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PIYANEE KREADTICHAIWANIT : MEDICINE RECOMMENDATION FOR PHARMACISTS
AT DRUG STORES BASED ON DATA ANALYSIS OF CONDITIONAL KNOWLEDGE.
ADVISOR : ASSISTANCE PROFESSOR DR.SAPRANGSIT MRUETUSATORN, 100 PP.

The purpose of this research is to support pharmacists in giving information to
patients with medication recommender systems using the Rule-based and Gradient
boosting tree methods. The cases of the system consist of the patients taking
medication independently without doctors' diagnosis with household medicines to
relieve basic symptoms and the symptoms of patients that should receive real
treatment at hospitals. In addition, a technique such as machine learning has been
valuable for application in healthcare. Accordingly, this research starts with getting a
patient’s information such as symptoms, chronic diseases, drug allergies, and medicine
as some general questions that a pharmacist asks for understanding the patient’s
health condition and constructing databases by processing the medication knowledge.
Rules are extracted from pharmacy guidelines for filtering the Hospital Cases that are
out of the scope of the drugstore and the patient should receive medical care from a
specialist. Then the system would analyze the data for the medicine recommendation
and display it on the user interface. Lastly, we tested the performance of the system

by evaluating with accuracy, precision, recall, and F1 score, which are all satisfactory.
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2. Unsupenvised learning tunisiouduuvlififaeudsazdosindrdoya
lolHsEUUATINEBUMLUULKY (pattern) vasdoya Tnefidalisrunadnsiiaziindy
annsauuelendu
21 Clustering Wunsdnnauuesteyaniidnuamiioutuel ey
2.2 Non-clustering %38 Dimensionality reduction Wunisaniifves
Toyamenisusuanadinds 81 nsiden feature LannzAsiAsados vieaia feature
Tmiflanunsoasounquasiisiosmsléinniu llsidumsinngudoya
SR RNEETNIEERE PR AR algorithm Fail K-Means clustering LJuN13HUITBYA
ponidungudiunu k nquididnvaziiloudu
3. Reinforcement leaming Liun15130ufiftel sz uuiingAnssuniy
Toguszasriideanis
d1U75N15U94 Gradient boosting tree Hufunsaou model ﬁaﬂﬁagaﬁﬂﬂwmm
visoRanLARauIINA1TADY model Apuniuuugnldudidsinng prediction Saufutitelyt
IfwadnsNusiug1fgn lag Gradient boosting tree Tutlagiuaunsanseanldifunane
Usziny 817 XGBoost Uszgndlinainuaneisnsidieiulasniniiuamsalunis
training W84 decision trees ImalaﬂmﬁmmﬁﬂﬁﬁgﬁuL%wmﬂ’smmushgﬂﬁm (accuracy)
sufajutiunsannisuszainanandudoulunism split Aign du LightGBM 1w library
\iaBudmsunsvia eradient boosting lagajaiiiunisasna algorithm Y09n15UsTUIANATIT
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Usz@nsnn du CatBoost tuiudn library 484 gradient boosting M3jaitiuizoin1sannis
AANITaILUALL (prediction) 58131919 training F9ANNITALEAINTLUIUNTITYINIUYDY
T8N15904 Gradient boosting tree lasagun 2.2

Dataset

Test Train l Test

’ Prediction | ' Prediction i

Ensemble
=':' P Prediction
Eo'o'd (Strong Classifier)

JUN 2.2 ninN13991uYed Gradient boosting tree

MnamginstuilvnuiutesinstusenuuuindmiunisldanlugeyUszasd
Asnsfurildlusnuiseidsdaiinnsdenld3inisves Gradient boosting tree LUUSTIUAN
LﬁmmﬂLﬂumsﬁauiﬂ,wuﬁﬁaau (Supervised learning) fiaefaain15imun feature
dmdunsieuslaodidonauarannsnesuisiiuwewannistsnsldunvesnadns sauds
fnsSeuindeyaiiiewanteuntinfletnusuuginssuaunislviiussavsamandsty
FduiBnsfuaneaufigadivamided

2.3 91U NNYIVD9
nAlain1sna1ntaluls0199RANUI U I ULASIMATATS NS AT 19D9d MU

] <3
P

ASeludedy ludaudandunsuanstsnudsosug filanuiededndidedunisuuz
doyasimanzanvidludunnugiessn nsunmd wagiBn1suuy Decision tree W30 Rule-
based 817 sruusuziheAldlunissneilseiladmiulszneunisanaulaves clinic [23]
nsuuztheayulnsimunzauiulyviguaimvesiiisudas snefenisuszyndld
Ontology Modeling, Recommendation Rule Construction [8] Sz uukuzi1fad1fuLiie
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e UremswisEniunmsnuwmg [24] mssussuunsiivanadmsunsvinsyuugu
93AAYN3 [25] Feanunsouanslainisem 2.2

- awv A A v
1NN 2.2 @WQiWQﬁ?UQ’]U’Jf\]EJV]LﬂEJ'J‘UEN

Usznnalny Fo91uAdY 259 NITUIUNNT Uszansan
Aeatas 91U Y895N13
(Performance)
AshiALugtn | Construction of a | decision tree, | S¥UUa11150
Soensunmg | Non-Mutually knowledge | wuzthendildlu
Exclusive Decision | rules n133nwlsArala
Tree for 193U
Medication Usgnauny
Recommendation fndulaves
of Chronic Heart clinic [23]
Failure (Jumswuzih
Bhlarriaice
dmsugthelv
nazgUaeid
UsziAn15inen)
The Personalized | Ontology aunTauugUien | Precision =
Traditional Modeling, | aayulwsd 87.21%,
Medicine Recommend | lxNz@NAU Recall =
Recommendation | ation Rule Uaymavnnwes | 91.46%
System Using Construction | #U7eusiazsIg F-measure =
Ontology and 18] 1Junns 89.29%,
Rule Inference wugihenayulns | accuracy =
Approach dmsun1ssnw 80.65%

WUU 1 15AWaY
yanelsevuly)




15799 2.2 995 ETUNWIIEINEITRY (5iR)
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Usznnany Foa1uAdY %013 NTEUIUNIT Useansnw
\Aeadas 97U YDII5NT
(Performance)

An adaptive analytic pEATNI[ISVEAYY Precision =
doctor- hierarchy Sodduiionas | 61.25%,
recommender process AUIEmsIuve | Recall =
system (AHP), d19SUn1SNU 73.26%,

Machine- wnng [24] F-Measure =

learning (Junsuuzah | 65.45%

recommenda | 18Founnely

tion 919 ANZANAY

Collaborative | Us¥iReUae)

filtering,

Content-

based

filtering
A Combined Knowledge N1333UTLUUNTT | F-Measure =
Reasoning System | Based Iimanadmsu | 90.5%,
for Knowledge System, Rule | M3¥insyuugIu | Precision =
Based Network based aﬂﬁmmi [25] 90%, Recall =
Intrusion reasoning (Hunsuanddisa | 91%
Detection (RBR), case a‘ﬁlqﬂummfgﬂw

based wpiazleym)

reasoning

(CBR)

1nTe Iz nUITEULTagduaunsalusieyae iz auiu

gunmvesUigusiazs1e Ngrayulng v3e75lun1sSnyIsenue TN clinic Ay

° o v av vo U & a O =1 &
ﬂ']LLu%u’]‘SUENQL%ﬂ?sﬁqﬁy}VIVLﬂiU"\nﬂﬁgUULL‘UUN@@WSLWEJ?W]']UU I@ﬂiu@qUUQUUQgLﬂUﬂqi

Uszandldisnsuastiindse@nsansienisuanmadnivaig suiuu 819 n1skuzing1nny
PoyavagUie nsuuziinsidlden wagnisuusihemsensinuldendmsugUaend 2
91175 Wisdunsuusihendmsuindnslunisussmeinisvesitheeinisiiugiuinluly

Sun88n
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sEdgUazIsnIUNISIVY

3.1 AMNTIVBINTTUIUATTINY

Tumsiinseideyassdanudmuiouluileuuriinsdieedmiuindunsluiu
peeludrunisnisudoyauaznizasne model fuisuannissusmdaiigiuesdnug
31nN15UsEENAlY Web Scraping lngusenaumedayadassnanvese 1aalsseiateruly
nslde1 vieTsuazduuzihlunisldoniiodniunisdaivteyalieglusiuvy csv 7
annsaluldlunisiSeuives model waznsuupihvesszuuld dsanansnesutenmsy
yoenszvIunsheldRsgui 3.1

Model @Eﬁ%
° Eﬁ?;ﬂ | Gradient boosting tree |
l O + dayasnmis —_— Training i %
@ wusthen
FwdayasoAndus Training Data &
= asswWAfuUaoe Validation Data

Jondss=Sodamuiumstden ; il
SEuasiuu:thtumsiden :

4 L ] H
i Web . . : Prediction

. Scraping : :

:...' ey

mmnn-

50 S0%

:

EU 3 1 MNFILVDINTEUIUNITNNU (ﬂ"JUﬂ’liL@ﬁEJiJ‘ZJE]@JaLLa‘”ﬂ'ﬁﬁi’l\? model)

dwsudiunsvagounsruIunsinavlunmsutuiEuannsiniandunsiia
msezmmmamaLuaqmw,wEm'mW'imusuauammui%‘tumiﬂ91ﬂsaammﬂuﬂamaaa’miwmi
”me’mmﬂmsamuwmma Iﬂﬂﬂ’]ii}Lﬂi%‘WU@Maa’lﬂ’]iL‘UE’NGmLW@LL%QLW@UﬂaNa’lmi‘W
Foartin155nwIfilsaneuia uaﬂmaumammsﬂﬂmaammiwamuua’m%Lemz;i
nszUIUM Tl eiUsTnanaredeyaieuluuazsdauiiidrunliannnisnsendoya
91115 15AUTESE 819wl wazeilduszilaewnduns wielWsyuuiinisuugdiend
wuzauiuen1suarlsaUsEsia nienisureiudndunsle nieustanisusidu
UsEANBNINUBINTEUIUNTS Imammaaa%maiﬁﬁqgﬂﬁ 3.2
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dodarUos 9l
a
— Hospital
2 Case
AQNsa9aIMs
! ! ' QAsymptom1 || @ 00| pe——
1 Symptom 2 =
o \ J J Symptom 3
dJ Symptom 4 St icy
Y | 2:vmic
el Teate
=
— . ’% Symptom
nguamsAT e
davdudaniize sllacgy
@ Medicine
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donaﬂU:ﬂtwasu
MsSnuIRTsIWENUa

JUT 3.2 MMTINVDINTFUIUMTINNY (FIUNMITVAAOUTLU)

3.2 N15AANSBIINISLUBSAU

Database (Fact)

. Medicine
@:’-. Chronic
“  disease

Symptom +

8.

