIU 1IBSTU 17.4.0
M msuiaueseslolunsadauusans
- awnluneu estu 2.7
Taus3dmsuimunadediolunsassuuusians
- laussiduneadia (NLTK)
- lausaufiandondu (matplotlib)
- lausnagenia (logging)
- lausAununia (pandas)
- lausratuln (numpy)
- lausianand (keras)
- laussloAndsy (Scikit-learn)

lausSwdnud

[

- laussadduns

laussieaiidy

- laus3taseauinisn
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Ui 4

ANSNAFIULASDIUD BaTNI5BAUIIY

4.1 N15USSRUUSLANSNINVR9D anas NN Y luNI58519UUI1a0 9

a [

A5IAUSLANTAINLUUINEDY FLANUIUINNAIAUILT AINISTLANLA LAZAIAINY

wiuveakuudiaey lagldduiinnianisunndvesitisunduyadeyanadeu iensiadey

'
o

ANugnAadtun1siueveIwuuIIaes Juiinnianisunndniunldazdsenauaiedoyad

[
€ o o 1

Junwlngdumwdinguuardnvsgenianisunnd sauneuieyaunldazdenidoya

TUrunsUszananadeyanaudufgliulutunsunisasiswuuinass ieudadvideyast

Y

Tugvuvuiimngaudmsuihuldidugadeyavagey

A153AUSEEANTAINLUUINBBIILLSUAINNITAS19ABURNITULLNT NG (confusion

[

matrix) W79 2 x 2 Fadumnuuinsanisiuuainduiuuaeduluazvinduiua

'
a

Uszunn famsndl 3 Sadeyaieglupedudandulsainniegluyndoyaaeu drudeyaiot
Tusarvzilulszaniinuuiiassiungle
sl v

AITNT 3 MSILERIABUTIITUINS N NTRLal 2 Useian

Y

%Iiﬂﬁgﬂé’m %aiﬁﬂﬁhjgﬂﬁm

LUUSaeLEnsiolsa TP FP
(nedNSTignFoa) (HadNETAUAIR)

wuusaedliuansdelsa FN ™
(nadnsTmel) (HadWSTignday)

NA15197 3 Usznaudeesing 9 i

- WAUIN33 (True Positive w3 TP) Ao ﬂigﬁﬁé’ﬂaEJLﬂuisﬂLLé’aLLUUﬁﬂaaaﬁmw
Tdulsa

- WU (False Positive w3e FP) fie nsdlfigiheladidulsauduuusiany
vieindulse

- waaua3e (True Negative w3e TN) Ao nsdifidUaeldifulsaudrwuusians

Y

Wuneldidulse
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- wWaauwa (False Negative #sa FN) Ao nsalfigureidulsaunnuusiansyiune

Y
Flidulsn
FauUT1aeNduszansnm AITHAIHNAUINITATNAAUITIG! HAUINWIILAZNAAY

a

LARA
) A P

PAINAS AT NADUTITULUNS NBLAIVLAUITAANUIUAINITTU ANSADAR AN

wagANANgNABITIN IeanAeglunsreuilduwming augnsaall

1. A1AMUgY aunsaflaan

Precision = True Positive

True Positive + False Positive

Arpnuisadudnsidiuseninednintelsafiiierdosuazgnuaninaniy
(3 - = o 2 & Y ! o [ -
uudelsanignuanNanavin feAntaguanslmiuinuuinasaunsavinungde
lsalaegrsiugrundosiiisals lnsuuudnasinanisia1Aiuiesias naife
LuUTaeIinuanstelsanliineitedilosian

2. ansseantd aunsamuwinlaan

Recall = True Positive

True Positive + False Negative

AnssEanladudnsidiuseninndunudelsaiineitaawazgnuananany
FuuTelsAAeITewIvNA FeAdazLandlmAiuIUUIIa9aINNsaiNuneTalsa

= v o =~ ° o a = v va = =
gndetlaunnideeiiieda lnsuuudtaesnialsienissednlaiigs na1arenndelsa

Y

A ° v 2 A A a %
V]LLUU"UW@@QLLﬁ@QNa@@ﬂqu@flLUU%@IiﬂWLﬂU?“U@Q

3. A1AIULAY @13150AULARN

Accuracy = True Positive + True Negative

True Positive + True Negative + False Positive + False Negative

i & o S A o v o & = d' a'
ﬂ']ﬂ’(]']ilLLNULUUQWU?U%@I?@WMWUWEJQﬂG]@\TVNWiJ@ WQIUﬂimT@Q%@I?ﬂ‘W

= o = oA %
WNetesuazdelsaliineites
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Walarauiies A1N133zanls wazA1ANLLLTRILAaztBlIALad F8Un
Awmarivewnlsaunsinfuiienanade agldisnismeanadevuinian (Micro-
average) ivuAly L unuAtadsvuIadn way C unudiuiulssianmiodiuaulsn

faaunIsa Ul
1. ANRAYVUIAENYBIAIANTILS dnansaruialaann

Icl
L TP;

Precisiont* T a— [22]
X2, (TPi+FPy)
' A < ' = ¥ ° v
2. ANRAYIUIAENYBIAINITSEANLS aunsaAwInlAann
[N
Recallt = —mt—— [22]
Zi=1(TPi+FNi)
3. ANRAYVUIALANYDIAIAIULIY a1unsaruldlaan
IigllTPi-FTNi
Accuracy®* = = [22]

