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Recognizing and solving problems that do not meet the needs of users in a timely
manner is an important problem that affects the quality of hospital services at present. This problem
was caused due to a large number of users who have had problems with services in many areas of
the hospital and in various ways for the collection of user information and a delay in obtaining
information that does not reflect the real problem. This research presents a solution to the problem by
gathering reviews of those who have experienced using the service from the web board, which is fast
and gets real information from reviews. These data analyzed insight information with machine
learning models with text data from reviews of patient experience and use the collected and
analyzed data to generate reports through the dashboard. The comparison results were based on
simulation testing using three algorithmic techniques: Naive Baye, Random Forest, Long and Short
Term Memory (LSTM) found that the Random Forest algorithm was the most effective at predicting
negative reviews with recall at 0.71 and the results of analyzing the use of data from public and
private hospitals to find insight information In the overview of the hospital quality management system
through reports, found that in staff, service, infrastructure, processing, finance and other public
hospitals were discussed more negatively than private hospitals in all six areas. The most obvious

aspect was the hospital structure.
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2 treat 0 1 2.10 1.41
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R34 3 AN INFNALNNNIIATUILTFIDF

features term TF-IDF(term,Doc1) TF-IDF(term,Doc1)
1 doctor 1.41 0
2 treat 0 1.41
3 time 1.41 0
8300 bed 0 1.41
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N https://www.tensorflow.org/text/guide/word_embeddings
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2.2.7 2anasNN Multinomial Naive Bayes
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Auon wunanaeslunisiuuaant iy dadudanesnui lidudeu nnageuiues
pFaganIfeunaniudanisnutseantiidu 2 uuudiaes Ae Multivariate Bernoulli 4oy

Multinomial
P(xlc)P(C)

P(clx) = )

(6)
P(clx) = P(x1lc) x P(x2lc) x ...xP(xnlc) x P(c) (7)

ARLNYANNIT UNUAILLT 3 F7 Aa
C A8 AAN4 (Class) x A9 LWBFSNAH (Attribute)

P Af Probability (Aa1xnaziil)

P(c|x) Posterior probability A8 ANUrazidundeyaniuenyisian x aziinana C

a

P(x|c) Likelihood Aa ANUazidlundeyaninad C uasiuanvisdas
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P(c) Prior probability A8 971491 ClassTinnaazifintusnuiuClass sian
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P(x) Predictor Prior probability A9 A2 Attribute %wm
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Fewnsfimes ATNNIHIADT
n_estimators 150
criterion True
max_depth 8
min_samples_split 2
min_samples_leaf 1
min_weight_fraction_leaf 0.0
max_features auto
max_leaf_nodes None
min_impurity_decrease 0.0
min_impurity_split None
bootstrap True
oob_score False
n_jobs None
random_state None
verbose 0
warm_start False
class_weight None
ccp_alpha 0.0
max_samples None
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Alpha 1

fit_prior True
class_prior none
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Sawnsfimes ANNITHLAAT
Max feature 2000
Optimizer adam

Q11491 LSTM Layer 4

Learning rate 0.01

Batch size 10

A3 12 ANTNEARNS Summary 18aliiaa LSTM Aldainnnsldnianiime finesiu

Layer (Type) Output Shape Param#
Embedding (none, 250, 128) 256000
Spatial_ dropout1d (none, 250,128) 0
LSTM (none, 196) 124800
Dense (none,2) 394