Gradient boosting

Training Data &
Validation Data
Rule-based

oy Iy .-l:

' Testing Data

=1L
@

=

i

SUT 3.3 AMNTINTBINTFUIUNMTIINUY (FIunsAansesenisilas)

91n3U7 3.3 azludiunisAnnsesenisilesiudadudiui 1 9990154
NSTUIUNMTYINNUNMUA 108a1115085U851888L88AYBINTEUIUNTT NTBNkARILARIFUN

3.4

< < v & v 1 v N [ = v
1. Wunisiudeyaiesiuainnisdnaiudeyavesgiiglaeiadunsiield
dmsuAnnseseInslunguiisiesiniiunisawiodthed miusnwlsmenuia

2. Wunisiideyaeinisilesiuuninnisimsigiuiouiisuiutoyanay
91N13914AH8 GPP (Good Pharmacy Practice) [15]
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3. WunisudufiounanisAnnsainguuate1n1siaistasunissneilu
15ang1una Feeguenimilovauingnuvess g liiunguns

a 3]

Personal Data

¥ Chronic disease
¥ symptom oty Data Analysis P
v drug allergy ) chronic - P
¥ medicine dissaze @ L-’TI_]T

n @g Symptom !'_'I_rr'_ “[

N — Drug I Hospital
S
/ b @s allsgy Case
= ==
patient e [emn =2 I

medicine chronic disease

£y
‘@' symptom

SUN 3.4 NSEUILARNTDILILADUBINIT IR

VaingueIn1snIueile GPP (Good Pharmacy Practice) [15] 7ildlunszuiunisnn
N59991N115: U899 UUTLNBUAILBINITAIN

1. a1nsReunfnefuszuumLauniela 819 Uiausiiumtieniiainigla
v Q’.’I =3 a a = al A LY} v @ a a
W, nelaguwasisy, nelasanilideanin (wheeze), i@uvizdiidonlu, WalatausIHAUNG,
lefnrenulunauuneilissedsioy 3-4 dUasi, lalwdeslensu (whooping cough)

2. 2amsteUnAnglNusTUUIIlaLkariaanden 817 UInAunrtnen, alashy
= A @ Y A a % =~ | a a v A < & '
157 30T SURnUNR, wausulila, wilsedeRaund, ntnie Wuauraieasa nely
HGRIN

3. 2INSHAUNGLAEINUTLUUNIGANEIMNS 819 NAUAIUIN, B I8UiaenUu,

a oA a =l I dy [ = 1 (v 1 1
99915edlidenUululsunannie duluuisesy, onldsusulsssiuiuaiegaaiselisanin
a8, N1sAdINUNaULeluYiR, SMWmdsswnvaes, Windnanuintaunilaglunsiu
a1696, MISTUABWUTUTINIINUNRLIN 18U VDITHARUTIDINN NOITHTUT

4. omsRaUnAneIiuy 819 Uaanun, dveamailvasenainy, yvuan Lild
gudes v3elaswdsslosasainund, Tedeudsuelinsivae wu visliausansedia
o

5. on1siaundiedfunn 819 suassaududinniuin anganguaslile, a1
1 viSoNeWAURAUNG 19U wosiunMdaw NediuasTaUTag

6. a1msiaUndesiussuuduiusuasniaiulaanis 819 Jaanelieen,
Jaaneidonuy, Jaanzwauds suiuainsulIaviay/aglnn/vag, Jaanswaudnsiunul
14, \Heneenanntesnasavdsuaieningss, dseaiauni (Usedmieu)
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7. 2IMSHAUNANIIUTEUUUTEAM 0191 UINATHETULTY, N5 YT080ULS

[ (%

AneTudundy war/vsoudelatrmilsvassnanie wiu wau w1 Tunti, NsuaAuAIn
AaUnAninduedredundy, nisualdde wiides Uinides dudes waldlaldaiuise

muauawaﬁmm%qLﬁmﬁanWQLﬁauwé’u, 8711590

8. onsfinUn@dug 879 lspfmilefifonnissuuse Wy aufintu wiedou
1714, Aeudesauduilld, odeutess, Fu, Liirag3dnen muzmi%’uifﬁmﬁu an @il
UARA AR, NUAARDE1AUNEY FrLdu

9. omsindesun e liwiaun Wnialug idenson [4unande Tsailowi

U1nios 8INSHWeN 81915 @15

3.3 M133ATIMUsEIIaNataNAd T UL

Database (Fact) | T
Gradient boosting
p— tree
information +
) caonie - = oo

b
Y
P i

dizcaze

otg Symptom Medicine Training Data &

Drug I Validation Data B
@2 allergy E:i C!’lramc Rule-based L
disease e . -

Madicine - : =

=) B ¥ =
o —

Rule

lation ‘Evaluation

JUN 3.5 MMTINVDINTLUIUNTTINNU (FUNTIATIZIUTZLIARR)

N3UT 3.5 asidudiunsruiumsiesgistananadeyaiitenusthenivanzay
Ry syidvesiiedadudud 2 YDINNTITBINTEUILMTI UL Tng
anansneSuieeazduaesnsyuIUN wienuandldnsgun 3.6

1. Wunswiseudeyad1miun1svia Training Data Wa Validation Data fen1s
aagudoyasn 913 waglsn Mnunasteyaesdrnuiiiaiidlasiidermgieglusuuuy
na1s CSV wisunsuiasteyalvnendmsuldlumsiiaseilszuiana

2. Wumsadudoyateuls (Rule) iileldlunisadha Model Tududnly nieu
YaN5EUIUNNS Training Data wa Validation Data Inevhnnsadredeuludmsulfssuusi
3Beudinnnd 300 Gouly

3. Junsads Model wuu Gradient boosting tree k@ Rule-based antoya
Tusrudeyauazdeyatiouly (Rule) filsvinnns Training Data Waw Validation Data (38u3os
187 1iodiAsIziUsEaANALUY Data Analytic dmiunisuuzindeyasiilmuizan
uanniludiudeyaiiianainiinnistszananaszgnindilulfifudeyadmsunis
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Training Data Tun15&519 Model Wuu Gradient boosting tree assinly Iieandafinnain
ALY IINTZUIUNITIATIENUTEUIANAN LU Az TUSEANS A NN g9y

2 (3
n . Errors

e e e e e e e e e
¥

i

|

Database (Fact) [ . = -
: Gradient boosting -

]

]

tree

Medicine i Training Data &

Personal Data | Validation Data

—1

.C—v;; ‘ Chronic b

disease
ﬁ Symptom + Li?ﬁ I‘

Rule

Modeling

U 3.6 NEUIUNTIATINUTEIRARATYA

Ingvauiavestoyaning lsauszdi e wieenildussdnitelddmsunis
Beus09 Model Usgnaudesenmsdeyasil

1. Uoyae1n1s 1M 61 9IN13

2. Joyalsauszdnia d1uu 17 1sa

3. doyaeniiut Sy 7 vin

4. deyaenilduszdn S1uou 14 wila

(57802188AYDI0INTLALLIAAUNITAUARAIIIUAIANUIN N)

W mTun15IAs1viUsERanauuy Data Analytic Yuazdesiinsidenld
\sesilelimanzay Tnoiadeafieffdenluni3vin Machine Leaming Tutlagtiu 814 Scikit
Learn, PyTorch, TensorFlow, Accors.Net, Microsoft Azure WHugu %ﬁluﬂﬁuaﬁﬂﬁlﬁlﬁaﬂw
\n3esilares Scikit Learn mUszgndlddmniunisiinsgiivszananalileainaiunsnsesdu
nslgnrwdmsunisaeulusunsulaainvate sauded library wag community atuayy
SN wleuse Algorithms 158 Features 7is835unnsvi Classification, Regression i
N15&3719 Model WuU Gradient boosting tree %38 Rule-based ¢
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3.4 N1SHUSUIYIMNRNIZEY

| Testing Data
Database (Fact) 1 ]
H Gradient boosting p—

tr
— 9 ? N Recommend
Information + . s 1
) Chronic ‘ - Meckcinn
dizease i
Jg Symgtom O Medicing Training Data & éQ Medicing
i ) Validation Data | e
e = Chronic SRR Rule-based it
& disease 3 é’ <
@ Madicine = [ e
3 Ay
- smpom - 0 mp | [2 ~ =)
Rule |

[ETERS-TETE L)

dl o 1 o lﬂ'
E‘LJ‘VI 3.7 AINFIUVDINTTUIUNITNNIY (AIUATITUZUIYINRNZELN)

93U 3.7 9gifudrunisuuziherimnzandadudiud 3 vesnmsinves
nIgvrUMTThain Tavanu1saesuisssasdeaesnszuaunsiugii wieuuansld
flaguil 3.8

1. funisihdeyaildainnisaeunidesfulaeindunsludinssuauns
AATERUTEIIANadmMIUNSWUEIN

2. unmswusihenlnunzaufuaudnuuzUszdnfvesiiig 81 la
Uszdda 81m15 waznsuienvesiiisusazneiiieliiadunsaiunsanuyinerdmiy
Usznaunsindulavesditsuaratuayunisujifulfegeiussansamm uonandendl
vhnsuugihazaseunailudunguenaiylsr i uiidusunutagtuvesssmalneiilo
T¥dmuusamennisvedlsavinluazaneuidssluaiusuusseslsa

