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Configuration Manual

Sneha Bhatgaonkar
x22228136

1 Introduction

The configuration manual consists of the necessary steps to build the project. It provides
guidelines for running the solution artifact designed to address the research questions
presented in research project titled ‘Decoding Online Pharmacy Trends: Clustering,
Prediction and Business Insights’. The manual covers environment specification, data
sources, data pre-processing activities, model building and model outcome.

2  Environment Specifications
This project is built using 64-bit Windows 10 operating system.

2.1 Hardware

Operating System: Windows 10 64-bit

Processor: 11th Gen Intel(R) Core (TM) i5-11300H @ 3.10GHz 2.61 GHz
RAM: 16GB

Storage: 512GB

GPU: NVIDIVA GeForce MX450

2.2 Software

e Microsoft Excel
e Jupyter Notebook
e Visual Studio

In this project following libraries, packages are used for data computation, visualization,
cross-validation, classification using machine learning algorithms and model performance
evaluation.

Pre-requisite:

1. This project requires transformers, torch -> pip install transformers torch
(transformers version 4.42.4 is used in current study)

2. Environment required for spacy Med7: spaCy version >=3.1 and Python >=3.7

Task-specific packages and libraries:



2.2.1 Data computation:

import re

import pandas as pd

from ordered set import OrderedSet
import matplotlib.pyplot as plt
import numpy as np

from wordcloud import WordCloud
import seaborn as sng|

These imports are used for data-related activities, such as cleaning, creating regular
expressions, and visualizing data using seaborn library.

2.2.2 Models for classification and clustering:

#Clustering
from sklearn.cluster import KMeans
from sklearn.decomposition import PCA

#Split data
from sklearn.model_selection import train_test_split

#Cross validatien
from sklearn.model_selection import cross_val_score, StratifiedkFold, GridSearchcCv,
RandomizedSearchCv, cross validate

#Models

from sklearn.ensemble import RandomForestClassifier
from xgboost import XGBClassifier

from imblearn.ensemble import EasyEnsembleClassifier

#Sampling
from imblearn.over_sampling import RandomOverSampler
from imblearn.over sampling import SMOTE

#Metrics|
from sklearn.metrics import accuracy score, fl1 score, precision score, recall score,classification report,
roC_auc_score,roc_curve

e To split the data (train_test_split).
e To apply techniques like cross-validation (cross_val score, StratifiedKFold),
hyperparameter tuning (GridSearchCV, RandomizedSearchCV), and address class

imbalance (RandomOverSampler).

e Perform classification tasks using machine learning models (e.g.,
RandomForestClassifier, XGBClassifier, EasyEnsembleClassifier).

e Evaluate model performance using various metrics (accuracy_score, fl score,
roc_auc_score, etc.).

2.2.3 Transformers related imports:

#transformers model, tokenizer imports
from transformers import pipeline,AutoTokenizer,AutoModelForTokenClassification, AutoModel




Transformers import is used for model and tokenizer selection to perform
tokenization activity.

3 Dataset Overview

Dataset used in this project is a public dataset from Kaggle. It is present at
https://www.kaggle.com/datasets/singhnavjot2062001/11000-medicine-details and can be
downloaded in csv format. This dataset has 11825 records. And information about Medicine
Name, Composition, Uses, Side Effects, Reviews in percentage format.

Q_ search
11000 Medicine details

11000 Medicine details web scrapped from 1mg

Create

(® Home
@ Competitions
Data Card Code (10)  Discussion (0)  Suggestions (0)
[ Datasets |
A Models
About Dataset
<> Code
. . This dataset is a valuable resource for healthcare professionals, data scientists, and enthusiasts interested in exploring the world of
E] Discussions - ) ) ) ) ) )
medicines and healthcare products. It contains a rich repository of information scraped from 1mg, a popular online pharmacy and
healthcare platform, covering over 11,000 medicines.
™ Learn
v More

Data columns (total 9 columns):
#  Column Non-Null Count Dtype
@ Medicine Name 11825 non-null object
1  Composition 11825 non-null object
2 Uses 11825 non-null object
3  Side effects 11825 non-null object
4  TImage URL 11825 non-null object
5  Manufacturer 11825 non-null object
6 Excellent Review % 11825 non-null inte4
7 Average Review % 11825 non-null inte4
8 Poor Review % 11825 non-null inte4

4 Data — Preprocessing

Data cleaning and preprocessing is performed, and details are available in python file named
-<1_DataPreprocessing.ipynb>. Each column is analysed and transformed as per need.

