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Il The Proposed Scheme
1. HI0[E

1.1 Ho =&

B =Rl s} 248 $18l A3t tlofel= Kaggleol] 3711
The Movies Dataseto]c}. The Movies Dataset =

movies_metadata, credits, keywordsE AM3}Ich

Ja|a ARgAle] 933 F HlolelE 51817] 218l GroupLens
Researchollx] All&3F MovieLens 100K Datasetg A3}t
MovieLens 100K Dataset = uw.item, u.dataZS ARSFGCH
MovieLens Hloel= vU|4E} thstnLe] GroupLens Research
Projectolk] MovieLens JA0|ES F3l 19973 99 1945
1998 4¢¥ 224714 777 =0k AReA} HrET 2070
v ALt gk 1 BAPE i dioEle of dlofe] AlEeiA
AR} AA=JE
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1.2 C|0JE] EMH

movies_metadatat= 33} A=, A=, 78, 72, 3 ARE
ik, =9l AL 5 w2 veld|o|E1Z AlTshe wlofElAlol).
B =l gsls sl S8l AMgshe vieldlolE et Ze
gh= vebloE7} o Bonz F 2479 weldolE 5 87%k
ARSI credits GO gslol] E15t vl e} sl Holit
ARbEe] ofold], whe o3k A, ofF; Ao 9 T AR
keywords Hlo[Eh= <dgle] 719I=E54 AEsc) HlolElS AAe
2] ¢S The Movies Dataset®] HloJElEF)- Table 1, 2, 33}
2t

Table 1. movies_metadata2| C|0|E{&H| 0| E{ EFR

Iltem Value
id =ste| oto|C|, object
title Aste| M=, object
genres dste|l EHZ, object
overview Aste| IR, object
release_date Asto| JHE LM, object
runtime dsto|l MY AlZE, float64
vote_average dstel HE ", floaté4
vote_count dstol WA FES, floatbs

Table 2. credits2| C| O|&{ &Cl|O| B E}

i)

Iltem Value
cast Aste| AR MHE | object
crew Aste| MER MHE | object
id d3to| otolL], int64
Table 3. keywords2| Ol O|E{ &L 0| E{ E} &

Iltem Value
id d3to| otolL], int64
keywords gkl 7| E, object

movies _metadata, credits, keywords®] id dle[EE}Y0]
movies_metadata?t T}E2 g 7HS- int E}JoE W, ASHS
AASL Agetct.

uitem Ho[E{A= 1,682712] ogsle] ololtie} AE-S A3t
udata™ 1,6827]12] <gslel] thal] 9432] ARgAIZRE] BES- 100,000
7ol B} e ASEt ke 135 E] 5571Ae] Axa Roiw]
o] Qlok Zh AREAlE F4: 209] 32 eIk dlolEE
AAE}A] 9k MovieLens 100K Dataset 2] Tlo]E]E}S}S Table
4, 59} Ztk

Table 4. u.item2| H0|& &M O|E{ ElE

Iltem Value
movie_id dsto| oto|C], int64
title dsto| X =, object
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Table 5. u.data®| C|O|E{ &H| O EHY

ltem Value

user_id AR X} otolC], int64

movie_id dste| oto|C], int64

rating ARBREZE F0{5t At WA, int64

1.3 Hl|oje X2

dlofe] FAE 317] #, L3t "o E d32el| mov] 23|
movies_metadata, credits, keywordsZ idZ 71502 3R] o]
Elzgdoz wielsict Wit diele =g s dfefar stk

Fig. 19] W& tf2} 2t wekdlole cast, crew, keywords,
genrest 2193} ¥ 22E Elglolck wehA literal eval() -2
AR83) ool Al 71 dlolE] BRIl BlER w3kl
o} 5 v 719IS, A= wEldle[BE A18sl] 3slkE sl
o] crewolx] 7H=wt 3238) directorol] AA8Icy Zela
keywords, genres, castt= 2lREQ] Y4l AFAE 2] keyZ| name?]
tlofetel] thiek 9] 37hE FE3h= WHo] oH=R FE ok
FE39ct

s AR A E4 HESE 9180 cast, director,
keywords, genre 47]2] 5745 771 w0 [E1E Shte] BlEAfH
A soupell Adsick

features = ['cast’, 'crew’, "keywords', 'genres']
feature features:
df[feature] = df[feature].apply(literal_eval)

get_director(x):
crew X
(crew[ 'job']=="Director') | (crew['job']=="director'}:
crew[ "name" ]
np.nan

df

‘director'] = df['crew'].apply(get_director)

get_top_three(x):
isinstance(x, list):
names = [element[ name’]
len(names) > 3:
names = names[:3]
names

[1

df[ "keywords'] = df[ "keywords'].apply(get_top_three)
df[ 'cast'] = df['cast'].apply(get_top_three)
df[ ‘genres'] = df[ 'genres’].apply(get_top_three)

element x]

sanitize(x):
isinstance(x, list):
[str.lower(i.replace(” ", "")) i x]

isinstance(x, str):
str.lower(x.replace(” ", ""))

features = ['cast’', 'director’, "keywords', 'genres’']

feature features:
df[feature] = df[feature].apply(sanitize)

create_soup(x):

text =

text = ' '.join(x[ 'keywords']) + " °
text = text + ' '.join(x['cast']) + " '
text = text + x['director'] + ' '

text = text + ' '.join(x['genres'])

text

df[ 'soup'] = df.apply(create_soup, axis=1)
df = df[:2e000]