Personal Data
{O) pata Analytic
information Recommend
) chranic Medicine
disease E s
Ogg Symptom Rule-based Gradient boosting _
tree Madicine
Drug L
alorgy [ E—
Medicine
Medicine 3 e *
(o] : (o)
— :

| medicine chronic disease symptom

SU1 3.8 nszuIunsuusihe g ay
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witlunsyuiumsuuzgnamnsaulsnsdidmsunsLusn s uIensing
annsauUansalawad

1. ﬂml,uzﬁflmﬁm%’uma‘iﬁ“'ﬁ 1 91M15 TensuuzthealUFunsuLELng
valdendemandvnsazdesimsuugthemaunuilovssimensliaenadesiudeyalsa
UszdniveeUae

S vaa

2. mMsuugied@usuNSIETE 2 8103 anTsuuzingluTunISwUEYINIS

al

viuldelinsatudoyalsauszddin oniud wieenildusyd

annszurunsuuzielutrssudlothiuansiogsvesnszurunisyaudield
suszuuiavsaluanunisaisaesianinissudeyaludoswiuluiidlétnnstudoyalsa
Uszsrsane Tsang (Gout), samsimuie Uande, Useianisuien NSAIDs, endildUszsde
UINTOALLU (naproxen) LﬁaLsﬁwﬂizmumﬁmawﬁﬂazmawa%’agaLLaxLLmﬁwmﬁmmzau
Tuidlatinsuuzth o1la33u (colchicine) Wudu Tnganuisauansiiognanss sz
Ieiwaguit 3.9

#11lAEPu (colchicine)

= I
m *  Tsauszana: lsaunin (Gout)
'-',- * g tate ‘
v UszdRnisuien: NSAIDs
& p#ldisEan: vimsanieu (naproxen)

-

JUN 3.9 fegansuuziien
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3.5 n1sUssLEUNE

Testing Data
Database (Fact) - -
i i Gradient boosting

- tree

i, v— D
M T ;*;’}E) & - )u%j
Ru

ég Symgrion L Medicine | Training Data & | Madici
| Validation Data | ‘ ) m
@m Cewy == Chronic SRR
3 allergy F ] & Madicing
L 1sease ; <
[E=) pecticine |

=—) BEowen + 50 w

Rule

p 0o — S E e S

SUT 3.10 MWTINVBINTLUIUNITINU (EunsUseiiiung)

Ty

Evaluation

911301 3.10 szidudrunsUsziiunaveanszurumsiadudiud 4 vesnmsy
YoInTEUILNIUTIEA mufldinisnandsunsunissiiunstuinisfnnsesuds
ounguvateInsiinaslésumstnuiilsmenuialudasiu ilevinsiiesegissinana
Foyarugrudeyaitivates o1l Heulvwazesdninud ilelvamisauuziheiivaizan
IiiuindunsdmsunishiteyaundUasls lagainn1suseiliunanisnaaoninisnis
fufiunsifedrsdussuvanunsofiazdansasernisludesduld saufsnisiingie
UszananateyadmivuugihenfimnzalunsatvayunsufoRauvesnduns fenis
Uszenaldn1sieseniuseaianaluy Data Analytic kagnis Training Data kag Validation
Data Wfio@319 Model wuu Gradient boosting tree Way Rule-based Wielwaiunsaan
foRanarnuazuuzinldosnausiudiivszansam venniidernsieudeuisnisues
niAdefiannsauuzihdoyasunsunmd e szuuuusholdlumssnulseiiladmsy
Usgnounssnaulaves clinic (23] miensuuzihenayulnsivsnzaufudapmaunimues
AUheudazsie [8] nuinszuudagdudsliaunsoantelinnalnueanszuiaun1siasiela
9nnsie1doyafiianainannisuszananaluyiinig Training Data dm3unisaiia
Model ifiglsfanansauugthdoyaldodneisyAnsnimannd i

Meanmsieuisulssansaiwnisiasizives gradient boosting UseLan
f199 AEnUIuAazIansTunsvaaesuutaseiuansneiurilierainanunainnaey
1AM IMAansaTeInduannauesdn Accuracy Mdsuldle Fatiuen Accuracy finname
Mnuidetiagiialisng 0.65 lunsUssiiuadosiu [22] Tasanansauansanfauusan
ﬂﬂiﬂizqﬂﬁ‘ﬁ' Confusion Matrix §9U52noUR28 True Positive (TP), True Negative (TN),
False Positive (FP) lkaz False Negative (FN) 598819015 @nd classification metrics i
Usgnaunl8Accuracy, Precision, Recall, F1 score Tagiduansa wUsAlddnsulsiiiu
UsyAvBnmaesnszuaumstazgnanisaunldsed
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Predicted
Negative (N) Positive (P)
- -

N i False Positi FP
egative True Negative (TN) alse Positive (FP)

- Type | Error

Actual
Positive False Negative (FN) True Positive (TP)
+ Type Il Error

'gﬂﬁ 3.11 1579 Confusion Matrix [26]

1. Accuracy Wudranugndesilaunarinneldgniemsaiuaaniiniuaswen

NINUA [9]

_ oo
Accuracy = (1)

Tp+Tn+Fp+Fh

v
=< a 1

. . [ 1 1 o o [ £ v a aa ol
2. Precision \umanuiugnlunariunggnaewmssivdaiiiniuasaiend
LAavIUNENIAERAG NSURNARTUITIWRINAUANITAN [9]

T

(2)

Precision =
Tp+Fp

< '

3. Recall tUuA1Aula (Sensitivity) Nlutnaviiuieniaidugnaeainluing
Winnegnuaziniudiintudussidmsunguifiansan [9]

Tp
Recall = (3)
Tp+Fn

4. F1 Score 1Wun1511A1 Precision Wag Recall 41%1AL2A8ULUY harmonic
mean TieLdy single metric dusunisinmnuainsavedluaa [9]

(@)

PrecisionxRecall
Flscore = 2x | —————

Precision+Recall
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Aeduleiianuuaafans
T, (True Positive) : luteyanviunegndewssiutoyassedaiuany

T, (True Negative) : ihudoyaiiiunegniowmssiudoyatistseglunguilals
W

F, (False Positive) : udeyaiinngligndesiuvtoyasssdeglunguiifiansan

F., (False Negative) : ludioyaivinunglaignsiesiudoyasstsoglunguitlails
WS

wanIntdsausaaguinsesiienthuiussandldieativayulunssuiuniseieg
dvfumsiugdieivangaulanannsan 3.1

M9 3.1 MeseagUmsUssndlfiaiesile
NITUIUNIS nsUszgndldialasile
nsAnnsoseMTLie i - python-pdfbox Lﬁa‘[,%lummﬂaqajﬁa GPP Saliu
POF Tilugunmuinana jpg
- pytesseract (tesseract ocr) Tlunshsannuan
sunmilvieensnidudonnuunuana txt ielvile
JayaosdmsudnnsasassianUle
nynseiUsvinanateua | BeautifulSoup dwsuldlunisvin Web Scraping e
fo31991n website wataawzauidoansfiulily
sULUU textfile (wana txt) uiteldifudoyalumsisous

299 model
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NAANSNISALUIIUIY

nszdsunariinisdniunuidedmiunsuiafoungueinisidesdesiotiie
$nwniilsaneiuia n13adis model dmfunisiiasisvivszananatoya waznszuIUNTT
wuzthenfiangan luunidumsuansdssadndanmavaaouszuulunsdeine fanuide
dmunlusunsundnuagarunansnadie python lnnisuansuaazUszgndld web
framework 738031 Flask Tudu render template d1m3un1suanini website 71y
uwana html 9ninanes template wionAuMsAsAFYTITY context (Bn3) viedll#a
nsafremiinansus 3 daudimusessunsruiunisdansasernaidesiunay nsiinse
UszananadmiunisiuzdienUsznouse daudanseseimadesiu dauuansaadiniungy
fifosdeediae uavdiudmiunsondoyainis lsauszdin oriud erilduszuieldly
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Scenario Tp n Fp Fn | Accuracy | Precision Recall F1 score
Scenario 1 | 176 | 323 53 29 0.86 0.77 0.86 0.80
Scenario 2 176 323 53 29 0.86 0.77 0.86 0.80
Scenario 3 | 176 | 323 53 29 0.86 0.77 0.86 0.80
ﬁ'lLQgEJ 176 | 323 53 29 0.86 0.77 0.86 0.80

210015199 4.1 10un15uanaAl Confusion Matrix 1aga1u150LaAIALAR8UD

Useansamnisvinauvesssuulaeatl

1. N accuracy rate agUsEU 86%
2. A1 precision rate gUTEAN 77%

3. a1 recall rate agj‘ﬁﬂizmm 86%

4. ¢ F1 score agfiuszanal 80%
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dmsunswseuteyalumaliaseriussiianadalannnissiuniudeyasnanug
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31N website Usgnaumedayaainis 31U 61 81015 Teyalsauszdnf 9w 17 lsa

Toyaeui 31w 7 viln Jeyaenltusedn S 14 vila Sulinsddmiunisteuives

model M191UA 358 N5 Inga1N150a5 U8 lARINIeS197 .1

M1957°97 2.1 Teyadmiumsinsgiszuiana

Symptom Medicine Allergic Disease Output
Dyspepsia Sodiumbicarbo | NA NA sodiumbicarbo
nate nate
Fever Paracetamol NA NA Paracetamol
Fever NA NA kidneyfailure | Ibuprofen
Fever NA NA Cirrhosis Ibuprofen
fever NA Ibuprofen NA Paracetamol
fever NA Paracetamol | NA Ibuprofen
fever NA NA flu Paracetamol
fever NA NA chickenpox | Paracetamol
fever Ibuprofen NA NA lbuprofen
Allergicrhinitis NA NA NA Cetirizine
Allergicrhinitis Cetirizine NA NA Cetirizine
Allergicrhinitis NA NA kidneyfailure | D_Cetirizine
Allergicrhinitis NA NA Cirrhosis D_Cetirizine
Hayfever Cetirizine NA NA Cetirizine
Hayfever NA Chlorphenira | NA Cetirizine
mine
Hayfever NA Chlorphenira | kidneyfailure | D_Cetirizine
mine
Hayfever NA Chlorphenira | Cirrhosis D_Cetirizine
mine
Urticaria NA NA NA Cetirizine
Urticaria Cetirizine NA NA Cetirizine
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Urticaria NA NA kidneyfailure | D_Cetirizine
Urticaria NA NA Cirrhosis D Cetirizine
P93797 2.1 JoyadmIunITiATIEUszaana (vie)