1. Named Entity Recognition using Med7 and Clinical-Al-Apollo Medical NER:


https://www.kaggle.com/datasets/singhnavjot2062001/11000-medicine-details

a. Med7 is available as part of Spacy, it is transferable clinical natural language
processing model. It is used to separate drug name and medicine form from
column Medicine name and stored in columns ‘trf Medicine Name’ and
‘Form_clean’ respectively. Below function is used to retrieve entity and label
returned by med7 (en_core_med7 lg) stored in excel and analysed the outcome
manually.

getAllEntityAndClass(model, document, columnhame):
i=0

pipe(document):
st[i]

oc.ents)

L
elif ent.label_ =

route .append(ent.text
elif ent.label_

e.append(ent.text)

append(dosage)
-append(stregth)
-append(form)
].append(duration)
table[ "R ].append(route)
table["F “].append(frequency)
i+=1
return table

b. Clinical-AI-Apollo Medical NER is used to retrieve entities related to disease
names and side effects from the data. Following function is used for tokenization
for Uses and Side effects column.

def performTokenClassification(data):
tokenizer = AutoTokenizer.from_pretrained(“"Clinical-AI-Apollo/Medical-NER"™)
model = AutoModelForTokenClassification.from pretrained("clinical-AT-Apollo/Medical-NER™)
nlp tkn classifier = pipeline("token-classification”, model=model, tokenizer=tokenizer)
return nlp tkn_classifier(data)

Output returned by above method, was used to retrieve entity and words using below
method.



4 def getEntityAndClass combined(result, columnName):
wj=g

Scoluanlist = dotaFrome|coluanions
7 table= {

"Entity DISEASE_DISORDER_“+colummName:[], "Word_DISEASE_DISORDER_“+columnMame:[ ),

"Entity DIAGNOSTIC PROCEDURE “+columnMame:[], "Word DIAGNOSTIC PROCEDURE _"+columnName:|[ ],
"Entity OTHERS "+columnMName:[], "Word _OTHERS “+columnMame:|[ ]

].te List{)

5
2 for record in reswlt:
sel_word=0rderedSet( )
- sel_entity=0rderedSet()
5 List entity SIGN_SYMPTOM=] |
1ist_word_SIGN_SYMPTOM=[ ]

1ist_entity DISEASE_DISORDER=[ ]
1ist_word_DISEASE_DISORDER= ]

list_entity DETAILED_DESCRIPTION=[]
2 1ist_word_DETATLED DESCRIPTION=[ ]

4 list_entity DIAGHOSTIC_PROCEDURE=[ ]
1ist_word_DIAGNOSTIC_PROCEDURE=[ ]

7 list entity OTHERS=[ ]
Llist_word_OTHERS=] |
Rprint{lenfrecord) )
for 1 in range(len{record)):

#print(record{ L ][ "entity” |}
S fprint(record| L[ "word” [

if({record[i1][ entity” |=="B-DISEASE_DISORDER") | (record[i][ entity']=="I-DIS
54 (record[i][ "entity” B-SIGM_SYMPTOM') | (record[i][ entity’]=="TI-SIGM_5¥M
55 (record[1]] 'entity” ) -DETATLED DESCRIPTION") | (record[i][ entity’]=="I
(record[i][ "entity’ |=="B-0OUTCOME " )}:
1ist entity DISEASE_DISORDER.append(record[i][ "entity’])
1ist word DISEASE DISORDER.append(re.sub(”[-_]", "7, record[i][ ‘word" ]}}

EASE_DISORDER” ) |
PTOM" ) |
-DETAILED_DESCRIPTION' )|

elif((record[i][ "entity" |=="B-DIAGHOSTIC_PROCEDURE") | (record[i][ entity’ J=="I-DIAGNOSTIC _PROCEDURE'}):
1ist entity DIAGMOSTIC PROCEDURE.append(record[i][ "entity’ |}
1 1ist word DIAGNOSTIC PROCEDURE .append(re.sulb(”[-_]", "", record[i][ "word" ]})
F else:

1ist entity OTHERS.append({record[i]['entity’])
.| 1ist word OTHERS.append(re.sub("[-_]"; "7, record[i][ word" ]})}

HList_entity.append|L
BList_ word. apgend]
#volue=columnlist]j|

tiset_eatity))
SC{set_ward))

#tobLle[NewColunnbome | . append{ value)

table["Entity DISEASE DISORDER_~+columrMame |.append{list entity DISEASE DISORDER)
2 table["wWord DISEASE_DISORDER_"+columnMame | . append(list_word DISEASE_DISORDER)

4 table["Entity DIAGMOSTIC_PROCEDURE_"+columnMame] . append{list entity DIAGNOSTIC_PROCEDURE )
table[ "Word_DIAGHOSTIC_PROCEDURE_"+columiNane | . append(List_word_DIAGNDSTIC_PROCEDURE)

table[ "Entity OTHERS " +columnMame |.append(list_entity OTHERS)
table[ “Word_OTHERS _"+columnMame ] .append{list word OTHERS)
#j+=1

return table

Data was analysed and then stored in columns 'disease clean lower' and
‘clean_SIGN_SYMPTOM Side eff’, after performing subsequent cleaning activities.

In some cases, data was not identified correctly by model, in such scenarios, data was
replaced with original text.

Manufacturer names were cleaned by removing suffix mentioned as Itd or limited etc.

Excellent Review, Average Review and Poor Review columns were combined to
form overall score using weighted average technique with values between 1 to 5.
Then this column was transformed to ‘review label’ with two values ‘positive’ (for
values >=3) and ‘negative’ (for values <3). ‘review_label’ is target variable.