2SIl (TP +TN+FP+FN))

nsiauszansamlunmsvinegvesiuuinges azideyasinisiegluduiin

mansunndvesiieindeulviuiuudnaes Wielvuuudiassinisussinanaiay

'
o A

uedelsaandeyasinisndeutiun ntuasihvelsanuuudassiiunglaun
Wguiunan1sitadelsaluduiinnianisunmd iefmuInmIAIAIUNg: AT

SEANLS LATANAINLLLUYDILUUITIAD
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4.2 pan15UssiuUsEansSnInvesdanasnuntglun1sas1awuuIany
Ju

Tunuifeillineasaiawuudtaedasldnsseuiiddnduiuvate 9 weda

I3l Bsann udddmsiseusidadniiesegiafeilunsadiawuudness i naqwsi

TaanusiazkuudnaasuUseuiisunu

4.2.1 wuudnaeinsseuiddnilulaldmesinnistled
HadnSvouuItaesainieannstiimalian1siseusidedniiieseg1ame?

anansauanslafangIni 1 wagnsimiia 2
N3IN7 1 A5 MlkanAIANULiuYeIYaTalAdouLAzYnUaYanTIvEaU (Validating data) Tu

wuuaeensiseusitdnldlaldmetianistleen

® muwinvesynteyadeu

ANHLILYBIYATBYANTIVAOU
NNTINN 1 Aziudaenuuiuildanyadeyadeutaryndoyansiaaaud
A4 A

38ilAn

wWdlungeusey o wislugimds 4 Aanuutiuvesyndeyadauisuileineiiv
Nouwhiu 1 vhlvnwideinuhdunuasilunmsasuiuudaesiivangas As 50 soU
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NN 2 nuanIAIANNgLdsveIyateyadeuLarynteyanTIvdaululuuIaeINIg

Seuiednildlaldinaianisilei

25

15 _H_H_‘_\_‘_‘_‘—‘——-—-——_._,- -

as

® Anugayidveyaveyaaeu

ANUGRYLAEVDIYATBYANTITEABY

NN 2 AziurAnngadeilinngadeyaaeuiuuiliuanauios o
UM 9 Aanugyidsvesyateyadeusuiiain Tuvuenraugydenla
NYATaLanITIvaauliuIlUNziNTuSoy 9 iliewidednuiidwiuasilunis

° a &
FDULUUANADINLKUEEN A 50 59U
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4.2.2 wuunaeen1ssEusdaanaNmsldadmn 100 davedns
HadnsvosuuTaenlaanmslinsseudigadnsauiunislidrianin 100 46

2990057 @NU15aLEAILARINTING 3 agnIINA 4

N3N 3 NI MlLanIAIANNRINYBIYRTRYAdRULALYATRLANTIRERU UL UL IABINTSIS B

W9ANANASIIA1UINTA 100 TRvaalnsw

® AnuwiuvenveLAdaU
ANULILYBIYATBLANTIVAOU

NNTIN 3 AeiuTAmANwivnliangndeyadouazynioyansiaoull

wdlungeusey o udslutimds 9 ArauwiureaynteyadeusuilA1AInIale

WNBUWINAU 1 YMIAUAITNUI1UIUATIIUNNSADURUUINABILANNZEN AD 50 58U
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40

N3 4 nsmuansAugdevesyadeyadeunazyatoyansirdeulunuuinaeinig
SeusianannisidAnivin 100 dAvedingy

P
® Anugaydveyateyadeu

ANUGRYLAEUDIYATBYANTIVEHOU

NN 4 agmudiaugydeiildnngadeyaaeuiuuiliuanauios o

udsludavas q merugdevesyatayaaeuisuiaing Tuvagnanuagydenla

NYATaLanITIRaauliuIliNNziNAwS oy 9 iliwideidnuiidwiuasilunis
° - -
douLUUaRmIZaY fip 50 58U
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4.2.3 wuudnaeensseuiddnannsldauimvin 100 fveaisanin
HadnsvosuuTaenlaanmslinsseudigadnsauiunislidrianin 100 46

YoUITANIN AUTOUAAILAGINTING 5 Uazns M9 6

N3N 5 NI MLanIAIANNRILYEIYRTRNAdULALYATBYaNTIERU UL UUTIABINSIS IS

Wednanmsldanuvign 100 dRvedsanLan

® muwinvesyndeyadeu

ANULIUYDIYAUBYANTITEHOU
NN 5 AziudArnuuiuildanyadeyadeutaryndoyansiaaaudl
wdlungeusey o udslutimas 9 AranuwiureynteyadeusuilA1AInIale

WNBUWINAU 1 YMIAUAI8TNUI1UIUATIIUNNSADURUUINABILANNZEN AD 50 58U



N3 6 nTuansAtAugdeveIyadeyadeuLaryateyansIvdeuluLUUTIARINTS
SeusianannsidAnivmin 100 Tavesisanin

® mugaydeveyateyadeu

ANgIAYRIYATaYanTIRdeU

PN Sl a Ay v % = v 4'
1NN NN 6 "03Lﬁu’)qﬂqﬂjquiﬁmlﬁﬁml@f\nﬂﬁ@ﬂ@%aﬁ@um%u’ﬂumaﬂaﬂLﬁ@'ﬂ 9

udsludvas q menugdevesyatayaaeuisuiaing Tuvagnanuagydenla

NYATayanTIduiLWIlTNIiNTWSey 9 Mliwideinuitdiwiuasalunis
° - -
douLUUaRmNZEaY fip 50 58U
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4.3 pan15:US8UguUsLaNS N INUR99anaSNUN L TuN1SE319uUUa0Y