Symptom Medicine Allergic Disease Output
Colickypain NA NA NA Hyoscine
Colickypain Hyoscine NA NA Hyoscine
Colickypain NA NA Myastheniagr | D_Hyoscine

avis
Colickypain NA NA Porphyria D_Hyoscine
Motionsickness | NA NA NA Dimenhydrinate
Motionsickness | Dimenhydrinat | NA NA Dimenhydrinate
e
Motionsickness | NA NA Phenylketon | D _Dimenhydrin
uria ate
Motionsickness | NA NA Epilepsy D_Dimenhydrin
ate
Motionsickness | NA NA Asthma D_Dimenhydrin
ate
GERD NA NA NA Omeprazole
GERD Omeprazole NA NA Omeprazole
GERD NA NA Cirrhosis D Omeprazole
Erosiveesophagi | NA NA NA Omeprazole
tis
Erosiveesophagi | Omeprazole NA NA Omeprazole
tis
Erosiveesophagi | NA NA Cirrhosis D Omeprazole
tis
ulcer NA NA NA Omeprazole
ulcer Omeprazole NA NA Omeprazole




a4

ulcer NA NA Cirrhosis D _Omeprazole
Zollinger-Ellison | NA NA NA Omeprazole
Zollinger-Ellison | Omeprazole NA NA Omeprazole
Zollinger-Ellison | NA NA Cirrhosis D Omeprazole
Neuralgia NA NA NA Tramadol
Neuralgia Tramadol NA NA Tramadol
P1951971 0.1 Teyadmiumienziszanana (o)

Symptom Medicine Allergic Disease Output
Neuralgia NA NA Asthma D _Tramadol
Neuralgia NA NA Epilepsy D _Tramadol
diarrhea NA NA NA Norfloxacin
diarrhea Norfloxacin NA NA Norfloxacin
diarrhea NA NA kidneyfailure | D_Norfloxacin
diarrhea NA NA Cirrhosis D_Norfloxacin
Cystitis Norfloxacin NA NA Norfloxacin
Cystitis NA Amoxicillin NA Norfloxacin
Cystitis NA Amoxicillin kidneyfailure | D_Norfloxacin
Cystitis NA Amoxicillin Cirrhosis D_Norfloxacin
Prostatitis NA NA NA Norfloxacin
Prostatitis Norfloxacin NA NA Norfloxacin
Prostatitis NA NA kidneyfailure | D_Norfloxacin
Prostatitis NA NA Cirrhosis D_Norfloxacin
Pyelonephritis Norfloxacin NA NA Norfloxacin
Pyelonephritis NA Amoxicillin NA Norfloxacin
Pyelonephritis NA Amoxicillin kidneyfailure | D_Norfloxacin
Pyelonephritis NA Amoxicillin Cirrhosis D_Norfloxacin
cold NA NA NA Amoxicillin
cold Amoxicillin NA NA Amoxicillin
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cold NA NA kidneyfailure | D_Amoxicillin
cold NA NA Cirrhosis D_Amoxicillin
cold NA NA Asthma D_Amoxicillin
Pharyngitis NA NA NA Amoxicillin
Pharyngitis Amoxicillin NA NA Amoxicillin
Pharyngitis NA NA kidneyfailure | D_Amoxicillin
Pharyngitis NA NA Cirrhosis D_Amoxicillin
Pharyngitis NA NA Asthma D_Amoxicillin
Tonsillitis NA NA NA Amoxicillin
Tonsillitis Amoxicillin NA NA Amoxicillin
Tonsillitis NA NA kidneyfailure | D_Amoxicillin
P1957971 .1 TeyadmiunTienziszanana (o)

Symptom Medicine Allergic Disease Output
Tonsillitis NA NA Cirrhosis D_Amoxicillin
Tonsillitis NA NA Asthma D_Amoxicillin
Sinusitis NA NA NA Amoxicillin
Sinusitis Amoxicillin NA NA Amoxicillin
Sinusitis NA NA kidneyfailure | D_Amoxicillin
Sinusitis NA NA Cirrhosis D_Amoxicillin
Sinusitis NA NA Asthma D_Amoxicillin
Bronchitis NA NA NA Amoxicillin
Bronchitis Amoxicillin NA NA Amoxicillin
Bronchitis NA NA kidneyfailure | D_Amoxicillin
Bronchitis NA NA Cirrhosis D_Amoxicillin
Bronchitis NA NA Asthma D_Amoxicillin
Pneumonia Amoxicillin NA NA Amoxicillin
Pneumonia NA Metronidazol | NA Amoxicillin

e
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Pneumonia NA Metronidazol | kidneyfailure | D_Amoxicillin
e
Pneumonia NA Metronidazol | Cirrhosis D_Amoxicillin
e
Pneumonia NA NA Asthma D_Amoxicillin
Croup NA NA NA Amoxicillin
Croup Amoxicillin NA NA Amoxicillin
Croup NA NA kidneyfailure | D_Amoxicillin
Croup NA NA Cirrhosis D_Amoxicillin
Croup NA NA Asthma D_Amoxicillin
Actinomycosis NA NA NA Amoxicillin
Actinomycosis Amoxicillin NA NA Amoxicillin
Actinomycosis NA NA kidneyfailure | D_Amoxicillin
Actinomycosis NA NA Cirrhosis D Amoxicillin
Actinomycosis NA NA Asthma D_Amoxicillin
Typhoidfever NA NA NA Amoxicillin
Typhoidfever Amoxicillin NA NA Amoxicillin
Typhoidfever NA NA kidneyfailure | D_Amoxicillin
p1937971 0.1 Teyadmumsinnziszanana (e)

Symptom Medicine Allergic Disease Output
Typhoidfever NA NA Cirrhosis D_Amoxicillin
Typhoidfever NA NA Asthma D_Amoxicillin
Pyelonephritis Amoxicillin NA NA Amoxicillin
Pyelonephritis NA Norfloxacin NA Amoxicillin
Pyelonephritis NA Norfloxacin kidneyfailure | D_Amoxicillin
Pyelonephritis NA Norfloxacin Cirrhosis D_Amoxicillin
Pyelonephritis NA NA Asthma D_Amoxicillin
Cystitis Amoxicillin NA NA Amoxicillin
Cystitis NA Norfloxacin NA Amoxicillin
Cystitis NA Norfloxacin kidneyfailure | D_Amoxicillin




a7

Cystitis NA Norfloxacin Cirrhosis D_Amoxicillin
Cystitis NA NA Asthma D_Amoxicillin
Urethritis NA NA NA Amoxicillin
Urethritis Amoxicillin NA NA Amoxicillin
Urethritis NA NA kidneyfailure | D_Amoxicillin
Urethritis NA NA Cirrhosis D_Amoxicillin
Urethritis NA NA Asthma D_Amoxicillin
Salpingitis Amoxicillin NA NA Amoxicillin
Salpingitis NA Metronidazol | NA Amoxicillin
e
Salpingitis NA Metronidazol | kidneyfailure | D_Amoxicillin
e
Salpingitis NA Metronidazol | Cirrhosis D_Amoxicillin
e
Salpingitis NA NA Asthma D_Amoxicillin
Cellulitis NA NA NA Amoxicillin
Cellulitis Amoxicillin NA NA Amoxicillin
Cellulitis NA NA kidneyfailure | D_Amoxicillin
Cellulitis NA NA Cirrhosis D_Amoxicillin
Cellulitis NA NA Asthma D_Amoxicillin
Infectedwound | NA NA NA Amoxicillin
p1937971 2.1 Feyadmsumiisesivsziana (se)

Symptom Medicine Allergic Disease Output
Infectedwound | Amoxicillin NA NA Amoxicillin
Infectedwound | NA NA kidneyfailure | D_Amoxicillin
Infectedwound | NA NA Cirrhosis D_Amoxicillin
Infectedwound | NA NA Asthma D_Amoxicillin
Erysipelas NA NA NA Amoxicillin
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Erysipelas Amoxicillin NA NA Amoxicillin
Erysipelas NA NA kidneyfailure | D_Amoxicillin
Erysipelas NA NA Cirrhosis D_Amoxicillin
Erysipelas NA NA Asthma D_Amoxicillin
Lymedisease NA NA NA Amoxicillin
Lymedisease Amoxicillin NA NA Amoxicillin
Lymedisease NA NA kidneyfailure | D_Amoxicillin
Lymedisease NA NA Cirrhosis D_Amoxicillin
Lymedisease NA NA Asthma D_Amoxicillin
Leptospirosis NA NA NA Amoxicillin
Leptospirosis Amoxicillin NA NA Amoxicillin
Leptospirosis NA NA kidneyfailure | D_Amoxicillin
Leptospirosis NA NA Cirrhosis D_Amoxicillin
Leptospirosis NA NA Asthma D Amoxicillin
Pepticulcer NA NA NA Amoxicillin
Pepticulcer Amoxicillin NA NA Amoxicillin
Pepticulcer NA NA kidneyfailure | D_Amoxicillin
Pepticulcer NA NA Cirrhosis D_Amoxicillin
Pepticulcer NA NA Asthma D_Amoxicillin
Anthrax NA NA NA Amoxicillin
Anthrax Amoxicillin NA NA Amoxicillin
Anthrax NA NA kidneyfailure | D_Amoxicillin
Anthrax NA NA Cirrhosis D_Amoxicillin
Anthrax NA NA Asthma D_Amoxicillin
Bacterialendoca | NA NA NA Amoxicillin

rditis




199797 0.1 TegadmTunsTiinseiuseaiana (se)
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Symptom Medicine Allergic Disease Output