Component column was analysed and separated component and dosages by using
following function:



def extract components dosages(med string):
# Componet column has values with componet name and dosage ,
# dosage are present brackets for most of the records just after compenet name
# If record has more than one component , then + sign is seen in most of the records
#here, we dare separating componet and dosage.|
components = med string.split(' + ")
result = {}

# Looping through each component to extract the name and dosage
for idx, component in enumerate(components):
# Using regex to split component and dosage
match = re.match(r"([a-zA-Zo-9-\s]+)\(([*)]+)\)", component)
if match:
name = match.group(1).strip()
dosage = match.group(2).strip()
# Adding to result dic
result[f'Component {idx+1}'] = name
result[f'Dosage {idx+1}'] = dosage
else:
result[f'Component {idx+1}'] = component.strip()
result[f'Dosage {idx+1}'] = 'N/A’
return result

S Clustering

Cleaned data is used to perform clustering using KMeans along with TF-IDF and
PCA.
Below is code snippet.

def transtformTextToVector(dataFrame, columnName):
vectorizer = Tfidfvectorizer()
X = vectorizer.fit transftorm(dataFrame[columnName])
return X.toarray()

def analyze kmeans(data, kmeans stop point):

wess =[]
for i in range (3,kmeans_stop point):
kmeans = KMeans(n_clusters=i, init = 'k-means++', random_state=43)

kmeans.ftit(data)
wcss.append(kmeans.inertia )
silhouette avg = silhouette score(data, kmeans.labels )
print(
"For n_clusters =",
1,
"The average silhouette score is :",
silhouette avg,

Below outcome shows with k=7 Silhouette score is 0.653



pca = PCA(2)
pca_combined = pca.fit_transform(v_combined)
pca_combined.shape

(11741, 2)

analyze_kmeans({pca_combined,11)

C:\Users\MyPC\AppData\Local\Programs\Python\Python311\Lib\site-packages\sklearn\cluster\_kmeans.py:878: FutureWarning: The
ult value of "n_init" will change from 18 to 'auto' in 1.4. Set the value of "n_init" explicitly to suppress the warning
warnings.warn(

For n_clusters = 3 The average silhouette_score is : ©.7923450784358732

C:\Users\MyPC\AppData\Local\Programs\Python\Python311\Lib\site-packages\sklearn\cluster\_kmeans.py:878: FutureWarning: The
ult value of “n_init® will change from 1@ to 'auto' in 1.4. Set the value of "n_init~ explicitly to suppress the warning
warnings.warn(

For n_clusters = 4 The average silhouette score is : 8.7428857795067821

C:\Users\MyPC\AppData\Local\Programs\Python\Python311\Lib\site-packages\sklearn\cluster\_kmeans.py:878: FutureWarning: The
ult value of "n_init® will change from 18 to 'auto' in 1.4. Set the value of "n_init  explicitly to suppress the warning
warnings.warn(

For n_clusters = 5 The average silhouette_score 1s : ©8.6358926014538275

C:\Users\MyPC\AppData\Local\Programs\Python\Python311\Lib\site-packages\sklearn\cluster\_kmeans.py:878: FutureWarning: The
ult value of "n_init” will change from 1@ to 'autc' in 1.4. Set the value of "n_init ™ explicitly to suppress the warning
warnings.warn(

For n_clusters = 6 The average silhouette score is : 8.6354557359372683

C:\Users\MyPC\AppData\Local\Programs\Python\Python311\Lib\site-packages\sklearn\cluster\_kmeans.py:870: FutureWarning: The
ult value of "n_init® will change from 18 to 'auto' in 1.4. Set the value of "n_init  explicitly to suppress the warning
warnings.warn(

For n_clusters = 7 The average silhouette_score is : ©.6530339313066416

defa

defa

defa

defa

defa

Labels obtained using K-Means are stored in column ‘pca2 c7 all data’

kmeans_pca2 c7 = KMeans(n_clusters=7, init = 'k-means++', random_state=z43)
kmeans_pca2 c7.fit(pca_combined)
data[ 'pca2_c7_all data'] = kmeans_pca2_c7.labels_.tolist()

Below is elbow plot and cluster visualization

def plotElbowGraph(numberofClusters, data):

¢s =[]

plt.figure(figsize=(10,6))

for i in range(1l, numberofClusters):
kmeans = KMeans(n_clusters = i, init = 'k-means++", max_iter = 3@@, n_init = 10, random_state = 43)
kmeans.fit(data)
cs.append(kmeans.inertia )

plt.plot(range(l, numberofClusters), cs)

plt.title('The Elbow Method')

plt.xlabel('Number of Clusters: {}'.format(numberofClusters))

plt.ylabel( inertia’)

plt.show()

The Elbow Method Clusters
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6 Cluster-wise Data Analysis

Below is data info after performing data cleaning and pre-processing

8  Form_clean 11741 non-null object
1 trf Medicine Name 11741 non-null object
2 Manufacturer_clean 11741 non-null object
3 med weighted score 11741 non-null floate4
4 review label 11741 non-null object
5 Component 1 11741 non-null object
6 Dosage 1 11741 non-null object
7 Side effects stp 11741 non-null object
8 disease clean lower 11741 non-null object
9 clean SIGN SYMPTOM Side eff 11741 non-null object
18 pca2 c3 all data 11741 non-null inte4
11 pca2 c7 all data 11741 non-null 1inte4
12 gmm 7 11741 non-null inte4
13 cos 7 11741 non-null inte4

From this we are using following columns:

1.

