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Abstract At Amazon.com, we use recommendation algorithms
to personalize the online store for each customer. The
Now a day’s many e-commerce applications store radically changes based on customer interests,
amount of data like products and its details, showing programming titles to a software engineer
images, description, reviews etc. Recommender and baby toys to a new mother. The click-through
systems make life easier by making and conversion rates — two important measures of
recommendations. In e-commerce, often some Web-based and email advertlsmg effectiveness —
products doesn’t get sold or less profits are vastly exceed those of untargeted content such as
earned from the product. Identification of the banner adve{rltgsments and top-seller lists.
. Beautiful
reason behind the less profits from the product, viewe in ncka on 25 Septamber 2021
was a difficult task. So we are proposing a hybrid R
. TooPros- 1. Slim & sleek design
recommender system that helps the item 2 Better front camera
. . . 3.Good battery life, one day for your daily activity
manufacturer to improve his product. We built a il e A
hybrid recommender system by combining ey _ _ ; ;
. . l th 1 th 1. Meeds more improvement in fast charging as only 18 watt fast charging given, can charge phone in 1.5
various regression algorithms along wi hes
backward gelimination% CAR(Contextg—Aware ;[Jlriflzil?l‘lt:zlmera as triple camera given in back side {picture quality in rear camera was not good)
Recommendatlon)model, user to user 4. Needs Amolad display at this price range as led display is given

5. Needs atleast 90 hz refresh rate as it supports only 60 hz

collaborative filtering. Finally the optimal

. L. In the existing system customer reviews are stored in
business decision is taken by the manufacturer. &8y

textual format and it is difficult task to understand
which context is not satisfied by the customer by

1. Introduction . .
giving overall rating.

Recommender systems are software tools

used to generate and provide suggestions for II. PROPOSED SYSTEM
items and other entities by exploiting various Unlike the existing recommender —system
strategies.  Hybrid  recommender  systems algorithms we are proposing a new recommender

comb1qe two or more recommendation algorithm to improve the sales of the product
strategies in different ways to benefit from manufacturer.

their complementary advantage. In this project Implementation of real-time data analysis on the
we combine  regression algorithms — with dataset helps in extracting the useful information like:

backward elimination, CAR model and User The reason behind the less sales of product and which
to User collaborative filtering model. context leads to less sales of a product.

Anyone can register on this application. Through

II.  Existing System ) this application we can collect the reviews of the user
Recommendation algorithms are best known for their in a context based way. Based on the ratings of the
use on e-commerce Websites,1 where they use input user we can find which context we must improve to
about a customer’s interests to generate a list of improve the sales of a manufacturer.

recommended items. Many applications use only the
items that customers purchase and explicitly rate to
represent their interests, but they can also use other
attributes, including items viewed, demographic data,
subject interests, and favorite artists.

www.ijseat.com Page 153



International Journal of Science Engineering and Advance | ISSN 2321-6905
Technology, IJSEAT, Vol. 10, Issue 1 | Feb-2022

Step 2: Load and process the dataset

Step 3: Select the required features

ato Step 4: Perform Various regression.

ol i Step 5: predict the accuracy of the model.

Phone Review Survey

8 rRoM 'y
. BATTERY o

B CaMERs @ .

¥ CHARGING SPEED System Architecture:

§ VALUE FOR MONEY -3+
OVERALL RATING e

subrt
L Source
(Amazon)

If we collect the reviews from the customer
in the contextual format as shown above it is easy Data collection
extract information like “which context of the (Implicit data
product is not satisfied by the customer”. exiraction

Hence we can recommend those contexts to
the product manufacturer and the sales of the
products will increase.

Hylbrid Model

(CAR.User-User)

. Regression
1V. Implementation (Multiple

File 1: User to User.ipynb:
Step 1:Import the necessary libraries O
Step 2: Load and process the dataset REcSHiRE
Step 3: Select the required features ndation
Step 4: Calculate the average of the contexts.

Step 5: Construct a method for finding
similarityusing Karl Pearson's coefficient .

‘/E“Z(ZLI f:ﬂa'_ ]—9 :/J gi_f] = FLOW CHART
1=1 Ly — @& 1=1 y": - y -
<«<p

Step 6: Replace the null values with most similar
values.
Step 7: Assign names to the Columns.