I
a o

o ~ aov X Py ° an v ¥ a I
wuuaesnlalunuideilasivianun 3 wuu loun wuudaesiilaainnislenisiseus

9N wuudasailaainnsiganinmdn 100 TAvalnsn wazkuUuINaeINntaaNnNnNIThAn
Wil 100 IAveadsayn lneletaadnsnlaannns 3 wuudiasaweuiieuiu aela

NAAWSAINTINGA 7 8 9 way 10

NSMA 7 NINUARINANTUTEUTBUAIALLILYDIYATBYaADUYDILUUTIABINY 3 WUY

® Lilgwedanisilem
Towmadalnsu

Tdwmadiadisayian

NN 7 aiiudndulfwesuuiaesiilaainnisidnisiseuiidedniiesedi

a PV ' a P I ¥ v aa ) v v 1) 1 =
Wwenlirauwiuainniign Wesndudulaiianudunaglaadilnayuuuudieuiniian
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N31917 8 NINUARINANITUSHUMEUAIANMULINYDIYATOLANTIVHBUVBILUUTIADINT 3
WUy

® Lildwedanisilem
Tdwmadialnsw

Igmaliaisayian

= @ 1y sy ° v v v = Yoo oo Y
NN 8 AziiudndulAwasuuaenliannisldnmsiseuiidednsiudunig
lgAimin 100 fRveadsayunlviainuutiuvesyateyansIvaeunign Mmenisaeu

Luud1aes 50 A9 issnndudulfeidnlnde 1 wse 100% wnfian AadiuldainAinu

¥
o =

wiulupnsan 4 dsiulunuifeiddsdenlyiznisafawuudnaedegldnisiseudidednsiuiu
9
Y

AstgAUNMTn 100 TRYeIISANLIN

M5NT 4 ANTIUARIAIAINLIUYBIYATDLANTIAABUVBIUUUTIABIT 3 WUU

N13E319UUUINAINTSITEUIITEN AAULLI
Luiltiwnatianisiled 81.67%
Tdmadialnsw 83.65%
Tgmaliaisayion 86.64%
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N33 9 NIINUARINANTHUTH U UAIAINGYLHEVDIYAT YA UVBIUUTIABING 3 LUU

® Lilgwedanisilem
Towmadalnsu

Tdwmadiaisayian

N7 9 ziudnduldsweswuudiaesiilannnisldnissoudidedniiiesedns

a 4 ]

a o dl' o, v Y Ae v v ! v PN A A v
L@ﬁ'ﬂiﬁﬂqﬂﬁqmquaﬁuaﬂméﬂﬂ Luaﬂf\]']ﬂL‘UULaUIﬂQV]Iﬂ\TLGU’]V']lq]lla'N"?ﬂEJlI']ﬂV]?j@Vﬁ@llﬂ']LGU']
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Sprain and strain involving cruciate ligament of knee
S83 41.83%

Derangement of meniscus due to old tear or injury
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Adhesive capsulitis of shoulder

M75 12.16%

Other diseases

0 2.17%
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Certain infectious and parasitic diseases: AO0-B99

Al7, A18, Ad6, Ab2,
A80, B18, B20, B37,

B47, Bo1

Neoplasms: C00-D49

C15, C16, C18, C20,
C22, C24, C34, C40,
C41, C43, Ca4, C47,
48, C49, C50, C53,
C61, C70, C73, C75,
Cre, C77, C78, C79,
82, C83, C84, C85,
C90, C91, C96, D16,
D17, D18, D21, D23,

D35, D36, D48

Diseases of the blood and blood-forming organs and certain

disorders involving the immune mechanism: D50-D89

D61, D64, D66, D68,

D75, D76

Endocrine, nutritional and metabolic diseases: EO0-E89

E11, E22, Ed6, E64,

E75, E78, E83, E87

Mental, Behavioral and Neurodevelopmental disorders: FO1-

F99

FO1, F80

Diseases of the nervous system: G00-G99

G03, G04, GO6, G20,
G31, G35, G47, G52,
G54, G56, G57, G58,

G62, GT71, G80, G81,
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G82, G83, G95, G96,

G97, G98

Diseases of the eye and adnexa: HO0-H59

H16, H26

Diseases of the ear and mastoid process: H60-H95

H81, H91

Diseases of the circulatory system: 100-199

105, 107, 110, 120,
121, 125, 133, 148,
150, 162, 163, 169,
170, 172, 174, 177,

180, 187, 189, 197

10

Diseases of the respiratory system: J00-J99

J18, J45, J96

11

Diseases of the digestive system: KOO-K95

K22, K56, K70, K80,

K81

12

Diseases of the skin and subcutaneous tissue: LO0-L99

L02, LO3, L0O4, LO8,
L50, L59, L60, L72,
L81, L89, L0, L91,

L92, L97, L98

13

Diseases of the musculoskeletal system and connective tissue:

MO00-M99

MO0, MO1, M02,
MO4, MO5, MO6,
MO7, M08, M10,
M11, M12, M13,
M14, M1A, M15,
M16, M17, M18,
M19, M20, M21,
M22, M23, M24,

M25, M26, M27,




51

nuIAnyLsa

svialadfmudidu

M30, M31, M32,
M33, M34, M35,
M36, M40, M41,
Md2, M43, M45,
Ma6, M47, M4sg,
Md9, M50, M51,
M53, M54, M60,
M61, M62, M63,
M65, M66, M67,
M70, M71, M72,
M75, M76, MTT,
M79, M80, M81,
M83, M84, M85,
M86, M87, M88,
M89, M90, M91,
M92, M93, M94,
M95, M96, M97,

M99

14

Diseases of the genitourinary system: NOO-N99

N18, N19, N31, N32

15

Congenital malformations, deformations and chromosomal

abnormalities: Q00-Q99

Q06, Q27, Q28,
Q65, Q66, Q67,
Q68, Q69, Q70,
Qr71,Qr2, Q74,
Qr6, QT77, QT78,

Q79, Q82, Q87

16

Symptoms, signs and abnormal clinical and laboratory findings,

not elsewhere classified: RO0-R99

R19, R22, R26, R60,

R94
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Injury, poisoning and certain other consequences of external

causes: S00-T88

500, 502, S04, S06,
S09, 512, 513, 514,
520, 522, 524, 525,
527, 529, 530, 532,
$33, 534, S35, S36,
537, 538, 539, 540,
541, 542, 543, 544,
545, 546, 548, S49,
S51, 552, S53, S54,
555, 556, 558, 560,
S61, 562, 563, 564,
S65, 566, S67, S68,
569, 570, 572, S73,
S76, 579, 580, S81,
582, 583, S84, S85,
586, S87, S88, S89,
591, 592, 593, 596,
S97, 598, S99, T14,
T23,T63, T79, T81,
T82, T84, T85, T86,

T87, 788

18

Factors influencing health status and contact with health

services: Z00-799

Z01, 203, 209, Z42,
747,748, 773, 788,

795, 796

33U

332
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import matplotlib

import matplotlib.pyplot as plt
import logging

import pandas as pd

import numpy as np

from numpy import random

import gensim

from sklearn.model selection import train test split

from sklearn.feature_extraction.text import CountVectorizer, TfidfVectorizer
from sklearn.metrics import accuracy_score, confusion_matrix
import matplotlib.pyplot as plt

import nltk

from nltk.corpus import stopwords

import re

from bsd import BeautifulSoup

from sklearn.naive_bayes import MultinomialNB

from sklearn.pipeline import Pipeline

from sklearn.feature_extraction.text import TfidfTransformer

from sklearn.metrics import precision_recall fscore support

from sklearn.model_selection import KFold

from keras import layers

import itertools

import os

os.environ["CUDA DEVICE_ORDER"] = "PCI_BUS ID" # see issue #152
os.environ['CUDA VISIBLE DEVICEST = -1’
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os.environ['TF_CPP_MIN LOG LEVEL'] = '2'
os.environ[KMP_DUPLICATE_LIB_ OK]="True'

df = pd.read_csv('MedicalRecord.csv')

df = dffpd.notnull(df['c_group)]

import matplotlib.pyplot as plt

import numpy as np

import pandas as pd

import os

os.environ["CUDA DEVICE _ORDER"] = "PCI BUS ID" # see issue #152
os.environ['CUDA VISIBLE DEVICEST = "-1'

import tensorflow as tf

from sklearn.preprocessing import LabelBinarizer, LabelEncoder
from sklearn.metrics import confusion_matrix

from sklearn.model_selection import train_test split

from tensorflow import keras

from keras.models import Sequential

from keras.layers import Dense, Activation, Dropout

from keras.preprocessing import text, sequence

from keras.callbacks import Callback, ModelCheckpoint

from keras import utils

from keras.optimizers import SGD

from keras.layers import Embedding

from keras.layers import LSTM,Conv1D,GlobalAveragePooling1D,Flatten

from keras.metrics import top_k categorical accuracy
REPLACE BY_SPACE_RE = re.compile(/O(N\N@,;])
BAD_SYMBOLS RE = re.compile(["0-9a-z #+ 1)

STOPWORDS = set(stopwords.words('english’))

def clean_text(text):
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nn

text: a string

return: modified initial string

text = BeautifulSoup(text, "xml").text # HTML decoding

text = text.lower() # lowercase text

text = REPLACE _BY SPACE RE.sub(' ', text) # replace REPLACE BY SPACE RE
symbols by space in text

text = BAD_SYMBOLS_RE.sub(", text) # delete symbols which are in
BAD SYMBOLS RE from text

text = ' "join(word for word in text.split() if word not in STOPWORDS) # delete
stopwors from text

return text

dfffull_text? = dff['full_text','diag_name']l.apply(lambda x: ".join(x), axis=1)
dfffull_text] = dff'full_text'l.apply(clean text)
train_size = int(len(df))

#train_posts = df['diag_namel.apply(clean_text)

train_posts = dfffull_text’]

max_words = len(df.full_text.unique())

tokenize = text.Tokenizer(num_words=max_words, char_level=False)
tokenize.fit_on_texts(train_posts) # only fit on train

X_train = tokenize.texts to matrix(train_posts,mode="tfidf")
batch_size = 50

epochs = 10

kf = KFold(n_splits=10, random_state=None, shuffle=True)

def top 7 accuracyly true, y pred):

return top_k categorical accuracy(y true, y pred, k=7)