NN R WD

Form_Clean -> This contains clean version of various Medicine Forms(Tablet,
capsule etc.)

Trf _Medicine Name -> This contains clean version of Medicine Names
Manufacturer_clean -> This has information on Manufacturer

Component 1 -> This contains medicine component information

Dosage 1 -> This has information on Dosages

Disease_clean_lower -> This contains disease names
Clean_SIGN_SYMPTOM Side eff -> This has side-effects related information
Pca2_c7_all data -> This contains all labels predicted by Kmeans Clustering with
n_cluster as 7

Review_label -> This is target variable with values positive and negative.

Here, Cluster based disease are visualized using word cloud.
Below cluster is formed by combining labels 0,3,4 .

data_dia_bp = data[(data['pca2_c7_all data']==0) | (data['pca2_c7_all_data']==3) | (data['pca2_c7_all_data']==4)]




1 ##Plot Word Cloud
2 plotWordCloud(data_dia_bp, 'disease_clean_ lower')

cholesterol heart mellitus hypertension o o
fressure angina

iabetes hypertension

attack stroke
attack failure

pressure hypertension

Ipressure heart now hypertension ®migraine hypertension I . |
y | 11gh h( 1'\ erol failure heart g
pressure edema

pain arrhythmia

related pain dlabetes meﬁltus

angina related

failure hypertension

Cluster 1 with Diabetes and hypertension

Below cluster contains label values 1

1 data_pain_allergies = data[(data[ 'pca2 c7 all data’]==1)]

1 # Plot word Cloud
2 plotWordCloud(data_pain_allergies, 'disease _clean_ lower')

SChlZOphl enlaparkmson disease - i d pep

sneézing-.runny'ypathic-pain

1 depression 11is syndrome
heart burn

~bacter1al infections

clesterol” &

@ heart attack l skin conditions ..

= i1 @Tgastro esophageal
Q ~angina chest

% 4_.J.rEfrl‘andlsease nose allergle
2 Rinfe ny Herglc skln pep T hay fever
H'!le_ 28 neurQ pa 1%(: muscle “spasm
allergic cppdltlons esophageal reflux

nxiety dlSOF er

epilepsy--seizures-

systemic lupus Denign prostat

heart failure &

Cluster 2 with pain relief, bacterial infections, allergies

Below cluster is formed by combining label values 2,5,6

1 data_cough fungal gastro = data[(data['pca2 c7 all data']==2) | (data['pca2 c7 all data']==5) |
2 |(data[ *pcaz_c7_all data']==6)]




1 # Plot cloud word for cluster fungal_cough_gastro
2 plotWordCloud(data_cough_fungal_gastro, 'disease_clean_lower')
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Cluster 3 with fungal skin infections and gastro

Review label distribution per cluster is plotted below:

1 sns.countplot(x=data_dia_bp[ 'review_label'],data=data_dia_bp) 1 sns.countplot(x=data_cough_fungal_gastro[ ' review_label'],data=data_cough_fungal_gastro)
<Axes: xlabel='review_label’, ylabel='count'> <Axes: xlabel='review_label', ylabel='count®>
2000
3000
1750 4
2500
1500
2000
1250 4
€
- H
S 1000 4 8 1500
8
750 4 1000
500 1
500
250 1
0
positive
review_label
positive negative
review_label
1 data_dia_bp['review label’].value_counts() 1 data_cough_fungal_gastro[ 'review label'].value_counts()
. review_label
r‘ev%ev:l_labe] positive 3082
positive 1905 negative 1745
negative 474 Name: count, dtype: int6d
Name: count, dtype: inté4
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1 sns.countplot(x=data_pain_allergies[ review_label’],data=data_pain_allergies)

¢hxes: xlabel="review label®, ylabel="count's

3000

count

positive negative
review_label

| data_pain_allergies['review_label'].value_counts()

review_label

positive 2921

negative 1614

Name: count, dtype: inté4

Below is distribution of top 10 medicine forms:
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Below is function used to analyse manufacturer distribution based on the reviews:
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def analyze_ManufactureData_BasedOnReviews(dataframe):
1st_manf = []
1st_pos = []
1st_neg = []

data_manufacture_with_reviews = pd.DataFrame()

data_manufacture_with_reviews[ 'Manufacturer_Name®]=""
data_manufacture_with_reviews['positive’']=""
data_manufacture_with_reviews['negative']=""

# Get Unique Manufactures:

uniqueManufactures= dataframe[ 'Manufacturer_clean'].value_counts()