Total params: 511,194
Trainable params: 511,194

Non-trainable params: 0
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1 from selenium import webdriver
2 from selenium.common.exceptions import NoSuchtlementException
2 from webdriver_manager.chrome import ChromeOriverManager
4 import time
5 from random import randint
& from time import sleep
7 from requests import get
g2 from bs4 import BeautifulSoup
9 import pandas as pd
12  import time
1 #get html content
2 def getHTMLContent(url):
3 try:
< response = get(url)
S html = BeautifulSoup(response.text, ‘html.parser’)
3 except Exception as e:
7 html = None
8 return html
1 hospital_link = ['https://www.honestdocs.co/hospitals/world-medical-center-hospital’,
2 ‘https://wwi.honestdocs.co/hospitals/thanyaburi-hospital’,
3 ‘https://wwi.honestdocs.co/hospitals/samitivej-sriracha-hospital’,
4 ‘https://www.honestdocs.co/hospitals/pathumthani-hospital’,
s ‘https://www.honestdocs.co/hospitals/navamin-1-hospital’,
5 ‘https://ww.honestdocs.co/hospitals/bangkruai-hospital’,
7 *https://wwi.honestdocs.co/hospitals/nakhon-ping-hospital’,
8 ‘https://waw.honestdocs.co/hospitals/ban-fang-hospital’,
B ‘https://www.honestdocs.co/hospitals/bangkok-hospital-phitsanulok’,
1e ‘https://wwi. honestdocs.co/hospitals/khelang-nakhon-ram-hospital', ‘https://www.honestdocs.co/hospitals/lal
«“ B »
Web scraping
1 i=90
2 below 3 = []
3 for url in hospital_link:
4 try
5 scrape_data = pd.read_csv("scrape_df.csv")
6 except:
7 scrape_data = pd.DatafFrame({"name”: [],
8 "number™: (],
9 "link": [1 D
10
11 hospital_name = url.split('/')[-1]
12 driver = webdriver.Chrome('chromedriver’,options=chrome_options)
13 # driver.get(url)
14 # sleep(3)
15 zero_comment = False
16
17 while not zero_comment:
18 try:
19 driver.get(url)
20 sleep(3)
21 try:
22 get_button = driver.find_element_by class_name('ask_ link.ask_ link--load-more.open-reviews.js-load-more’)
23 except NoSuchElementException:
24 print(‘@ comment for ‘,url)
25 below_3.append(url)
26 zero_comment = True
27 break
28 while True:
29
30 get_button.click()
31 sleep(s)
32 before = driver.find_element_by_class_name('reviews')
33 before_html = before.get_attribute( innerHTML')
35 get_button.click()
36 sleep(5)
37 after = driver.find_element_by_class_name('reviews')
38 after_html = before.get_attribute('innerHTML")
39 sleep(5)
41 if before_html == after_html:
42 success = True
43 print(°'The end")
44 sleep(1)

break




# Scrape data from html source

html_content = driver.page_source

driver.close()

html = BeautifulSoup(html_content, ‘html.parser’)

ratings = []
reviews = []
dates = []

comments = html.find_all('div’, class_='comments__container’)
for comment in comments:

rating = comment.find("span“, class_="star-rating”)["data-score”]
ratings.append(rating)

review = comment.find("div", class_="comments__content™).p.text
reviews.append(review)

date = comment.find('p’, class_= ‘comments__date').text
dates.append(date[1:-1])

df = pd.DataFrame({"reviews"”: reviews,
“ratings”: ratings,
“dates”: dates })
df['dates’'] = pd.to_datetime(df[’'dates’], format="%B %d, XY XH:%M")

df.to_csv("data/" + hospital_name +".csv", index=False, encoding='utf-8-sig’)

data = pd.DataFrame([[hospital_name,len(reviews),url]], columns=['name’, 'number’, 'link’])
scrape_data = pd.concat([scrape_data, data])
scrape_data.to_csv("scrape_datal.csv”, index-False, encoding='utf-8-sig’)
sleep(randint(1,5))
i+=1
print(‘index’,i)
print(hospital_name,len(reviews))
print(below_3)
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#NLP

import nltk

from nltk import sent_tokenize, word_tokenize, RegexpParser
from nltk.sentiment.util import mark_negation
from nltk.corpus import stopwords, wordnet
from nltk.stem.wordnet import wWordNetLemmatizer
from nltk.tag import pos_tag

nltk.download( 'punkt')

nltk.download( ' stopwords')