Flow Chart:

STy pearson =

. Uota se
Step 8: Store the results in the csv format. Cregte datasef i
File 2: Anova.py:
Step 1: Import the necessary libraries Ll
Step 2: Load and process the dataset -
Step 3: Calculate the anova for all the contexts over Mising erlser
user overall rating. Volues collzborative Fitering
Step 4: Store the results in text document.
File 3: Backward Elimination.py: Annova
Step 1: Import the necessary libraries Test
Step 2: Load and process the dataset
Step 3: Select the required features Multle Linear Backvardelmnaton -
Step 4: Perform stepwise regression. reqression|Model eclniage

Step 5: Based on value eliminate the contexts
(backward elimination).

Step 6: Store the results in text document. contexts

File 4:Regression.py
Step 1: Import the necessary libraries
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V.  Output Screenshots Anova Results

0 data_set=pd.read_csv("vivo,csv™) sklearn.metrics import mean_squared_error
dfi=data set.iloc[:,[1,2,3,4,5,6]] matplotlib.pyplot plt
final-dfi.to numpy{)
final

C+ array(ll4, 2, 3, 2, @, 3], i
[5, 3, 2, 4, 5, 4], dataset =pd.read_csv( ungl. ',encoding="Llat
[2, 4, 4, 2, 4, 3],
[ERERERD o )
[4, 3, 55 45 3, 51, Y=dataset.iloc[:,0:1].values
[5, 2, 55 5, 4, 211} X=dataset._iloc[:,1:7].values

[18] ¢ ol in range(a,&)! el
el ”_: de:a i +5) e t statsmodels.api sm
for row in range{e,len(final}): #row one=np.ones((1615,1),dtype=int)

X=np.append(arr=one,values=X, axis=1)

if(f: J.r\al[r‘w][col] L
for irow in range(s,len(final)):
if(fiﬂa-'[il'Ol\'J[WlJ!=i-‘}= X_new = np.array(X[:

n=n+(similarity(final [row],final[irow]))*(final [irow] [col]-avgl[irow]) obj sm.0LS(endog
den=dentabs(similarity{final[row], final[irow]))
pred=avpl [row]+(n/den}

final[row] [col]=-pred

X_new = np.array(X[: 0,1, 4,5]], dtype=float)

print(final} -
obj = sm.0LS(endog , € X_new) . fit()
print(obj.summary())

[[a3 33235}

: : : ‘; 4 ;% stdout=open(”

s print(obj.summary())

zw 545 5] sys.s‘tdou‘t.close()|

¥
@
[EE 4 uqu,a-v-

statsmodels.api as sm
statsmodels.formula.api

C(VALUE)+C(CHARGINGSPEED) ',
tats.anova lm(mudsl

gt A0 )

= 3 . l:.m e Lo
o} [

py\t(mod,l summary()) nans, gog €40 Pt
print(res) ﬁﬁd\r re 0 A

sys.stdout=open(
(model. summary ))
nt(
s.stdout.close()

¥ skl

sum_sq df F PR(>F) f'_[:i;t_:mq";;’ f

C{RAM) 9.960233 5.8 7.283432 9.470934e-07 D

C( oM ) 21.092281 4.9 19.279693 1.809023e-15

C(BATTERVLIFE) 40.248957 4.0 36.790121 2.447229e-29

C(CAMERA) 15.629141 5.0 11,428827 7.7154@7e-11

C(VALUE) 23.369814 4.0 21.361504 3.853538e-17|

C(CHARGINGSPEED) 2.424621 4.0 2.216258 6.511305e-02 "

Residual 398,495097 1457.0 Nal NaN P - R BAUSTLD @Mty LanE e

sk hpme ety

rard = i B0 aariFed_sorTEO ¥ et o je e}
Frinft aa ey
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Accuracy of Decision Tree regression

° from sklearn.linear_model import LinearRegression
r=LinearRegression()
r.fit(X_train,Y_train)

[» LinearRegression()

° y_pred=r.predict(X_test)
from sklearn.metrics import r2_score
r2=r2_score(Y_test,y pred)
print("rsquare=",r2)

from sklearn.metrics import mean_absolute error
mae=mean_absolute_error(Y_test,y_pred)
print("mae=",mae)

from sklearn.metrics import mean_squared_error
from math import sqrt

mse = (mean_squared error(Y_test,y pred))
print("mse=",mse)

rms = sqrt(mean_squared_error(Y_test,y pred))
print("rms=",rms)

rsquare= 0.5649345527759855
mae= 0.40168246197462315
mse= 0.3096168015378276
rms= ©.556432207495062

Accuracy of Multiple Linear regression

VI. Conclusion

Various models are combined together and made
a hybrid recommender system. Our hybrid
recommender system makes recommendation to the
product manufacturer.

It helps to improve the features of product and
helps to take optimal business decision.
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