#Iterate and store positive negative count:
for x in uniqueManufactures.index :
review_per_man =
1st_manf.append(x)
if(len(review_per_man.index)==2):
1st_pos.append(review_per_man['positive’])
1st_neg.append(review_per_man[ 'negative’])
else:
if (review_per_man.index == ‘positive’):
1st_pos.append(review_per_man[ ‘positive’])
1st_neg.append(@)
else:
1st_neg.append(review_per_man[ ‘negative’])
1st_pos.append(@)

data_manufacture_with_reviews[ 'Manufacturer_Name'] = lst_manf
data_manufacture_with_reviews['positive’]= lst_pos
data_manufacture_with_reviews['negative']=1st_neg

return data_manufacture_with_reviews

def plotBarChart(data):

df_melted = pd.melt(data, id_vars=['Manufacturer_Name'], value_vars=[ positive’,

var_name="'Sentiment', value_name="Count')

plt.figure(figsize=(8, 6))
sns

plt.title('Positive and Negative Review Count')
plt.xlabel('Count"')

plt.ylabel( 'Manufacturer")
plt.legend(title="Sentiment")

dataframe[dataframe[ ‘Manufacturer_clean'] == x][‘'review_label'].value_counts()

‘negative’],

.barplot(data=df_melted, y='Manufacturer_Name', x='Count', hue="Sentiment')
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60
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Positive and Negative Review Count

5un Pharmaceutical Industries positive
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7 Embeddings and Classification Models

Classification was performed using Random Forest Classifier, XGBoost, Easy Ensemble
classifier with vectorizations — BioBERT, Apollo-Al and BioFormer. Below is code snippet.

7.1.1 Bio-BERT embedding:

1 tokenizer = AutoTokenizer.from_pretrained(“dmis-lab/biobert-vi.1")
2 model = AutoModel.from pretrained(“dmis-lab/biobert-vi1.1")

def get embeddings mean(texts):
inputs = tokenizer(texts, return_tensors="pt", padding=True, truncation=True)
with torch.no_grad():
outputs = model(**inputs, output hidden states=True)
last_hidden_state = outputs.last hidden_state.mean(dim=1).squeeze().numpy()
return last_hidden_state

[V, BTV Y

[s)]

7.1.2 Bio-Former -16L:

1 tokenizer = AutoTokenizer.from_pretrained("bioformers/bioformer-16L")

2 model = AutoModel.from pretrained("bioformers/bioformer-16L")

1 # Function to convert text into embeddings

2 def get embeddings(text list):

3 inputs = tokenizer(text_ list, return_tensors='pt', padding=True, truncation=True, max_length=512)
4 with torch.no_grad():

5 outputs = model(**inputs)

6 return outputs.last hidden state[:, @, :].numpy()

7.1.3 Clinical-Al-Apollo:

13



tokenizer = AutoTokenizer.from_pretrained("Clinical-AI-Apollo/Medical-NER")
model = AutoModel.from_pretrained("clinical-AI-Apollo/Medical-MER")

# Function to convert text into embeddings
def get_embeddings(text_list):
inputs = tokenizer(text_list, return_tensors='pt', padding=True, truncation=True, max_length=512)
with torch.no_grad():
outputs = model(**inputs)
return outputs.last hidden state[:, @, :].numpy()

7.1.4 Train-Test Split:

X_1 = data_dia_bp[['trf_Medicine Name','Form_clean',"Manufacturer_clean' , 'disease_clean_lower",
"Component 1','Dosage 1", 'clean SIGN SYMPTOM Side eff' ]]
y_1 = data_dia_bp[ 'review_label']

X train 1, X test 1, y train 1, y test 1 = train test split(X 1, y 1, test size=0.2, stratify=y 1, random state=42)

print(X_train 1.shape, X test 1.shape)

(1903, 7) (476, 7)

7.1.5 Vectorization for data:
a. Domain specific vectorization:

X_train_uses_1 = get embeddings(X_train_1['disease clean_lower'].tolist())
X_test uses 1 = get embeddings(X_test_1['disease clean_lower'].tolist())
print(X_train_uses_1.shape)

print(X_test uses_1.shape)

#15Mins

(1083, 768)
(476, 768)

X_train_side effects 1 = get_embeddings(X_train_1['clean SIGN SYMPTOM Side eff'].tolist())
X_test _side effects_ 1 = get_embeddings(X_test 1['clean SIGN_SYMPTOM Side eff’].tolist())
print(X_train_side effects_1.shape)

print(X_test side effects_1.shape)

#1080 mins

(1083, 768)
(476, 768)

X_train_componentl 1 = get embeddings(X_train_1['Component 1'].tolist()})
X_test _componentl 1 = get embeddings(X_test_ 1['Component 1'].tolist())
print(X_train_componentl_1.shape)

print(X_test componentl_1.shape)

(1083, 768)
(476, 768)

b. Generic Vectorization:
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vectorizer = TfidfVectorizer()

X_train_Manufacturer_tf_1 = vectorizer.fit_transform(X_train_1[ 'Manufacturer_clean’]).toarray()
¥_test Manufacturer_tf_1 = vectorizer.transform{X_test_1[ 'Manufacturer_clean’]).toarray()
print(¥_train_Manufacturer_tf_1.shape)

print(¥_test_Manufacturer_tf_1.shape)

(1083, 177)
(476, 177)