Bacterialendoca | Amoxicillin NA NA Amoxicillin

rditis

Bacterialendoca | NA NA kidneyfailure | D_Amoxicillin

rditis

Bacterialendoca | NA NA Cirrhosis D_Amoxicillin

rditis

Bacterialendoca | NA NA Asthma D_Amoxicillin

rditis

Meningitis NA NA NA Metronidazole

Meningitis Metronidazole | NA NA Metronidazole

Meningitis NA NA kidneyfailure | D_Metronidazol
e

Meningitis NA NA Cirrhosis D_Metronidazol
e

Meningitis NA NA Anemia D_Metronidazol
e

Endocarditis NA NA NA Metronidazole

Endocarditis Metronidazole | NA NA Metronidazole

Endocarditis NA NA kidneyfailure | D_Metronidazol
e

Endocarditis NA NA Cirrhosis D_Metronidazol
a

Endocarditis NA NA Anemia D_Metronidazol
e

Pneumonia Metronidazole | NA NA Metronidazole

Pneumonia NA Amoxicillin NA Metronidazole

Pneumonia NA Amoxicillin kidneyfailure | D_Metronidazol

e
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Pneumonia NA Amoxicillin Cirrhosis D Metronidazol
e

Pneumonia NA NA Anemia D Metronidazol
e

1951971 0.1 TeyadmiumsAengiszanana (e)
Symptom Medicine Allergic Disease Output
Osteomyelitis NA NA NA Metronidazole
Osteomyelitis Metronidazole | NA NA Metronidazole
Osteomyelitis NA NA kidneyfailure | D_Metronidazol
e

Osteomyelitis NA NA Cirrhosis D_Metronidazol
e

Osteomyelitis NA NA Anemia D_Metronidazol
e

Peritonitis NA NA NA Metronidazole

Peritonitis Metronidazole | NA NA Metronidazole

Peritonitis NA NA kidneyfailure | D_Metronidazol
e

Peritonitis NA NA Cirrhosis D_Metronidazol
e

Peritonitis NA NA Anemia D_Metronidazol
a

Diverticulitis NA NA NA Metronidazole

Diverticulitis Metronidazole | NA NA Metronidazole

Diverticulitis NA NA kidneyfailure | D_Metronidazol
e

Diverticulitis NA NA Cirrhosis D_Metronidazol

e
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Diverticulitis NA NA Anemia D Metronidazol
e

Bacteremia NA NA NA Metronidazole

Bacteremia Metronidazole | NA NA Metronidazole

Bacteremia NA NA kidneyfailure | D_Metronidazol
e

Bacteremia NA NA Cirrhosis D_Metronidazol
-

Bacteremia NA NA Anemia D Metronidazol
e

Amebiasis NA NA NA Metronidazole

P19571971 .1 TeyadmiumsAinziszanana (o)

Symptom Medicine Allergic Disease Output
Amebiasis Metronidazole | NA NA Metronidazole
Amebiasis NA NA kidneyfailure | D_Metronidazol

e
Amebiasis NA NA Cirrhosis D_Metronidazol
e
Amebiasis NA NA Anemia D_Metronidazol
e
Anaerobicbacter | NA NA NA Metronidazole
ia
Anaerobicbacter | Metronidazole | NA NA Metronidazole
ia
Anaerobicbacter | NA NA kidneyfailure | D_Metronidazol
ia e
Anaerobicbacter | NA NA Cirrhosis D_Metronidazol
ia e
Anaerobicbacter | NA NA Anemia D_Metronidazol
ia e
Trichomoniasis | NA NA NA Metronidazole
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Trichomoniasis | Metronidazole | NA NA Metronidazole

Trichomoniasis | NA NA kidneyfailure | D_Metronidazol
e

Trichomoniasis | NA NA Cirrhosis D_Metronidazol
e

Trichomoniasis | NA NA Anemia D Metronidazol
e

Giardiasis NA NA NA Metronidazole

Giardiasis Metronidazole | NA NA Metronidazole

Giardiasis NA NA kidneyfailure | D_Metronidazol
e

Giardiasis NA NA Cirrhosis D_Metronidazol
e

Giardiasis NA NA Anemia D Metronidazol
e

Salpingitis Metronidazole | NA NA Metronidazole

p19571971 0.1 Teyadmiumienziszanana (e)
Symptom Medicine Allergic Disease Output
Salpingitis NA Amoxicillin NA Metronidazole
Salpingitis NA Amoxicillin kidneyfailure | D_Metronidazol
e

Salpingitis NA Amoxicillin Cirrhosis D_Metronidazol
e

Salpingitis NA NA Anemia D_Metronidazol
e

Pain NA NA NA Diclofenac

Pain Diclofenac NA NA Diclofenac

Pain NA NA kidneyfailure | D_Diclofenac

Pain NA NA Cirrhosis D _Diclofenac

Pain NA NA Stroke D Diclofenac
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Pain NA NA Temporalart | D Diclofenac
eritis
Pain NA NA Epilepsy D Diclofenac
Migraine NA NA NA Diclofenac
Migraine Diclofenac NA NA Diclofenac
Migraine NA NA kidneyfailure | D Diclofenac
Migraine NA NA Cirrhosis D Diclofenac
Migraine NA NA Stroke D_Diclofenac
Migraine NA NA Temporalart | D_Diclofenac
eritis
Migraine NA NA Epilepsy D _Diclofenac
Dysmenorrhea NA NA NA Diclofenac
Dysmenorrhea Diclofenac NA NA Diclofenac
Dysmenorrhea NA NA kidneyfailure | D Diclofenac
Dysmenorrhea NA NA Cirrhosis D Diclofenac
Dysmenorrhea NA NA Stroke D Diclofenac
Dysmenorrhea NA NA Temporalart | D Diclofenac
eritis
Dysmenorrhea NA NA Epilepsy D_Diclofenac
p193797 2.1 Feyadmsumiasesiusziana (se)

Symptom Medicine Allergic Disease Output
Rheumatoidarth | NA NA NA Diclofenac
ritis
Rheumatoidarth | Diclofenac NA NA Diclofenac
ritis
Rheumatoidarth | NA NA kidneyfailure | D_Diclofenac
ritis
Rheumatoidarth | NA NA Cirrhosis D _Diclofenac

ritis
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Rheumatoidarth | NA NA Stroke D Diclofenac

ritis

Rheumatoidarth | NA NA Temporalart | D Diclofenac

ritis eritis

Rheumatoidarth | NA NA Epilepsy D Diclofenac

ritis

Osteoarthritis NA NA NA Diclofenac

Osteoarthritis Diclofenac NA NA Diclofenac

Osteoarthritis NA NA kidneyfailure | D_Diclofenac

Osteoarthritis NA NA Cirrhosis D Diclofenac

Osteoarthritis NA NA Stroke D Diclofenac

Osteoarthritis NA NA Temporalart | D_Diclofenac
eritis

Osteoarthritis NA NA Epilepsy D Diclofenac

Ankylosingspon | NA NA NA Diclofenac

dylitis

Ankylosingspon | Diclofenac NA NA Diclofenac

dylitis

Ankylosingspon | NA NA kidneyfailure | D_Diclofenac

dylitis

Ankylosingspon | NA NA Cirrhosis D_Diclofenac

dylitis

Ankylosingspon | NA NA Stroke D Diclofenac

dylitis

#195°971 .1 TeyadmiumsAenziszanana (se)

Symptom Medicine Allergic Disease Output
Ankylosingspon | NA NA Temporalart | D_Diclofenac
dylitis eritis
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Ankylosingspon | NA NA Epilepsy D Diclofenac
dylitis
Gout NA NA NA Diclofenac
Gout Diclofenac NA NA Diclofenac
Gout NA NA kidneyfailure | D_Diclofenac
Gout NA NA Cirrhosis D Diclofenac
Gout NA NA Stroke D Diclofenac
Gout NA NA Temporalart | D_Diclofenac
eritis
Gout NA NA Epilepsy D Diclofenac
Uretericstone NA NA NA Diclofenac
Uretericstone Diclofenac NA NA Diclofenac
Uretericstone NA NA kidneyfailure | D_Diclofenac
Uretericstone NA NA Cirrhosis D Diclofenac
Uretericstone NA NA Stroke D Diclofenac
Uretericstone NA NA Temporalart | D Diclofenac
eritis
Uretericstone NA NA Epilepsy D_Diclofenac
Bursitis NA NA NA Diclofenac
Bursitis Diclofenac NA NA Diclofenac
Bursitis NA NA kidneyfailure | D_Diclofenac
Bursitis NA NA Cirrhosis D Diclofenac
Bursitis NA NA Stroke D_Diclofenac
Bursitis NA NA Temporalart | D_Diclofenac
eritis
Bursitis NA NA Epilepsy D_Diclofenac
Tendinitis NA NA NA Diclofenac
Tendinitis Diclofenac NA NA Diclofenac
Tendinitis NA NA kidneyfailure | D Diclofenac
Tendinitis NA NA Cirrhosis D_Diclofenac
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Tendinitis NA NA Stroke D Diclofenac
P1951971 0.1 Teyadmiuminngiszanana (se)
Symptom Medicine Allergic Disease Output
Tendinitis NA NA Temporalart | D_Diclofenac
eritis

Tendinitis NA NA Epilepsy D Diclofenac

Sprain NA NA NA Diclofenac

Sprain Diclofenac NA NA Diclofenac

Sprain NA NA kidneyfailure | D_Diclofenac

Sprain NA NA Cirrhosis D _Diclofenac

Sprain NA NA Stroke D _Diclofenac

Sprain NA NA Temporalart | D_Diclofenac

eritis
Sprain NA NA Epilepsy D Diclofenac
Hayfever Chlorpheniram | NA NA Chlorphenirami
ine ne