#for train_index, test index in kf.split(x_train):
# Build the model
d={}
arr = ["L""I","E","K","R","B","J","N","F","H"]
for (i,v) in enumerate(df.c_group):
if len(list(filter(lambda x:x == v[:1],arr))) > O:

df.c_groupli] = "O

train_tags = dff'c_group']

encoder = LabelEncoder()

encoder fit(train_tags)

y_train = encoder.transform(train_tags)
num_classes = np.max(y_train) + 1

y_train = utils.to_categorical(y_train, num_classes)

X _train = x_train

Y train =y train

#X_train, X_test, Y_train, Y_test = train_test split(x_train, y_train, test_size=0.1)
plt.plot(df.c_group)

plt.show()

#train word vector

from keras.regularizers import 1

arr = list(tmap(lambda x:x[:1],df.c_group))
encoder = LabelEncoder()

encoder fit(arr)

arr = encoder.transform(arr)

class_len = np.max(arr) + 1

arr = utils.to_categorical(arr, class_len)
from sklearn.model selection import KFold

from numpy import zeros
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from numpy import asarray
max_length = 0
foriin X train:
if max_length < len(i):
max_length = len(i)
vocab_size = len(tokenize.word_index) + 1
kf = KFold(n_splits=10, random_state=None, shuffle=True)
word_index = tokenize.word index
MAX_NUM WORDS = 35155
EMBEDDING _DIM = 100
embeddings_index = {}
with open(os.path.join(", 'enwiki 20180420 100d.txt") as f:
for line in f:
values = line.split()
word = values[0]
try:
coefs = np.asarray(values[1:], dtype="float32')
embeddings_index[word] = coefs
except Valuekrror:

print(ValueError)

print('Found %s word vectors.' % len(embeddings_index))
# prepare embedding matrix
num_words = min(MAX_NUM_WORDS, len(word_index)) + 1
embedding_matrix = np.zeros((num_words, EMBEDDING_DIM))
for word, i in word_index.items():

if i > MAX_NUM_WORDS:

continue
embedding vector = embeddings_index.get(word)
if embedding vector is not None:

# words not found in embedding index will be all-zeros.



embedding matrix[i] = embedding vector

print(embedding_matrix)

from keras.layers import GRU

from keras.regularizers import (1

from sklearn.metrics import classification_report
from hyperopt import Trials, STATUS_OK, tpe
from hyperas import optim

from hyperas.distributions import choice, uniform

with tf.device(/gpu:0):
for train_index, test_index in kf.split(X_train):
model = Sequential()
model.add(Embedding(vocab size-1, 100,
input_length=max_length,weights=[embedding matrix],trainable=False))
model.add(Dropout(0.5))
model.add(Flatten())

model.add(Dense(int(hum_classes/8),activation="tanh",activity regularizer=11(0.001),
input_shape=(max_words,)))
model.add(layers.Dropout(0.5))
model.add(Dense(int(num _classes/1),activation="tanh"))
model.add(Dropout(0.5))
model.add(Dense(num_classes,activation="softmax’))
model.compile(loss='categorical_crossentropy’,
optimizer="adam",
metrics=['accuracy'])
checkpoint = ModelCheckpoint('best_ model word2vec.h5', verbose=1,
monitor='val_loss',save best only=True, mode="auto’)
# with tf.device(/gpu:0):

model.summary()
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history = model.fit(X_train[train_index], Y_train[train_index],
batch size=batch_size,
epochs=50,
verbose=1,
validation split=0.1,callbacks=[checkpoint])
score = model.evaluate(X_train[test index], Y_train[test index],
batch size=batch size)
print("Test accuracy:', score)
Y _pred = model.predict_classes(X_train[test_index])
test = utils.to_categorical(Y_pred, num classes)
report = classification_report(Y_train[test index],
test,target_names=sorted(df.c_group.unique()))
print(report)
break
print(history.history['acc'l)
print(history.history['val_acc'])
print(history.history['loss'])
print(history.history['val_loss'])

TWsunsudwdulduvusiasaiionisviauny
import matplotlib

import matplotlib.pyplot as plt

import logging

import pandas as pd

import numpy as np

from numpy import random

import gensim

import nltk

from sklearn.model_selection import train_test split
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from sklearn.feature extraction.text import CountVectorizer, TfidfVectorizer
from sklearn.metrics import accuracy score, confusion _matrix
import matplotlib.pyplot as plt

from nltk.corpus import stopwords

import re

from bsd import BeautifulSoup

from sklearn.naive_bayes import MultinomialNB

from sklearn.pipeline import Pipeline

from sklearn.feature extraction.text import TfidfTransformer
from sklearn.metrics import precision_recall fscore support
import itertools

import os

df = pd.read_csv('MedicalRecord.csv)

df = dffpd.notnull(dfl'c_group]]

import matplotlib.pyplot as plt

import numpy as np

import pandas as pd

import os

os.environ["CUDA DEVICE ORDER'] = "PCI BUS ID" # see issue #152
os.environ['CUDA VISIBLE DEVICEST] = '-1'
os.environ[KMP_DUPLICATE _LIB_OK'="True'

import tensorflow as tf

from sklearn.preprocessing import LabelBinarizer, LabelEncoder

from sklearn.metrics import confusion_matrix

from tensorflow import keras
from keras.models import Sequential
from keras.layers import Dense, Activation, Dropout