Fig. 1. HIOlH FXz|(1)
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Fig. 29| W82 thea} 2t} udatadl] Y= AMg=te] o35} 334
Hlo[ElE 7B Q7] 23 witeme] titleS W2l titleS 7|02
dfe} HEksloitk movies metadata®) titleol= ¢d3ke] 7RI}
FEEoIIA] EARE witemd] titleolhs TR} 2157 Wizl
TNEA=E Alefeh AT E3H titleR 7S] WIAATUCE
wekel ol SEH elolEL A

i in range(len{movies)):
mt.append(movies.iloc[i][ "title

mt
for

07D

movies['Title'] = mt

movies = movies.drop('titl
m_cols = ['movie_id", '
movies.columns = m_cols

', axis=1)

df = df.merge(movies, on="titl
df = df.drop_duplicates{ tit

sklearn.feature_extraction.text import CountVectorizer
sklearn.metrics.pairwise import cosine_similarity

From
o

count = CountVectorizer(stop words='english')

count_matrix = count.fit_transform(df[ scup'])

count_sim = cosine_similarity{count_matrix, count_matrix)

df = df.reset_index()

indices = pd.Series(df.index, index=df[ title']).drop_duplicates()

df2 = df.copy()
df2 = pd.merge(df2, ratings)

def content_recommender{user_id, count_sim, dataset, indices):

m_list = dataset[dataset[ user_id']==user_id]

r_max = m_list['rating’].max()

title = m_list[m list['rating’]==r_max].iloc[@][ 'title’]
idx = indices[title]

sim_scores = count_sim[idx]

sim_scores = enumerate(sim scores)

sim scores = list(sim_scores)

sim_scores = sorted(sim_scores, key=lambda x: x[1], reverse=True)
sim_scores = sim_scores[1:11]

movies_indices = [i[®8] for i in sim scores]

return df['title'].iloc[movies_indices]

print("Input Your id")
user_id = int(input())

p_list = content_recommender(user_id, count_sim, df2, indices)

from

sklearn.model_selection import train_test_split

X = df2[["index’, "title’, 'movie_id", 'user_id', "'rating’]].copy()
y = df2['user_id']
X_train, X _test, y train, y_test = train_test split(X, y, test_size=8.25,

random_state=1084,
stratify=y)

Fig. 2. dl0lEf Xx2/(2)

A1 HESE 2lEl 4709 5748 shte] ElExH ¥ soup
M) HloJe]E sklearn ] CountVectorizer()9} fit_transform()S-
A183) WIS APBlct: dele wer id7) 7S A 7 RE odslet
e, 7, 7I91E, =0t st olE sl SRl BE Al
g SR dolol HIdElE S+ TfidfVectorizer7} opd
CountVectorizer2 ARl A} S3sh= doldl] 715115 S|
3 ohg, FAREE AR 28] df9} u.dataE movie idE
7lEo R HRtsle d2ehke vlolElZdldo R APdeldict. ARl
oIt R AR} ket o8t 5 71 = ket ¥skE
FaL Wl ofsle} AT =2 3] 107)9] gslE sk

RS SRlal ofE WRe] 1B train, test B|OfEIE THESE
ct. dR29A] index, title, movie id, user id, rating Hl°oJElS
EARIL user_idE 7€ 2 Aok F3|15EHE ARESIAL train
HloJe] 75%, test HloJE] 25%E Wrick
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def RMSE(y_true, y_pred):

result = np.sqrt(np.mean((np.array(y_true)-np.array(y_pred))**2))
eturn result

def evaluation(model):

id_pairs = zip(X_test['user_id"], X_test['movie_id'])

y_pred = np.array([model(user, movie) for (user, movie) in id_pairs])
y_true = np.array(X_test['rating’'])
eturn RMSE(y_true, y_pred)

= X_train.groupby([ ‘movie_id'])['rating’].mean()

= pd.DataFrame(train_mean)

reset_index()

= pd.merge(train_mean, X_train[['titl
on="movie_id")

train_mean
train_mean
train_mean.

train_mean e', 'movie_id"]],

def level@Model(user_id, movie_id):

rating = @

res = content_recommender(user_id, count_sim, X train, indices)
res = list(res)

for j in range(18):

i

’ rating +=train_mean[train_mean[ 'title’]==res[j]].iloc[8][ rating']
except:
rating += 3.4
return rating/18
evaluatedValue = evaluation(level@Model)

Fig. 3. =22 &I}

In [7]: evaluatedValue
Out[7]: 1.2188313841243186

Fig. 4, 23 @I} Zzt

Fig 39 182 thaa} 2k 3% 107H9] <38} dlofels 7L
S dEsisi ks 00l 7k Bert =2 RMSE(H
T AR Q2P 3l5ie) o183 Wekd|olE] cast, keywords, genre
o] e 39 YK FESIY 7k RMSE] A=
1.21003180412481860]c}. 3FA} cast, keywords, genresE 37]2
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In [12]: evaluatedValue
Out[12]: 1.2161355174913229
Fig. 5. HIEIHIOIE 42| 474E oS8t 22 I} Zx

In [14]: evaluatedValue

Out[14]: 1.214177862594141

Fig. 6. HIEIHIOIE 42| 574E oS8t 22 I} Zx

In [16]: ewvaluatedVWalue
Out[16]: 1.228856775841277
Fig. 7. HIEIIOIE &2l 67HE 0I8Ft 2 W} Aot

cast, keywords, genres®] 7WFE 3] A7hR0 2 Z2dghs wie]
RMSE:= Fig 5 Qi= 1.21613551749132290[c) 232] 571, 67112
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