X_train_MedicineName_tf_1 = vectorizer.fit_transform(X_train_1[ trf_Medicine MName']).toarray()
X_test_MedicineName_tf_1 = vectorizer.transform(X_test_1['trf_Medicine Name']).toarray()
print(X_train_MedicineName_tf_1.shape)

print(¥_test MedicineName_tf_1.shape)

(1983, 925)
(476, 925)

¥_train_Form_tf_1 = vectorizer.fit_transform(¥_train_1[ Form_clean']).toarray()
X¥_test Form_tf_1 = vectorizer.transform(X_test_1['Form_clean']).toarray()
print(X_train_Form_tf_1.shape)

print(X_test_Form_tf_1.shape)

(1903, 16)
(476, 16)

¥_train_Dosagel tf 1 = vectorizer.fit_transform{X_train_1['Dosage 1']).toarray()
¥_test Dosagel tf_1 = vectorizer.transform(X_test_1[ 'Dosage 1']).toarray()
print(X_train_Dosagel tf_1.shape)

print(X_test_Dosagel tf_ 1.shape)

(1983, 52)
(476, 52)

Combine data to create X train and X_test:

X_train_combined_1 = np.concatenate((X train_MedicineName_tf_1, X_train_Form tf_1,
X_train Manufacturer_tf 1, X train_uses_1,
X_train_componentl 1,X train Dosagel tf 1,
X_train_side_effects_1), axis=1)

X_test combined 1 = np.concatenate((X test MedicineName tf 1, X test Form tf 1,
X_test Manufacturer_tf 1, X test uses_ 1,
X_test_componentl_1,X_test_Dosagel tf 1,
X_test_side_effects_1), axis=1)

7.1.6 Various functions:

Cross validation is calculated using following function

def crossvalidation{model, X train, y train, cv):
scoring = ['accuracy', 'precision’, 'recall’, 'f1', 'roc_auc']
cv_score = cross_validate(model, X_train,y_train, scoring = scoring, cv = cv, return_train_score = True, error_score='ra
df_score = pd.DataFrame(cv_score)
return df_score.mean()

To check classification model output with confusion metrics following function is used.
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def getModelOutcome(classifier,X train,y train ,X test,y test):
model = classifier

# Train the model
model.fit(X train,y train)

# Predict on test set
y_pred = model.predict(X test)

accuracy = accuracy_score(y test, y pred)
precision = precision_score(y_test, y pred)
flscore = f1 score(y test, y pred)

recall = recall score(y _test, y pred)
roc_auc = roc_auc_score(y _test, y pred)

print(‘accuracy::: ', accuracy)
print(’'precision::: ', precision)
print('F1 score::: ', filscore)
print('Recall::: ', recall)
print('ROC_AUC::: ', roc_auc)

# Print detailed classification report
print(classification_report(y_test, y pred))
cm = confusion matrix(y test, y pred, labels=model.classes_ )
disp = ConfusionMatrixDisplay(confusion matrix=cm,

display labels=model.classes )
disp.plot()

To calculate optimum threshold following function is used:

def getOptimumThreshold(model, X train, y_train,X test, y test):
step_factor = @.05
threshold value = 8.1
roc_score=0
model.fit(X_train, y_train)
predicted proba = model.predict proba(X test)
while threshold value <=0.8: |
temp_thresh = threshold value
predicted = (predicted proba [:,1] »= temp_thresh).astype('int")
print(‘Threshold',temp thresh,'--',roc_auc_score(y test, predicted))
if roc_score<roc_auc_score(y test, predicted
roc_score = roc_auc_score(y_test, predicted)
thrsh_score = threshold value
threshold value = threshold value + step factor
print("---Optimum Threshold ---',thrsh_score,’'--ROC--',roc_score)

To predict the class, as per specific threshold value, following function is used:
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def predict with threshold(threshold value, model,X train, y train,X test, y test):
model.fit(X train, y train)
y_pred th = (model.predict proba(X test)[:, 1] »= threshold value)
accuracy = accuracy_score(y_test, y pred th)
precision = precision_score(y test, y pred th)
fiscore = f1_score(y test, y pred th)
recall = recall score(y test, y pred th)
roc_auc = roc_auc_score(y test, y pred th)

print(‘accuracy::: ', accuracy)
print('precision::: ', precision)
print('F1 score::: ', flscore)
print(‘'Recall::: ', recall)
print('ROC_AUC::: ', roc_auc)

# Print detailed classification report
print(classification_report(y test, y pred th))
cm = confusion matrix(y test, y pred th, labels=model.classes )
disp = ConfusionMatrixDisplay(confusion matrix=cm,

display labels=model.classes )
disp.plot()

8 Results

Random Forest, XGBoost, Easy Ensemble Classifier are used to perform classification using
three Vectorization techniques on all three clusters. When results are compared, it is seen that
Easy Ensemble with XGBoost estimator performed well compared to Random Forest and
XGBoost.