from keras.preprocessing import text, sequence
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from keras.callbacks import Callback, ModelCheckpoint
from keras import utils

from keras.engine.topology import Layer
REPLACE BY SPACE_RE = re.compile([/O\N\N@,;])
BAD SYMBOLS RE = re.compile(["0-9a-z #+ 1)
STOPWORDS = set(stopwords.words(‘english’))

def clean_text(text):

nn

text: a string

return: modified initial string

text = BeautifulSoup(text, "xml").text # HTML decoding

text = text.lower() # lowercase text

text = REPLACE_BY SPACE RE.sub(' ', text) # replace REPLACE BY SPACE RE
symbols by space in text

text = BAD_SYMBOLS RE.sub(", text) # delete symbols which are in
BAD_SYMBOLS RE from text

text = ' "join(word for word in text.split() if word not in STOPWORDS) # delete
stopwors from text

return text
dfffull_text] = dfffull_text'].apply(clean_text)
dfffull_text? = dff['full_text','diag_name']l.apply(lambda x: ".join(x), axis=1)
df = dffpd.notnull(dfl'c_groupD]
dff'diag] = df[['c_group','diag_nameTl.apply(lambda x: "'"join(x), axis=1)
train_size = int(len(df))
train_posts = dfffull_text'[:train_size]
max_words = len(df.full_text.unique())
tokenize = text.Tokenizer(num_words=max_words, char_level=False)

tokenize fit_on_texts(train_posts) # only fit on train



min = int(0*len(df['full_text']))

max = int(1*len(dff'full_textT))

#train_posts = dff'full_text'][0]

train_posts = ["feeling of pain at knee"]

X_train = tokenize.texts to matrix(train_posts,mode="tfidf")

x_test = x_train[:]

from keras.models import load model
from IPython.display import SVG
from keras.utils.vis_utils import model to dot
arr = [
arr = ["L""I","E","K","R","B","J","N","F","H"]
for (i,v) in enumerate(df.c_group):
if len(list(filter(lambda x:x == v[:1],arr))) > 0:
df.c_groupli] = "O"
model = load_model('best_ model word2vec.h5')
y_pred = model.predict_classes(x_test)
#printly _pred)
from heapq import nlargest

y_pred = list(map(lambda x: sorted(df.c_group.unique()[x], y_pred))

sum =0
index = 0
result =[]

for (i,v) in enumerate(model.predict_proba(x_test)):
arr =]
for j in nlargest(7, enumerate(v),key=lambda x: x[1]):
arr.append(j)
result.append(arr)
#print(result)
y_actual = df.c_group[min:max]

x =[]
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y =10
for (i,v) in enumerately pred):
for j in result[0]:
if (jI0] == 124):
print("Other diseases")

else:
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print(dfldfl'c_group'l.str.match(sorted(df.c_group.unique()[jl01DI['diag_name'].tolist()[0])

print(sorted(df.c_group.unique())[j[0]],str(round(j[1]*100,2))+"%")
x.append(sorted(df.c_group.unique())jl01])

y.append(round(j[1]*¥100,2))

print(y)
print(y)
s=0
forviny:

S+=V
y.append(100-s)
x.append("Not in top 7th list")
print(y)
import matplotlib
import matplotlib.pyplot as plt
import numpy as np
f, ax = plt.subplots(1,figsize=(20,10))
lineWidth = 2
n = np.arange(len(y))
ax.plot(x,y,linewidth=lineWidth)
ax.set_ylim(bottom=0)

plt.show(f)
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Chronic osteomyelitis U
spondylolithiasis 5 Y 21ngURwe Lavin
Laminectomy with instrument 3 ﬂ%zd fail
surgery Ng311 F/U enutda F/U Film wu
LS-spine : Osteolytic lesion at L4 with
separated R/O Osteomyelitis then ->
admit for debridement and fusion at L3-4
admit 1/11/47 14 Ortho 164 Antibiotic
11 Clinda wag Set Or for explore wound
+ debridement at 18/11/47 -> 1% clinda
until 29/11/47 Culture found Staphylo.
coagulase negative 331§ consult Med
(infectious) Waew Antibiotic 1u
vancomycin §io11 8/12/47 Ste OR for
explore wound with debridement 16
fluid 7 anterior iliac crest wa culture :
bacteroides fragilis 23/12/47 ¢ty
Stuporous + dyspnea + BP drop -> Ainds
Septic shock #1611 Med on Levophed
Tuftheneianisammerainnn 1.
Instruemnt infection 2.CNS infection ->
LP cell 160 (N90%) 3.0ther source 161
start ATB : Meropenem + Vancomycin it
14 25/11/47 1fn generalized MP rash off

Meropenem switch 11 Moxifloxacin unu

' P
a =

26/12/47 clinical 13uAUU consciousness
29-30/12/47 clinical #u $ind U feed
18 Hemo culture negative 2. Acute Renal
Failure #idgyn1 Acute renal failure
23/12/47 + severe aicdosis +
hyperkalemia then §1&141 ICU 2 on CVWH
-> OK off CWH lélutudt 29/21/47
30/12/47 on hemodialysis % 3.
Convulsion 23/12/47 & convulsion ane
a%a > on Valium IV + Dialntin -> not
improve add Phenobarbe -> WJqu‘fﬂ fini
@8 convulsion 370 1. severe acidosis