nltk.download( 'averaged_perceptron_tagger')
nltk.download( 'wordnet')

def plural2singular(word):

if word == "doctors":
return “"doctor”

elif word == "nurses":
return “nurse”

elif word == "clinics™:
return "clinic”

elif word == "hospitals":
return "hospital”

elif word == "services":
return “"service”

elif word == "staffs":
return “"staff"

elif word == "treatments”:
return “treatment”

elif word == “students":
return "student”

else:
return word

def get_wordnet_pos(tag):
if tag.startswith('3'):
return wordnet.AD)
elif tag.startswith('v'):
return wordnet.VERS
elif tag.startswith('n'):
ret

urn wordnet.NOUN
elif tag.startswith('R'):
return wordnet.ADV
else:
return ‘a3’

def lemmatize_word(tokenized_words):
lemmatizer = wordNetLemmatizer()
lemmatized_words = []
for word, tag in pos_tag(tokenized_words):
pos = get_wordnet_pos(tag)
lemmatized_words.append(lemmatizer.lemmatize(word, pos))
lemmatized_words = ' ‘.join([str(word) for word in lemmatized_words])
return lemmatized_words

def extract_noun_phrases(parsed_trees):
nps = []
for parﬁd_tree in parsed_trees:
np =
for subtree in parsed_tree.subtrees():
if subtree.label() == 'NP':
t = subtree
t = " ".join(word for word, tag in t.leaves())
np.append(t)
nps.append(np)
return nps

def preprocess_review(reviews):
cleaned_reviews = []
for review in reviews:
review = re.sub("[~a-zA-20-9\5]", " ", review)
words = word_tokenize(review)
tokenized_words = [(word.lower()).strip() for word in words if word not in stopwords.words("english")]
lemmatized_word = lemmatize_word(tokenized_words)

cleaned_reviews.append(lemmatized_word)

def create_parsed_trees(df):
# Define your custom grammar (modified to be a volid regex)
grammar = """NP: {<NN|NNS>+}
{<NN| NNS>#<CO> <N | NS>+ )"

# Create an instance of your custom parser

chunker = RegexpParser(grammar)

parse_trees = []

for sentence in df['reviews_en']:
parse_trees.append(chunker.parse(pos_tag(word_tokenize(sentence))))

return parse_trees
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NLP Processing & Predicting

1 df = df[df.sentiment != “"neutral”]
df["sentiment'] = df['sentiment’).replace('positive’,0)
df['sentiment’'] = df['sentiment’].replace('negative’,1)

wn

df['reviews_en'] = df['reviews_en'].apply(str)

df = extract_sentences(df)

df["cleaned_reviews"] = preprocess_review(df["reviews_en"]
df[“sentiments_pred”] = predict_sentiment(multinomial_nb_classifier ,df)
df["NP"] = extract_noun_phrases(create_parsed_trees(df))

(L SIS
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#Utils

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import re

from tqdm import tqdm

#Machine Learning

from sklearn.model_selection import GridSearchCv, StratifiedkFold, train_test_split
from sklearn.feature_extraction.text import Tfidfvectorizer, Countvectorizer
from sklearn.pipeline import Pipeline

from sklearn.naive_bayes import Multinomialns

from sklearn.naive_bayes import Multinomialng

from sklearn.ensemble import RandomForestClassifier
from sklearn.svm import SVC

# metrix classification

from sklearn.metrics import precision_recall_fscore_support

from sklearn.metrics import accuracy_score, classification_report
# metric

from sklearn.metrics import classification_report

def train_random_forest(X_train, Xx_test, y_train, y_test):

tfidf_vectorizer = Tfidfvectorizer()
rf_clf = RandomForestClassifier(random_state=282e, class_weight="balanced")
rf_pipeline = Pipeline([

('tfidf', tfidf_vectorizer),

('classifier’, rf_clf)

3))

rf_params = {
"classifier__n_estimators": range(se, 20e, 59),
"classifier__max_depth": range(2, 1o, 2),
"classifier__min_samples_leaf": range(1, 4)