Model configuration used with Easy Ensemble for each cluster and each vectorization are
presented below:

8.1 Model Outcomes using BioBERT with Easy Ensemble with XGBoost
estimator

a. Model configuration for Cluster 1 present in 3 Classification BioBERT-
0 3 4 bp dia.ipynb

import xgboost
model_een_xgb = EasyEnsembleClassifier(n_estimators=10, random_state=43,
lestimator=xgboost.XGBClassifier(objective="binary:logistic",random_state=43))

b. Model configuration for Cluster 2 and Cluster 3 present in
3 Classification BioBERT-1 alrg pain.ipynb, 3 Classification BioBERT-
2 5 6.ipynb respectively

from imblearn.ensemble import EasyEnsembleClassifier

model eec = EasyEnsembleClassifier(n_estimators=10)

cv_model eec=crossvalidation(model eec, X train_combined 1, y train 1, kf)
cv_model eec

c. Evaluation metrics
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1 gethodeloutcome (model_een_xgb_1,X_train_combined_1,y_train_1,X_test_combi

C:\Users\MyPC\AppData\ Local\Programs\Python\Python311\Lib\site-packages\imble
“base_estimator’ was renamed to "estimator” in version ©.19 and will be remov

warnings.warn(

0.5756302521008403
©.8565737051792825
0.680379746835443

0.5926785467606023

precision  recall fl-score support
° 0.26 0.62 0.37 95

1 .86 0.56 0.68 381

accuracy 0.58 476
macro avg a.56 0.59 8.52 476
weighted avg 0.74 0.58 0.62 476

True label

Predicted label

0.577728776185226
8.7124735729386892

0.6376537369914854

©.577054794520548
©.5780010814708003

precision  recall fl-score  support
0 0.a3 .58 0.49 323

1 @.71 8.58 2.64 584

accuracy 0.58 s07
macro avg @.57 8.58 8.57 907
ueighted avg e.61 8.58 8.59 907

True label

Predicted label

1 gethodelOuteome(model_esc,X_train_combined 1,y train_1,X_test_combil

1 getiodelOutcome(model_cec,X_train_combined_1,y_train_1,X_test_combif

accuracy

©0.5817805383022774

0.7169942769857433

©.6353790613718411

8.5705024311183144
0.5861108124130255

precision  recall fi-score support
e 0.44 2.68 8.51 349

1 0.72 0.57 0.64 617

aceuracy 0.58 966
macro avg 0.58 0.59 0.57 266
weighted avg 8.62 8.58 8.59 966

True label

Predicted label

8.2 Model Outcomes using BioFormer with Easy Ensemble with XGBoost

estimator

a. Model configuration for Cluster 1 present in 3 Classification BioFormer-0 3 4-

bp dia.ipynb

1 model_een_xgb 1 =
2

EasyEnsembleClassifier(n_estimator

[(objective

10, random_state=43, base_estimator=xgboost.XGBClassifier
inary:logistic”,random_state=43, max_delta_step=1,))

b. Model

configuration

for Cluster 2 and

3 Classification BioFormer-1_alrg pain.ipynb,
2 5 6.ipynb respectively

Cluster 3 present in
3 Classification BioFormer-

model eec =

Wb

[~

cv_model eec

from imblearn.ensemble import EasyEnsembleClassifier
EasyEnsembleClassifier(n_estimators=10)
cv_model eec=crossvalidation(model eec, X train combined 1, y train 1, kf)

Evaluation metrics

gethodel0utcome (nodel_een_xgb_1,X_train_conbined_1,y_train_1,X_test_combined_

Z:\Users\MyPC\AppData\Local \Lib\si ges\i
base_estinator” was renamed to "estimator” in version 6.18 and will be removed ir
warnings.warn(

0.5777310924369747
0.86

: 0.6814580031695722
©.5643044619422573
0.5979417046553391

precision  recall fi-score support
0 0.27 0.63 0.37 95

1 .86 .56 e.68 381

accuracy 0.58 476
macro avg .56 .60 0.53 476
seighted avg 0.74 .58 .62 476

True label

Recall::: ©.589041095806411

ROC_AUL .5839942321557319
precision  recall fi-score support
° .24 .58 a.56 323
1 0.72 .59 .65 584
accuracy a.59 %7
macro avg .58 e. 0.57 %7
weighted avg .62 8.5 0.59 %7

True label

#Model with good scores : Easy Ensemble
getModeloutcome(nodel_eec,X_train_combined_1,y_train_1,X_test_combined_1,

©.5854465270121278
8.7166666666666667
©.6466165413533834

predicted label

1 #Model with good scores : Easy ensemble
2 getModeloutcome(model_eec,X_train_combined_1,y_train_1,X_test_combined |

©.5910073@84886129
0.7211155378486056

0.6470062555853441

0.586769886547812
©0.5927818773713271

precision  recall fl-score  support
[ a.45 0.60 0.51 349

1 a.72 .59 .65 617

accuracy 0.59 966
macro avg .59 .59 .58 966
weighted avg a.62 .59 .60 96

350

325

300

275

250

True label

225

200

175

150

Predicted label
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8.3 Model Outcomes using Clinical-AI-Apollo with Easy Ensemble with