2. R/O CNS infeciton 3. Uremia Wagifia

Chronic osteomyelitis is a
spondylolithiasis 5 years after the
accident. Laminectomy with
instrument 3 times failed after surgery
Follow up F / U Film found LS-spine:
Osteolytic lesion at L4 with separated
R / O Osteomyelitis then -> admit for
debridement and fusion at L3-4 admit
1/11/47 Ortho has given Antibiotic to
Clinda and Set Or for explore wound +
debridement at 18/11/47 -> to clinda
until 29/11/47 Culture found Staphylo.
coagulase negative Consult Med
(infectious) Change of Antibiotic to
vancomycin. 8/12/47 Ste. OR for
explore wound with debridement.
Fluid in the anterior iliac crest. culture:
bacteroides fragilis 23/12/47 Stuporous
patients + dyspnea + BP drop -> miss
Septic shock moves Med on Levophed
in this patient. Causes may be caused
by 1. Instruemnt infection 2.CNS
infection -> LP cell 160 (N90%) 3.Other
source has started ATB: Meropenem +
Vancomycin up to 25/11/47
Generalized MP rash off Meropenem
switch to Moxifloxacin 26/12/47
clinical Improved consciousness 29-30
/ 12/47 clinical Improved feed intake
Hemo culture negative 2. Acute Renal
Failure Acute renal failure 23/12/47 +
severe aicdosis + hyperkalemia Move
on to ICU 2 on CVVH -> OK off CVWH
on 29/21/47 30/12/47 on
hemodialysis. 3. Convulsion 23/12/47
has many convulsions -> on Valium IV
+ Dialntin -> not. improve add

Phenobarbe -> stop convulsions think

4/5
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infected instrument 1in septic shock 1¢
antibiotic : Moxifloxacin + Vancomycin
then switch to Fosfomycin + Teicoplanin
+ Fusidic acid 1asnw1l# inotrope quLiin
digital dry gangrene ysfasnssunugiili
58 autoamputation 1119 ortho lanAn
remove instrument findteaniile 27/1/48
ndeihdnennistae sty 1Aty wasdl
plan T3 Antibiotic asu 1 U Shwiuu
chronic osteomyelitis Wasugwdu

Ciprofloxacin, Fusidic acid, Rifampicin

convulsion cause of 1. severe acidosis
2. R/ O CNS infeciton 3. Uremia An
infected instrument septic shock
caused by antibiotic: Moxifloxacin +
Vancomycin then switch to
Fosfomycin + Teicoplanin + Fusidic
acid treatment has a digital dry
gangrene inotrope until the surgery is
recommended to wait. Remove the
instrument after 27/1/48 after surgery,
improve overall symptoms, improve
fever and have a plan to Antibiotic
complete one year treatment of
chronic osteomyelitis. Drug change

Ciprofloxacin, Fusidic acid, Rifampicin

M51 during admission ENT and psychiatric During admission ENT and psychiatric 5/5
consultations were done for sinusitis and | consultations were done for sinusitis
adjustment disorder and adjustment disorder

542 1/2 hr PTA nau sanewmeslen uauuandu 1/2 hr Prior to admits dropping 2/5
ity laifluvuen Uanduntuen nszandaile motorbike Right arm, no floor, no arm,
wagniiele Film ==> Spiral Fx Right pain, right arm, right wrist, right wrist
humerus with butterfly fragment and right hand. Film ==> Spiral

fracture Right humerus with butterfly
fragment

Mm87 anterior approach : intra-op difficult to anterior approach: intra-op difficult to 5/5
insert femoral stemp-> accidental tear insert femoral stem-> accidental tear
posterior capsule-> post op posterior capsule-> post op
immobilization for 2 wk before immobilization for 2 wk before
ambulation ambulation

M17 piriformis syndrome -> kenakot with piriformis syndrome -> kenakot with 5/5
xylocain injection -> improve xylocain injection -> improve

Q67 consult Pediatric: fix split S2 SEM at LUSB | Consult Pediatric: fix split S2 SEM at 5/5
plan ECHO -> OPD case 23/03/2548 LUSB plan ECHO -> OPD case
pulmonary function test: normal wait for | 23/03/2005 pulmonary function test:

MRI 22/03/2548 normal wait for MRI 22/03/2005

S72 Urine c/s [ 26/1] -- peudomonas Urine Cesarian section [26/1] - 5/5
aeruginosa -—-- ciprofloxacin [500] 1*2 peudomonas aeruginosa -----
bed sore at buttock ---- consult ciprofloxacin [500] 1 * 2 bed sore at
ostomy clinicc buttock --—- consult ostomy clinicc

M51 CT brain: old encephalomalacia at Brain CT: old encephalomalacia at 5/5
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anterior temporal lobe plan wait for

MRI-> F/U OPD neuro med

anterior temporal lobe plan wait for

MRI-> Follow up OPD neuro med

M51 PAIHIAR é’{hEJa’lminzzﬂﬁ"ﬂﬁﬁ'uﬁﬁmm‘f}U After surgery, the patient can sit 2/5
WNa total drain 160 cc uwaR Ll immediately to cure the wound. Total
complication a9 drain 160 cc.