}
grid = Gridsearchcv(rf_pipeline, param_grid=rf_params, cv=1@, scoring='roc_auc')
grid.fit(x_train, y_train)

print(“Best Score : X.2f" X grid.best_score_)
print(“gest Params : ")
print(grid.best_params_)

y_pred = grid.predict(x_test)

print(“Accuracy : %.2f" X accuracy_score(y_test, y_pred))
print(classification_report(y_test, y_pred))

return grid.best_estimator_

def predict_sentiment(estimator, df):
sentiments = []
for sentence in df["reviews_en"]:
sentiment = estimator.predict([sentence])
if sentiment == 1:
sentiment = "positive”
else:

stf.itinent = "negative”
sentiments.append( sentiment )
return sentiments
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df = pd.read_csv("/content/gdrive/My Drive/Colab Notebooks/Thesis/train_test__bkk_translated.csv”, index_col=False, header

«

train_test_data = df.iloc[:]

train_test_data = train_test_data.reset_index()

train_test_data = extract_sentences(train_test_data)
train_test_data["cleaned_reviews"] = preprocess_review(train_test_data[“"reviews_en"])
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df = df.loc[:,[" reuews en', 'cleaned_reviews', ‘dates', 'sentiments_pred', 'NP', 'Hospital']]
of['staff_ '] =

df['service_wP'] =
df['finance_NP'] = " "
df['infrastructure_NP'] = " "
df['process_NP'] = " "
df[‘other'] = " *
df['catagories’] = " "

Dimstaff = [“"doctor”, "nurse", "student", “"guard”, "staff", "Doctor”, "Nurse"]

Diminfrastructure = [“hospital”, “"clinic”, equxpuent" "place” , "building", "room", “department"”, "floor")

Dimservice = [“care", "treatment”, “advice", "surgery"”, "disease"”, "medical care » "service",
Dimfinance = [“price”, “"claim", "payment”, “cost”, “"finance"]
Dimprocess = [“queue™, “appointment”, “"process”, nanagement", "schedule”, ‘Appointment ']

for index, row in df.iterrows():

staff = []

service = []

finance = []

infrastructure = []

process = []

other = []

catagory = []

for i in range(len(row['nP'])):
# print(row[ ‘NP'][1])
if [word for word in Dimstaff if word in row['NP'][i]]):
staff.append(row['nP'][1])

elif [word for word in Diminfrastructure if word in row['NP'][i]]:
infrastructure.append(row[ ‘NP'][1])

elif [word for word in Dimservice if word in row['NP'][i]]:
service. append(rou[ NP'1[i])

elif [word for word in Dimfinance if word in row['NP"][i]]):
finance. appena(m[ Ne'1[1))

elif [word for word in Dimprocess if word in row['NP*][i]]:
l;tzocess -append(row "Ne'1[1])

other.append(row[ ‘NP'][1])

if staff:
catagory.append(“staff")

if infrastructure:
catagory.append("infrastructure”)
if service:
catagory.append(“service")

if finance:

catagory.append( “finance")

if process:

catagory.append( “process”)

if not staff and not infrastructure and not service and not finance and not process:
catagory.append(“other”)

# Change list to string

staff = ' '.join(e for e in staff)

service = ' '.join(e for e in service)

finance = ' '.join(e for e in finance)
infrastructure = ' ',.join(e for e in infrastructure)
process = ' '.join(e for e in process)

other = ' '.join(e for e in other)

catagory = ' ‘.join(e for e in catagory)

df[nP][index]- * '.join(e for e in row['NP'] )
df[ 'staff_ne'][index] = staff

df[ 'infrastructure_NP'][index] = infrastructure
dﬂ'service_w'][index] = service
df(['finance_NP'][index] = finance

df[ 'process_NP'][index] = process

df[ 'other' ][index] = other
df(['catagories’][index] = catagory

"responsibility”,

"manner”,
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