Hayfever NA Cetirizine NA Chlorphenirami
ne

Hayfever NA Cetirizine kidneyfailure | D_Chlorphenira
mine

Hayfever NA Cetirizine Cirrhosis D_Chlorphenira
mine

Hayfever NA NA Epilepsy D_Chlorphenira
mine

Hayfever NA NA Asthma D_Chlorphenira
mine

Hayfever NA NA Hypertension | D_Chlorphenira
mine

Hayfever NA NA Heartdisease | D_Chlorphenira

mine




57

Hayfever NA NA Diabetes D_Chlorphenira
mine

Hayfever NA NA Gastritis D_Chlorphenira
mine

runnynose NA NA NA Chlorphenirami
ne

P19571991 9.1 TeyadmiumsAeTziszanana (e)

Symptom Medicine Allergic Disease Output
runnynose Chlorpheniram | NA NA Chlorphenirami
ine ne

runnynose NA NA kidneyfailure | D_Chlorphenira
mine

runnynose NA NA Cirrhosis D Chlorphenira
mine

runnynose NA NA Epilepsy D_Chlorphenira
mine

runnynose NA NA Asthma D_Chlorphenira
mine

runnynose NA NA Hypertension | D_Chlorphenira
mine

runnynose NA NA Heartdisease | D_Chlorphenira
mine

runnynose NA NA Diabetes D_Chlorphenira
mine

runnynose NA NA Gastritis D_Chlorphenira
mine

itch NA NA NA Chlorphenirami
ne

itch Chlorpheniram | NA NA Chlorphenirami

ine

ne
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itch NA NA kidneyfailure | D_Chlorphenira
mine

itch NA NA Cirrhosis D_Chlorphenira
mine

itch NA NA Epilepsy D_Chlorphenira
mine

itch NA NA Asthma D_Chlorphenira
mine

itch NA NA Hypertension | D_Chlorphenira
mine

itch NA NA Heartdisease | D_Chlorphenira
mine

#1957971 0.1 TeyadmiumsinTziszanana (o)

Symptom Medicine Allergic Disease Output

itch NA NA Diabetes D_Chlorphenira
mine

itch NA NA Gastritis D_Chlorphenira
mine

Allergy NA NA NA Chlorphenirami
ne

Allergy Chlorpheniram | NA NA Chlorphenirami

ine ne

Allergy NA NA kidneyfailure | D_Chlorphenira
mine

Allergy NA NA Cirrhosis D_Chlorphenira
mine

Allergy NA NA Epilepsy D_Chlorphenira
mine

Allergy NA NA Asthma D _Chlorphenira

mine
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Allergy NA NA Hypertension | D_Chlorphenira
mine

Allergy NA NA Heartdisease | D_Chlorphenira
mine

Allergy NA NA Diabetes D_Chlorphenira
mine

Allergy NA NA Gastritis D_Chlorphenira
mine

cough NA NA NA Bromhexine

cough Bromhexine NA NA Bromhexine

cough NA NA Gastritis D Bromhexine

cough NA NA Asthma D_Bromhexine

cough NA NA kidneyfailure | D_Bromhexine

cough NA NA Cirrhosis D Bromhexine

cough NA NA Galactosemi | D_Bromhexine

a

phlegm NA NA NA Bromhexine

p19571971 9.1 FeyadmSumsiiziszanana (se)

Symptom Medicine Allergic Disease Output
phlegm Bromhexine NA NA Bromhexine
phlegm NA NA Gastritis D_Bromhexine
phlegm NA NA Asthma D_Bromhexine
phlegm NA NA kidneyfailure | D_Bromhexine
phlegm NA NA Cirrhosis D_Bromhexine
phlegm NA NA Galactosemi | D_Bromhexine

a
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import category encoders as ce
import warnings

warnings.filterwarnings(“ignore")

from flask import Flask, render_template, request

app = Flask(__name_ )

traindata = pd.read_csv(‘traindata3.csv')

encoder = ce.OrdinalEncoder(cols=['symptom’, 'medicine', 'allergic’, 'disease’, 'output'])
traindataen = encoder.fit_transform(traindata)

X_train=traindataen.drop('output’, axis=1)

y_train=traindataen['output]
gbc=GradientBoostingClassifier(n_estimators=200,learning_rate=0.05,random _state=10
0,max_features=4 )

gbc fit(X_train, y_train)

GradientBoostingClassifier(criterion="friedman_mse', init=None,
learning rate=0.05, loss='deviance', max_depth=6,
max_features=4, max_leaf nodes=None,
min_impurity decrease=0.0,
min_samples leaf=1, min_samples_split=2,
min_weight fraction leaf=0.0, n_estimators=200,
n_iter no_change=None,
random_state=100, subsample=1.0, tol=0.0001,
validation fraction=0.1, verbose=0,

warm_start=False)

@app.route('/)
def index():

return render_template(filtercase.html')



import json
@app.route(/filter, methods=[POST'])
def filter():
case = request.form.get('case’)
if case == "NA"
return render_template('GUI8.html’)
else:

return render_template('Hospital.ntml’)

@app.route(/info', methods=['POST1)
def info():

symptom1 = request.form.get('symptom?1’)
symptom2 = request.form.get('symptom?2’)
disease = request.form.get('disease’)
allergic = request.form.get(‘allergic’)

medicine = request.form.get('medicine’)

if symptom1 = None:
if symptom1 == "dyspepsia": al=1
if symptom1 == "fever": al=2
if symptom1 == "allergicrhinitis": a1=3
if symptom1 == "hayfever": al=4
if symptom1 == "urticaria": al=5
if symptom1 == "colickypain": al=6
if symptom1 == "motionsickness": al=7
if symptom1 == "GERD": a1=8
if symptom1 == "erosiveesophagitis": al=9
if symptom1 == "ulcer": al=10
if symptom1 == "zollingerellison": al=11

if symptom? == "neuralgia" al=12
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if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==
if symptom1 ==

"diarrhea": al=13
"cystitis": al=14
"prostatitis": al=15
"pyelonephritis": al=16
"cold": al=17
"pharyngitis": a1=18
"tonsillitis": a1=19
"sinusitis": al1=20
"bronchitis": al=21
"pneumonia”: al=22
"croup": al=23
"actinomycosis": al=24
"typhoidfever": a1=25
"urethritis": al=26
"salpingitis": al=27
"cellulitis": a1=28
"infectedwound": a1=29
"erysipelas™ al=30
"lymedisease": al=31
"leptospirosis": al=32
"pepticulcer": a1=33
"anthrax": al=34
"bacterialendocarditis": al=35
"meningitis": al=36
"endocarditis": al=37
"osteomyelitis": a1=38
"peritonitis": al1=39
"diverticulitis": a1=40
"bacteremia": al=41
"amebiasis": al=42

"anaerobicbacteria": al1=43
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if symptom1 == "trichomoniasis": al=44

if symptom1 == "giardiasis": al=45

if symptom1 == "pain": al=46
if symptom1 == "migraine": al=47
if symptom1 == "dysmenorrhea": al=48

if symptom1 == "rheumatoidarthritis": al=49
if symptom1 == "osteoarthritis": al=50

if symptom1 == "ankylosingspondylitis": al=51
if symptom1 == "gout": al=52

if symptom1 == "uretericstone": a1=53

if symptom1 == "bursitis": al=54

if symptom1 == "tendinitis": al=55

if symptom1 == "sprain": al=56

if symptom1 == "runnynose": al=57

if symptom1 == "itch": a1=58

if symptom1 == "allergy": a1=59

if symptom1 == "cough": al=60

if symptom1 == "phlegm": a1=61

if symptom2 == "dyspepsia": a2=1

if symptom2 == "fever": a2=2

if symptom2 == "allergicrhinitis": a2=3

if symptom2 == "hayfever": a2=4

if symptom2 == "urticaria": a2=5

if symptom2 == "colickypain": a2=6

if symptom2 == "motionsickness": a2=7
if symptom2 == "GERD": a2=8

if symptom?2 == "erosiveesophagitis": a2=9
if symptom2 == "ulcer": a2=10

if symptom2 == "zollingerellison": a2=11

if symptom2 == "neuralgia": a2=12



if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==
if symptom2 ==

"diarrhea": a2=13
"cystitis": a2=14
"prostatitis": a2=15
"oyelonephritis": a2=16
"cold": a2=17
"pharyngitis": a2=18
"tonsillitis": a2=19
"sinusitis": a2=20
"bronchitis": a2=21
"bneumonia”: a2=22
"croup": a2=23
"actinomycosis": a2=24
"typhoidfever": a2=25
"urethritis": a2=26
"salpingitis": a2=27
"cellulitis": a2=28
"infectedwound": a2=29
"erysipelas": a2=30
"lymedisease": a2=31
"leptospirosis": a2=32
"pepticulcer": a2=33
"anthrax": a2=34
"bacterialendocarditis": a2=35
"meningitis": a2=36
"endocarditis": a2=37
"osteomyelitis": a2=38
"peritonitis": a2=39
"diverticulitis": a2=40
"bacteremia": a2=41
"amebiasis": a2=42