XGBoost estimator

a. Model configuration for Cluster 1 present in 3 Classification ApolloAI-0 3 4-

bp_dia.ipynb

1 import xgboost

2 model een xgb = EasyEnsembleClassifier(n_estimators=10, random state=43,

estimator=xgboost.XGBClassifier(objective="binary:logistic",random state=43))

b. Model configuration for Cluster 2 and Cluster 3 present in
3 Classification_ApolloAl-1 alrg pain.ipynb, 3 Classification ApolloAl--

2 5 6.ipynb

1 #Model with good scores : Easy Ensemble XGBoost
2 model een xgb 1 = EasyEnsembleClassifier(n_estimators=10, random state=43, base estimator=xgboost.XGBClassifier

\(objective:" binary:logistic”,random state=43, max_delta step=1,))

1 #Model With Best score]

2 model_een_xgb 1 = EasyEnsembleClassifier(n_estimators=10, random_state=43, estimator=xgboost.XGBClassifier

(objective="binary:logistic”,random_state=43, max_delta_step=1,))

c. Evaluation metrics

deloutcome (made]_cen_xgb,X_train_combined_1,y_train_1,X_test_combined_1, y_t

. 5819327731092437

pr 0.8611111111111112
F1 : 0.6856240126382306
0.5695538057742782

0.6005663765713496
precision  recall fl-score support

° 0.27 0.63 0.38 o5

1 0.8 a.57 0.69 381
accuracy 0.58 476
macro avg 0.5 .60 0.53 476
ueighted avg 0.7 .58 0.62 476

200

175

150

125

True label

0 1
Predicted label

* gethodeloutcome(model_cen xgb 1,X train combined 1,y train 1,X test combined] | gatilodelOutcone(medel_een xgp_1,X_train_conbined_1,y_train_1,X_test_combired |

C:\Users \MyPC\AppData\ Local\Programs \Python\Python311\Lib\site-packages\imblearn\|
*base_estimator” Sesti > 4 i i

;| accuracy::: e.6624884720496805

ator’ was renamed to "estimator’ in version 0.18 and will be removed if s
- ( precision::: .736938633969307
F1 score::: .6577540105951871

©.6008520286659317 Recalli:: €.5080551053434503

0.7283050617283951 ROC_AUC::: ©.6641851457374393
0.6616822429906543

precision  recall fl-sccre  suppont
8.6061643835616438

i 0.5987478264557444 f 045 o6 653 39

precision recall fi-score  support 1 or  es  ees 017

o 045 @58 .51 323 sccurscy 060 056

1 0.73 8.61 .66 S84 nacro evg 0.60 .60 0.59 956

accuracy 0.0 . weighted sve 0.3 o6 0.6l 956
aaaaaaa € 0.59 6.0 0.59 07
weighted avg 0.53 o0 0.6l s07

350
350
325
300
300
275 z
3 v 250
H 250 g
¥ F
E 225
200 200
175
150 150
0 1
N Predicted labe
Predicted label

8.4 Other model results:

Random Forest, XGBoost model results are available in following files and can be
accessed by referring file name to check classification based on vectorization.

9 Artifacts Details:

File name along with short description of file contents is mentioned below.
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. Data Pre-Processing:

e | DataPreprocessing.ipynb -> This file has implementation of data processing
activities

e med7 demo.py -> This file contains function to perform entity extraction using
Med7

. Clustering:

e 2 Clustering.ipynb -> This file includes steps performed to create clusters using
K-means, GMM
e 2 DataAnalysis_Clustering.ipynb -> In this file, Data is analysed cluster wise.

. Classification with BioBERT vectorization:

e 3 Classification BioBERT-0 3 4 bp dia.ipynb -> Classification and evaluation
using three models for Cluster 1 using BioBERT

e 3 Classification BioBERT-1 alrg pain.ipynb -> Classification and evaluation
using three models for Cluster 2 using BioBERT

e 3 Classification BioBERT-2 5 6.ipynb -> Classification and evaluation using
three models for Cluster 3 using BioBERT

. Classification with BioFormer vectorization:

e 3 Classification BioFormer-0 3 4-bp dia.ipynb -> Classification and evaluation
using three models for Cluster 1 using BioFormer

e 3 C(lassification BioFormer-1 alrg pain.ipynb -> Classification and evaluation
using three models for Cluster 2 using BioFormer

e 3 Classification BioFormer-2 5 6.ipynb-> Classification and evaluation using
three models for Cluster 3 using BioFormer

. Classification with Clinical-AI-Apollo vectorization:

e 3 Classification ApolloAI-0 3 4-bp dia.ipynb -> Classification and evaluation
using three models for Cluster 1 using Clinical-Al_Apollo

e 3 Classification ApolloAl-1 alrg pain.ipynb -> Classification and evaluation
using three models for Cluster 2 using Clinical-Al_Apollo

e 3 Classification ApolloAl--2 5 6.ipynb -> Classification and evaluation using
three models for Cluster 3 using Clinical-Al Apollo

. Dataset:
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Medicine_Details.csv: Original Dataset

Entity_pairings Medicine_Name_2 0.csv: Data after using Med7
data_updated_review_lable_1.csv: Data after Data-Preprocessing
data_updated_review_lable 2.csv: Data after clustering
data_updated_review_lable.csv: Final Dataset used for classification
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