T84 No Underlying disease CC: Left knee Nobelium Underlying disease cc left 1/5
swelling with tender 1 wk PTAPI: 2 1/2 knee swelling with tender Footnote 1
mo PTA Dx Left OA Knee ==> Left HTO wk Prior to admits Pi: 2 1.2
a/11/47 1 1/2 mo PTA had Pin tract Molybdenum Prior to admits Dx left
infection C/S : Staph coag neg => sens Osteoarthritis Knee ==> left HTO
Clinda Admit 4/11/47 Footnote 1 1.2 Molybdenum
23/11/47 D/C 26/12/47 admit day Prior to admits had Pin tract infection
had swellingwith tender Left knee -------- Cesarian section : Staph coag neg =>

Hospital course : sens Clinda Admit 23/11/47

14/1/48 off External fixator 18/1/48 Discontinue 26/12/47 admit day had

Tapping Left knee ==> 20 ml Clear swellingwith tender left knee ------------

yellow well vecosity | s Hospital course :

C/S ==> No growth 1/2/48 Tapping 14/1/48 off External fixator 18/1/48

Left knee yellow turbid fluid 15 cc Tapping left knee ==> 20 ML Clear

Culture no growth yellow well vecosity Cesarian section
==> Nobelium Hussman Strategic
Growth 1/2/48 Tapping left knee
yellow turbid fluid 15 cc Culture
Nobelium growth

M51 MRI' L-S spine [24/1] - posterior disc MRI'L-S spine [24/1] - posterior disc 5/5
bulging L4/5, L5/S1, degenerative disc | bulging L4/ 5, L5/ S1, degenerative
L3/4,L4/5, L5/51 discL3/4,L4/5/L5/51

M51 RAINIFIR ;:Jﬂaﬂaﬂmm’qwﬁﬂﬁﬁuﬁﬁmaﬂm After surgery, the patient can sit up 5/5
uwa wad Lifl complication 1a ¢ total immediately, healing pain, ulcer,
drain 90 cc wounds well, no complication. Total

drain 90 cc
M23 History : 9 month PTA : MC rider history : 9 Production Month Prior to 2/5

accident, Left knee contact floor, pain at
left knee with swelling , after that the
swelling was resolved but loose knee,
abnormal gait, no pain and had swelled
on and off esp. walk so much PE: Not
pale, no icteric sclera. Heart : Normal
S1,52 , no murmur Left Knee :
Quadriceps power grade IV

Anterior Drawer sign Positive

admits : MC rider accident, left knee
Contact Us floor, pain AT left knee
with swelling , after that The. swelling
was resolved shoes loose knee,
abnormal gait, Nobelium pain Adnexa
had swelled ON Adnexa off esp. walk
SO much Physical examination : Not
pale, Nobelium icteric sclera. Heart :

Normal S1,52 , Nobelium murmur left
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Pivot shift test Positive

Varus, Valgus stress test Negative
Ballotement Positive Mc
Murrey's test Negative ----------—mmm-remmmmree-
—————————— OR for ACL Reconstruction
19/01/2548

Knee : Quadriceps power Grade IV.
Anterior Drawer sign Positive Pivot Shift
6 months order 10\% off Positive
Varus, Valgus stress 6 months order
10\% off Negative Ballotement Positive
mc Murrey's 6 months order 10\% off

Negative OR

for ACL Reconstruction 19/01/2548 ----

S34 119891NTUIANAINN 1 IHOUNSIINAN With back pain one month after falling 4/5
YouAUNRIUea YInnaai1iaen 2 99 while playing football. Back pain on
ndaduunads wusiliidauiiine the legs 2 times the numbness after
ﬂﬁmﬁmiﬁhﬁﬂ the foot is sometimes. Recommended

surgery, but patients refuse surgery.

Mm87 Underlying Aplastic anemia S/P BM Underlying Aplastic anemia Status post 5/5

Transplantation 6 yr at Klang Hospital --—- | BM Transplantation 6 yr AT Klang
CC: Both Hip Hospital

pain 2 yr Pl : 2 yr PTA Both hips pain, cc Both Hip pain 2 yr Pi: 2 yr Prior to
increase pain when walking PE : admits Both hips pain, Increase the
Right Left SLRT Pos chances for success pain when walking
Pos Rolling Pos Pos Physical examination : Align Right left
Thomas Pos Pos Hip SLRT POS POS Rolling POS POS
Ext 20 5 degrees Thomas POS POS Hip Ext 20 5 degrees
Hip Flex 100 90 Hip FLEX-radiation 100 90 degrees Hip
degrees Hip Int Rot 5 Int Scramble (Rot 13) 5 5 degrees Hip
5 degrees Hip Ext Rot 20 Ext Rot 20 15 degrees Hip Adduct 45
15 degrees Hip Adduct 45 45 degrees Hip Abduct 30 0 degrees
a5 degrees Hip Abduct 30 Film Both hip : AVN of both hips left
0 degrees Film Both hip : AVN of >> Align Right
both hips (Left >> Right) 27/01/2548 OR For Total Hip
—————————————————————— 27/01/2548 OR For Total | Replacement
Hip Replacement

T84 small bowel obstruction due to adhesion | Small bowel obstruction due to 5/5

band 1§ lysis adhesion band waliiosan
adhesion LNz a&ﬁﬂ Tu pelvic cavity 39
1% %1 small bowel resection and

anastomosis

adhesion band due to adhesion band,
but due to adhesion in deep pelvic
cavity, small bowel resection and

anastomosis
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