"anaerobicbacteria";: a2=43
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if symptom2 == "trichomoniasis": a2=44
if symptom2 == "giardiasis": a2=45
if symptom2 == "pain": a2=46
if symptom2 == "migraine": a2=47
if symptom2 == "dysmenorrhea": a2=48
if symptom2 == "rheumatoidarthritis": a2=49
if symptom2 == "osteoarthritis": a2=50
if symptom2 == "ankylosingspondylitis": a2=51
if symptom2 == "gout": a2=52
if symptom2 == "uretericstone": a2=53
if symptom2 == "bursitis": a2=54
if symptom2 == "tendinitis": a2=55
if symptom2 == "sprain": a2=56
if symptom2 == "runnynose": a2=57
if symptom2 == "itch": a2=58
if symptom2 == "allergy": a2=59
if symptom2 == "cough": a2=60
if symptom2 == "phlegm": a2=61
if symptom2 == "NA":

a2=None

result2=None

r2=None

if disease == "NA": b=1

if disease == "kidneyfailure": b=2

if disease == "cirrhosis": b=3

if disease == "flu": b=4

if disease == "chickenpox": b=5

if disease == "myastheniagravis": b=6
if disease == "porphyria": b=7

if disease == "phenylketonuria": b=8



if disease == "epilepsy": b=9

if disease == "asthma": b=10

if disease == "anemia™ b=11

if disease == "stroke": b=12

if disease == "temporalarteritis": b=13
if disease == "hypertension": b=14

if disease == "heartdisease": b=15

if disease == "diabetes": b=16

if disease == "gastritis": b=17

if disease == "galactosemia™ b=18

if allergic == "NA": c=1

if allergic == "ibuprofen": c=2

if allergic == "paracetamol": c=3

if allergic == "chlorpheniramine": c=4

if allergic == "amoxicillin: c=5

if allergic == "metronidazole": c=6

if allergic == "norfloxacin": c=7

if allergic == "cetirizine": c=8

if medicine == "sodiumbicarbonate": d=1
if medicine == "paracetamol": d=2

if medicine == "NA": d=3

if medicine == "ibuprofen": d=4

if medicine == "cetirizine": d=5

if medicine == "hyoscine": d=6

if medicine == "dimenhydrinate": d=7
if medicine == "omeprazole": d=8

if medicine == "tramadol": d=9
if medicine == "norfloxacin”: d=10

if medicine == "amoxicillin: d=11
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if medicine == "metronidazole"; d=12

if medicine == "diclofenac": d=13
if medicine == "chlorpheniramine": d=14
if medicine == "bromhexine": d=15

if (@l and b and ¢ and d) = None:
resultl=gbc.predict([[al,b,c,d]])
if resultl == 1:
ri= "Sodiumbicarbonate"
if resultl == 2:
rl= "Paracetamol"
if resultl == 3:
ri="lbuprofen"
if resultl == 4:
ri= "Cetirizine"
if resultl == 5:
ri= "Don't take Cetirizine"
if resultl == 6:
ri= "Hyoscine"
if resultl == 7:
ri= "Don't take Hyoscine"
if resultl == 8:
r1= "Dimenhydrinate"
if resultl == 9:
rl= "Don't take Dimenhydrinate"
if resultl == 10:
r1= "Omeprazole"
if resultl == 11:
rl= "Don't take Omeprazole"
if resultl == 12:

r1= "Tramadol"



if resultl == 13:

rl= "Don't take Tramadol"
if resultl == 14:

r1= "Norfloxacin"
if resultl == 15:

r1= "Don't take Norfloxacin"
if resultl == 16:

ri="Amoxicillin"
if resultl == 17:

rl= "Don't take Amoxicillin®
if resultl == 18:

ri= "Metronidazole"
if resultl == 19:

rl= "Don't take Metronidazole"
if resultl == 20:

r1= "Diclofenac"
if resultl == 21:

rl= "Don't take Diclofenac"
if resultl == 22:

rl= "Chlorpheniramine"

if resultl == 23:

rl= "Don't take Chlorpheniramine”

if resultl == 24:
rl= "Bromhexine"
if resultl == 25:

rl= "Don't take Bromhexine"

if @2 and b and c and d) != None:

result2=gbc.predict([[a2,b,c,d]])
if result2 == 1:
r2= "Sodiumbicarbonate"

if result2 == 2:
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r2= "Paracetamol"
if result2 == 3:

r2="lbuprofen"
if result2 == 4:

r2= "Cetirizi
if result2 ==

r2="Don't

t take Omeprazole"

if result2
r2="N
if result2



if result2 == 18:
r2= "Metronidazole"
if result2 == 19:
r2= "Don't take Metronidazole"
if result2 == 20:
r2= "Diclofenac"
if result2 == 21:
r2= "Don't take Diclofenac"
if result2 == 22:
r2= "Chlorpheniramine"
if result2 == 23:
r2= "Don't take Chlorpheniramine’
if result2 == 24:
r2= "Bromhexine"
if result2 == 25:

r2= "Don't take Bromhexine"

if (rl and r2) I= None:
x = {"Medicinel": r1,"Medicine2": r2}
return json.dumps(x)

if r2 == None:
return rl

else: return "iﬂﬁiugﬂu%’aaga"

1 1

if _name ==' main_"

app.run(port=8080, debug=True)
2. AASEIULARINANITAANTBIDINTSIUBIAY LERIS18ALLDUARIL
<htm(>

<body style="background-color:rgb(216, 235, 243);,">



<style> h1 {background-color:rgb(42, 25, 73),color : rgb(252, 245, 246),font-
size:250%;text-align:center;} </style>

<h1>** msfansesenisilediu x> <p/>

<p>

<style> form {color : rgh(2, 0, 0);font: size 80%;} </style>

<form action="/filter" method="POST">

<b>
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<input type="radio" name="case" value="HC1">9MM1sRAUNAAELIAUTEUUNLAURIETA

laun<p>
<ul>

<li>Urnusnamennaimalai</li>
<lisweladuuaziir</lis
<li>melavoniiidesnin (wheeze)</li>
<li>lgunedidontu</li>
<lisvlawusHauni</li>
<li>lefnsofudunauuseidesedieon 3-4 dUami</li>
<li>loludeslonsu (whooping cough)</Li>

</ul>

<input type="radio" name="case" value="HC2">on1sknUnANEIAUTZ UL lauazviaen

Gon lakn<p>
<ul>
<li>UrmPuntinen</li>
. W v & A W Y a a .
<li>laiusy usadamenswuRaunf</li>
<li>upusulila</i>
<li>tilpsdeRnund</li>
<li>nihile Wuanvaneass tnglufanmin</li>

</ul>

<input type="radio" name="case" value="HC3">91n1HAUNALALIAUTEUUNILAUDINT

Town<p>
<ul>

<li>nauanuin</li>



<li>adguilideniu</li>
<li>gansziidenuulusimunnidadunuuFosi</i>
<li>on3yuguusesnivateganiselisenuinais Ju</li>
<lismsadmundnsiileludesiias</lis
<li>fivdesnmaes</li>
<listhwnanunfisunflnglavsuaimn<is
<li>M3dudnguUsUTINANUNRNIN LU N1BITNATUTDIHN 1189739TULTI</i>
</ul>
<input type="radio" name="case" value:"HC4">mmiﬁmJﬂaLﬁlmﬁum laun<p>
<ul>
<li>tmunnn</li>
<li>Hvauvailvasanainy</i>
<li>ymuan Wilagudes viielddudssiegasninunfi</li>
<li>3adpudsuslinsruave e violdaiunsansaiala</ti>
</ul>
<input type="radio" name="case" value="HC5">an1sanUn@ieafum Tiun<p>
<ul>
<li>pumaauiudinniunn anganduadlila</is
<li>anify viseNeAUAAUNR WU teuiiun ndou touiuIuassauing</li>
</ul>
<input type="radio" name="case" value:"HC6">mmiﬁﬂ‘dﬂ@Lﬁ&ﬁﬁUi%UUﬁUﬁuﬁLLaz
manulaan: lauwn<p>
<ul>
<li>Uaazlivon</li>
<li>Uganzdiiandu</li>
<li>Uganzuaudn sauivensuianiey/aslnn/mae</li>
<li>Uaamzuautnsuiuiili</l>
<li>iFensananndosnaenniauaziunsss</is

a

<li>AszaRaun® (Uszamou)</li>

Y

</ul>
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<input type="radio" name="case" value="HC7">01nsfnUnfiAeafussuuyszam
Tawn<p>
<ul>
<li>Unfsyrsunsa</li>
<li>n317 VizedouussTiintudUNdY way/vaediuindadrmidsuesinene Wy wuy
1 Tunth</li>

1%
a = ! % v

<li>ﬂ’]ilIENLﬁUﬂﬂwaﬂ‘UﬂaﬁLﬂﬂ‘U‘UEJEJNQUWEm</U>

(4 £%
a a

<lismanalitn wiider vindes dudes yaldldliaunsonevauswiadmads
AnTuegudoundu</i>
<li>@nMstn</li>
</ul>
<input type="radio" name="case" value="HC8">ean1sAAUNABUY Iduri<p>
<ul>
<Li>1§ﬂﬁmﬁfa‘i7iﬁmmi'gmm i awfindu ieEeunane</li>
<li>maudesauiudly</li>
<li>anisusesi</lis
<li>@u</li>
<liliideesdnsa ngMsUSAITU e aodl yana anas</li>
<li>unnaRogradaunay dudu</li
</ul>
<input type="radio" name="case" value:"HC9”>mmiamsﬁagw‘] wu liwiaun liwin
vy Widenoen Idunanse lsedewhuindes oinisuiien e1vns ansfiv<p>
<input type="radio" name="case" vaLue:"NA">1§J§EJWmﬂuﬂﬁjwﬁ’mﬁu<p>
</b>
<input type="submit" value="Next"/>
</form>
</body>
</html>

3. MmdswhulanvangueNsinesdwiegUly uanauasiounsall

<htm(>



<body style="background-color:rgb(237, 241, 241);">

<style> h1 {color : rgb(56, 26, 90);font-size:300%} </style>
<h1>ngudwiogthe</hl> <p/>

<style> p {background-color:rgb(42, 25, 73);,color : rgb(252, 245, 246),font-

size:200%;text-align:center;} </style>

<p><b> </b>
<br><pb>1luansndesiniunisdwerio</b>
<br><b>iierniunsinwilagunmndilie vy </b>

