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DFS: BFS:
A->B->E->K->F->C->G A->B->C->D->E->F->G
¢(DFS) Goatt 293l cmdt dpa s 95 (N sl ¢(BFS) Lui®f a5 ols a3 )l 93 (3] Ay
LliSe pusidiu 1) 9ol A

push A (checked) push A
push B (checked) pop A (checked)
push E (checked) push B
push K (checked) push C
pop K push D
pop E pop B (checked)
push F (checked) push E
pop F push F
pop B pop C (checked)
push C (checked) push G
push G (checked) pop D (checked)
push H
push |
pushJ
pop E (checked)
push K
pop F (checked)
pop G (checked)
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# New patient

my_symptoms=['vomiting', 'abdominal pain', 'diarrhea', 'fever', 'lower back
pain']

diagnosis=diagnose_vi1(my_symptoms)

print('Most likely diagnosis:',diagnosis)

.['food poisoning'] sa szt
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# Patient 1
my_symptoms=["stuffy nose", "runny nose", "sneezing", "sore throat"]
diagnosis=diagnose_v2(my_symptoms,'symptom_mapping_v2.json' , 2)

print('Most likely diagnosis:',diagnosis)
diagnosis=diagnose_v2(my_symptoms,'symptom_mapping_v2.json' , 3)
print('Most likely diagnosis:',diagnosis)
diagnosis=diagnose_v2(my_symptoms, 'symptom_mapping v2.json' , 4)
print('Most likely diagnosis:',diagnosis)

# Patient 2

my_symptoms=["stuffy nose", "runny nose", "sneezing", "sore throat"]
diagnosis=diagnose_v2(my_symptoms, 'symptom_mapping v2.json' , 2)
print('Most likely diagnosis:',diagnosis)
diagnosis=diagnose_v2(my_symptoms, 'symptom_mapping v2.json' , 3)
print('Most likely diagnosis:',diagnosis)
diagnosis=diagnose_v2(my_symptoms, 'symptom_mapping_v2.json' , 4)
print('Most likely diagnosis:',diagnosis)

# Patient 3

my_symptoms=['fever', 'cough', 'vomiting']
diagnosis=diagnose_v2(my_symptoms, 'symptom_mapping_v2.json' , 2)
print('Most likely diagnosis:',diagnosis)
diagnosis=diagnose_v2(my_symptoms, 'symptom_mapping_v2.json' , 3)
print('Most likely diagnosis:',diagnosis)
diagnosis=diagnose_v2(my_symptoms, 'symptom_mapping_v2.json' , 4)
print('Most likely diagnosis:',diagnosis)




Hllal| (L8 (ye Bblin] Sl | 45 (e

PSS UPIN PE (TS YIY

.['common cold', 'flu’, ‘allergies'] :2 , i acd

.['common cold’, 'flu’, 'allergies'] :3 ,aitlasd
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J['covid19', 'flu'] :2 ;s acs
[1:3 atiaesd

[1:4 axtiaes
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#Patient 1

my_symptoms=[ "headache", "tiredness", "cough"]

diagnosis=diagnose_v3(my_symptoms, 'symptom_mapping_v3.json', 1, 1)

print('Most likely diagnosis:',diagnosis)

#Patient 2
my_symptoms=["stuffy nose", "runny nose",

"sneezing", "sore throat"]

diagnosis=diagnose_v3(my_symptoms, 'symptom_mapping_v3.json', 1, 1)

print('Most likely diagnosis:',diagnosis)

#Patient 3
my ssymptoms=["stuffy nose", "runny nose",

"sneezing", "sore throat"]

diagnosis=diagnose_v3(my_symptoms, 'symptom_mapping_v3.json', 1, 1)

print(*Most likely diagnosis:',diagnosis)
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from sklearn .naive_bayes import MultinomialNB

from sklearn.pipeline import make_pipeline

from sklearn.feature_extraction.text import TfidfVectorizer

vectorizer - ThdfVectorizer (min_df=10)

vectorizer.fit( X_train_text ) #fits the vectorizer on the training data

X_train = vectorizer. Transform (X train_text) #uses the fitted vectorizer to vectorize the data

model_MNB=MultinomialNB() # a Naive Bayes Classifier

model_MNB.fit(X_train, Y_train ) #fits the classifier on the vectorized training data

prediction_pipeline = make_pipeline( Vectorizer , model_MNB )
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from lime.lime_text import LimeTextExplainer
text_example="I really enjoyed this movie, the actors were excellent"
class_names=['neg', 'pos'] # creates a local explainer for explaining individual predictions
i LimeTextExplainer
explainer = (class_names=class_names) # explains the prediction for this example
explain_instance explain_instance

exp = explainer. (text_example.lower(),prediction_pipeline. ,

num_features =10) #focuses the explainer on the 10 most influential features

print(éxp. - asflpyplotfifigure () ) #prints the words with the highest influence on the prediction
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Using Unsupervised Learning to Understand Text
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from sentence_transformers import SentenceTransformer

yellowbrick.text SentenceTransformer
from import TSNEVisualizer model = ('all-MiniLM-

L6-v2') #loads the pre-trained model.

docs_emb = model. TSNEVisualizer (pocs) #embeds the docs

tsne = colors ( fit =['blue', 'green', 'red', 'yellow'])

tsne. text_tfidf bbc_labels , labels )

tsne.show();

12 4elS S Jlacwd (Word2Vec) 4:-._4| o AelSI Iz gad \:_\:-J.«.ﬁ Gt LS| Gme pud | plast Jwsi e
s Lot 5281 3853 (6l Jant!

import gensim.downloader as api
import re
model_wv = api . load ('word2vec-google-news-300")

old_sentence="'My name is John and I like basketball.'
new_sentence=""

for word in re. findall (r'\b\w\w+\b',old_sentence.lower()):
replacement:model_wv.E‘?ffjfij[‘jliafi(positive:[ ‘apple'],  topn =1)[e]
new_sentence+=  replacement

sentence=new_ sentence.strip()
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from itertools import combinations #tool used to create combinations

import networkx as nx # python library for processing graphs

def build_graph(vocab:set, #setofunique words

model_wv, # Word2Vec model

similarity_threshold:float

DE
pairs=combinations(vocab, 2 ) #gets all possible pairs of words in the vocabulary
=% Graph() # makes a new graph

for wl,w2 in pairs: #forevery pair of words wl,w2

sim=model_wv. similarity (w1, w2)# gets the similarity between the two words

if sim > similarity_threshold:

G. add_edge (wl,w2)

return G
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from sentence_transformers import SentenceTransformer , util

from itertools import combinations # tool used to create combinations

model_sbert - SentenceTransformer ('all-MiniLM-L6-v2"')

def get_max_sim(L1,my_sentence):

# embeds my_sentence

my_embedding = model_sbert, encode ([my_sentence], convert_to_tensor=True)

# embeds the sentences from L2

L_embeddings = model_sbert. encode (L, convert_to_tensor=True)

similarity_scores = Util  cos_sim( my_embedding L_embedding )

winner_index=np.argmax(similarity_scores[0])

return L1l[winner_index]
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