<br><b>a lsane1u1a</b>

<br><b> </b></br>
</body>
</htm(>
4. Fdsdunanmanisnsendeyadniulszinana uanTILazLEen Yol
<html>
<body style="background-color:rgb(49, 68, 110);">
<style> h1 {color : rgb(255, 255, 255);font-size:300%} </style>
<h1>Medicine Guide</h1> <p/>
<p>
<style> form {color : rgb(255, 255, 255);font: size 250%;} </style>
<form action="/info" method="POST">
<b>
Symptomsl: <select name= "symptom1">
<option value= "dyspepsia">dyspepsia</option>
<option value= "fever">fever</option>
<option value= "allergicrhinitis">Allergic rhinitis</option>
<option value= "hayfever">Hay fever</option>
<option value= "urticaria">Urticaria</option>
<option value= "colickypain">Colicky pain</option>
<option value= "motionsickness">Motion Sickness</option>

<option value= "GERD">GERD</option>
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<option value= "erosiveesophagitis">Erosive esophagitis</option>
<option value= "ulcer">ulcer</option>

<option value= "zollingerellison">Zollinger-Ellison</option>
<option value= "neuralgia">Neuralgia</option>

<option value= "diarrhea">diarrhea</option>

<option value= "cystitis">Cystitis</option>

<option value= "prostatitis">Prostatitis</option>

<option value= "pyelonephritis">Pyelonephritis</option>
<option value= "cold">cold</option>

<option value= "pharyngitis">Pharynsitis</option>

<option value= "tonsillitis">Tonsillitis</option>

<option value= "sinusitis">Sinusitis</option>

<option value= "bronchitis">Bronchitis</option>

<option value= "pneumonia">Pneumonia</option>
<option value= "croup">Croup</option>

<option value= "actinomycosis">Actinomycosis</option>
<option value= "typhoidfever">Typhoidfever</option>
<option value= "urethritis">Urethritis</option>

<option value= "salpingitis">Salpingitis</option>

<option value= "cellulitis">Cellulitis</option>

<option value= "infectedwound">Infectedwound</option>
<option value= "erysipelas">Erysipelas</option>

<option value= "lymedisease">Lymedisease</option>
<option value= "leptospirosis">Leptospirosis</option>
<option value= "pepticulcer">Pepticulcer</option>

<option value= "anthrax">Anthrax</option>

<option value= "bacterialendocarditis">Bacterialendocarditis</option>
<option value= "meningitis">Meningitis</option>

<option value= "endocarditis">Endocarditis</option>
<option value= "osteomyelitis">Osteomyelitis</option>

<option value= "peritonitis">Peritonitis</option>
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<option value= "diverticulitis">Diverticulitis</option>

<option value= "bacteremia">Bacteremia</option>

<option value= "amebiasis">Amebiasis</option>

<option value= "anaerobicbacteria">Anaerobicbacteria</option>
<option value= "trichomoniasis">Trichomoniasis</option>
<option value= "giardiasis">Giardiasis</option>

<option value= "pain">Pain</option>

<option value= "migraine">Migraine</option>

<option value= "dysmenorrhea">Dysmenorrhea</option>
<option value= "rheumatoidarthritis">Rheumatoidarthritis</option>
<option value= "osteoarthritis">Osteoarthritis</option>

<option value= "ankylosingspondylitis">Ankylosingspondylitis</option>
<option value= "gout">Gout</option>

<option value= "uretericstone">Uretericstone</option>

<option value= "bursitis">Bursitis</option>

<option value= "tendinitis">Tendinitis</option>

<option value= "sprain">Sprain</option>

<option value= "runnynose">runnynose</option>

<option value= "itch">itch</option>

<option value= "allergy">Allergy</option>

<option value= "cough">cough</option>

<option value= "phlegm">phlegm</option>

</select><p/>

Symptoms2: <select name= "symptom2">
<option value= "dyspepsia">dyspepsia</option>
<option value= "fever">fever</option>
<option value= "allergicrhinitis">Allergic rhinitis</option>
<option value= "hayfever'>Hay fever</option>
<option value= "urticaria">Urticaria</option>

<option value= "colickypain">Colicky pain</option>
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<option value= "motionsickness">Motion Sickness</option>
<option value= "GERD">GERD</option>

<option value= "erosiveesophagitis">Erosive esophagitis</option>
<option value= "ulcer">ulcer</option>

<option value= "zollingerellison">Zollinger-Ellison</option>
<option value= "neuralgia">Neuralgia</option>

<option value= "diarrhea">diarrhea</option>

<option value= "cystitis">Cystitis</option>

<option value= "prostatitis">Prostatitis</option>

<option value= "pyelonephritis">Pyelonephritis</option>
<option value= "cold">cold</option>

<option value= "pharyngitis">Pharynsitis</option>

<option value= "tonsillitis">Tonsillitis</option>

<option value= "sinusitis">Sinusitis</option>

<option value= "bronchitis">Bronchitis</option>

<option value= "pneumonia">Pneumonia</option>
<option value= "croup">Croup</option>

<option value= "actinomycosis">Actinomycosis</option>
<option value= "typhoidfever">Typhoidfever</option>
<option value= "urethritis">Urethritis</option>

<option value= "salpingitis">Salpingitis</option>

<option value= "cellulitis">Cellulitis</option>

<option value= "infectedwound">Infectedwound</option>
<option value= "erysipelas">Erysipelas</option>

<option value= "lymedisease">Lymedisease</option>
<option value= "leptospirosis">Leptospirosis</option>
<option value= "pepticulcer">Pepticulcer</option>

<option value= "anthrax">Anthrax</option>

<option value= "bacterialendocarditis">Bacterialendocarditis</option>
<option value= "meningitis">Meningitis</option>

<option value= "endocarditis">Endocarditis</option>
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<option value= "osteomyelitis">Osteomyelitis</option>

<option value= "peritonitis">Peritonitis</option>

<option value= "diverticulitis">Diverticulitis</option>

<option value= "bacteremia">Bacteremia</option>

<option value= "amebiasis">Amebiasis</option>

<option value= "anaerobicbacteria“>Anaerobicbacteria</option>
<option value= "trichomoniasis">Trichomoniasis</option>
<option value= "giardiasis">Giardiasis</option>

<option value= "pain">Pain</option>

<option value= "migraine">Migraine</option>

<option value= "dysmenorrhea">Dysmenorrhea</option>
<option value= "rheumatoidarthritis">Rheumatoidarthritis</option>
<option value= "osteoarthritis">Osteoarthritis</option>

<option value= "ankylosingspondylitis">Ankylosingspondylitis</option>
<option value= "gout">Gout</option>

<option value= "uretericstone">Uretericstone</option>

<option value= "bursitis">Bursitis</option>

<option value= "tendinitis">Tendinitis</option>

<option value= "sprain">Sprain</option>

<option value= "runnynose">runnynose</option>

<option value= "itch">itch</option>

<option value= "allergy">Allergy</option>

<option value= "cough">cough</option>

<option value= "phlegm">phlegm</option>

<option value= "NA">NA</option>

</select><p/>

Chronic disease: <select name= "disease">
<option value= "flu">flu</option>
<option value= "chickenpox">chickenpox</option>

<option value= "cirrhosis">cirrhosis</option>
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<option value= "kidneyfailure">kidneyfailure</option>
<option value= "myastheniagravis">Myastheniagravis</option>
<option value= "porphyria">Porphyria</option>

<option value= "phenylketonuria">Phenylketonuria</option>
<option value= "epilepsy">Epilepsy</option>

<option value= "asthma">Asthma</option>

<option value= "anemia">anemia</option>

<option value= "stroke">Stroke</option>

<option value= "temporalarteritis">Temporalarteritis</option>
<option value= "hypertension">Hypertension</option>
<option value= "heartdisease">Heartdisease</option>
<option value= "diabetes">Diabetes</option>

<option value= "gastritis">Gastritis</option>

<option value= "galactosemia">Galactosemia</option>
<option value= "NA">NA</option>

</select><p/>

Drug allergic: <select name= "allergic">
<option value= "paracetamol">Paracetamol</option>
<option value= "ibuprofen">lbuprofen</option>
<option value= "chlorpheniramine">Chlorpheniramine</option>
<option value= "amoxicillin">Amoxicillin</option>
<option value= "metronidazole">Metronidazole</option>
<option value= "norfloxacin">Norfloxacin</option>
<option value= "cetirizine">Cetirizine</option>
<option value= "NA">NA</option>

</select><p/>

Medicine: <select name= "medicine">
<option value= "paracetamol">Paracetamol</option>

<option value= "ibuprofen">lbuprofen</option>



<option value= "sodiumbicarbonate">Sodium bicarbonate</option>
<option value= "cetirizine">Cetirizine</option>

<option value= "hyoscine">Hyoscine</option>

<option value= "dimenhydrinate">Dimenhydrinate</option>
<option value= "omeprazole">Omeprazole</option>

<option value= "tramadol">Tramadol</option>

<option value= "norfloxacin">Norfloxacin</option>

<option value= "amoxicillin">Amoxicillin</option>

<option value= "metronidazole">Metronidazole</option>
<option value= "diclofenac">Diclofenac</option>

<option value= "chlorpheniramine">Chlorpheniramine</option>
<option value= "bromhexine">Bromhexine</option>

<option value= "NA">NA</option>

</select><p/>

</b>

<input type="submit" value="Search"/>
</form>
</body>
</html>
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- MIMIC-II

AUC = 0.780, Recall = 0.753,
Precision = 0.622,

F1 = 0.681, Jaccard = 0527

- PRIVATE

Datasets:

AUC = 0.719, Recall = 0.650,
Precision = 0.632,

Fl1 = 0.641, Jaccard = 0.540
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algorithms CatBoost, random
forests, gradient
boosting
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Uov gradient boosting
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(Performance)
A1 Average AUC:
T. XGB=0.73, D. RF=0.60,
T. GB=0.65,
T. LGB goss=0.55,
T.Catord=0.60
(HUNELHQ: tuned XGBoost (T.
XGB), random forest with default
hyper-parametrization (D. RF),
tuned gradient boosting (T. GB),
tuned GOSS LightGBM (T. LGB
goss), tuned Ordered CatBoost (T.
Cat ord))

Construction of an
indoor radio
environment map using
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gradient boosting
decision tree
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Ontology Modeling, aiuisauu:=ulen Precision =
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Usurgunwuao Recall = 91.46%
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