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Abstract—For building a recommendation system the eCommerce portal gathers the user’s ratings on various items in order
to determine his/her choice regarding its merchandise. The portal
also collects metadata for the user when he/she signs up and
becomes a part of the system; therefore the portal has access
to information such as user’s age, gender, occupation, location,
etc. Till date almost all prior studies used the metadata for
alleviating the cold-start problem; this information was not used
for improving the recommendations. For the ﬁrst time in this
work, we propose a simple neighborhood selection technique
by giving importance to the metadata groups for improving the
recommendations.

I.

I NTRODUCTION
Fig. 1: An example of meta data

In this era of e-commerce trade, recommender systems
have been used tremendously to provide users with recommendations [17]. The recommendations can vary from information, articles, movies, jokes to services. These systems are
customized such that they are as close to the preferences and
liking of the user. Their aim is to recommend items that are
more likely to be relevant to the user to improve the revenue
of the company. Recommender systems use historical data that
is given by the user over a period of time and tries to give a
short and relevant summary of items from a huge number of
unseen item lists.
Various types of systems have been made to recommend
items. Each system uses different and speciﬁc types of information to recommend lists of items, which is as close as it can
be to the user’s preferences [6]. Each system will have its own
pros and cons. Therefore, the choice of the system should be
based on the demand of the user of the system.
Recommender systems can be broadly classiﬁed into two
categories: content based ﬁltering and collaborative ﬁltering.
Content based ﬁltering [4] is done on the basis of qualities
of items that are rated/ bought by the user. Under this system
the user will rate equivalently, the objects which have similar
qualities. In collaborative ﬁltering[5], grouping is done on the
historical data rated/bought by the user. Based on this historical
data, it tries to ﬁnd users which are similar to the user and a
recommendation list is generated based on the neighborhood
users. Some hybrid recommender systems[3] are also used to
obtain better results.
All the above mentioned methods suffer from a coldstart problem irrespective of the algorithm [7] [8]. In this
scenario, whenever a new user is introduced in the system,
it has no prior item rating for this user. So recommendations
using historical data become meaningless and an alternative
is required that does not depend on historical ratings. To
counter this problem, meta data [9] [10] such as age, gender,
occupation, and ethnicity are used to initially cluster similar
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Fig. 2: Meta data usage to solve cold start

users in a group. An example of meta data is shown in Fig.
1. Recommendations of items are made using the item ratings
provided by neighbors from the group. Fig. 2 shows how meta
data is used whenever a new user in introduced in the system.
Eventually, the users rate enough items so that similarity based
techniques can be employed and metadata is not required for
recommendations.
In this framework, we propose that using the metadata
should not be limited to cold start-problems but further should
be used in later stages as well. Meta data based ﬁltering
requires storing and usage of person’s meta data such as
gender, age, location etc. It assumes that people with same
demographic attributes are likely to rate the items similarly.
We redeﬁne the neighborhood list based on the meta data so
that a more reﬁned and accurate recommendation list can be
obtained. People with same meta data tend to have similar
thinking. People in an area might be sports oriented hence lot
of people might like sports movies. Students are young and
might like more of action movies. Retired people might not
be that interested in action movies as they want to watch light
movies in general.
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Fig. 3: Proposed Framework
Ratings & meta data
A
B
C
D

M1
5
1
5

M2
4
1

M3
5
5
1
5

M4
3
1

M5
3
5
4
5

M6

M7

5

4
2

M8
4
1
4

Age
20
34
27
45

Gender
M
M
F
M

Maritual status
No
Yes
Yes
Yes

Have Kids
No
Yes
No
Yes

TABLE I: Users and Movie Ratings

II.

B RIEF R EVIEW OF R ECOMMENDER S YSTEMS

Recommender systems want to predict items which have
not yet been rated by them. Two approaches that are used
to make a recommender systems are the Neighborhood based
methods [11] and Latent Factor Models [16]. In the latent
factor models it assumes that ratings are deeply inﬂuenced
by set of parameters that are speciﬁc to domain in which the
recommender system is made for. For example: director, genre,
actor of the movie. In practice these parameters are hidden
and ﬁguring them out is difﬁcult. Even if one is able to think
about some of these hidden parameters, estimating the impact
of these parameters is very difﬁcult task. It is usually done
using the mathematical models. Some of the approaches are
decomposition of matrix into user feature and item feature
matrix. It automatically rates the features for their impact but
understanding them might them is still a difﬁcult task. Another
factor to take care of is that these matrices are sparse and
have missing data which can not be assumed to be null so
methods such as SVD and Lanczo algorithms can be used.
The decomposition focuses on ratings which are known and
tries to minimize the reconstruction error.
In the Neighborhood based models [13] [14] [15] the
relations between users is based on their historical ratings
of the products, which identiﬁes users-product associations.
It does not require extensive data collection in comparison to
latent methods. These methods require no domain knowledge
as well. It can be seen as missing value estimate. We ﬁrst ﬁnd
the user-item matrix of scores which measures the interest
between respective users and items. It is done by ﬁnding
the similarity measure between different users based on the
items they have already been rated. Different measures such
as Pearson, spearman, cosine etc can be employed for this.
An example of pearson formula is given below. Now we
pick a user for whom recommendations have to be generated.
Based on the similarity scores the users with the highest
scores are like-minded with the given users which form the
neighborhood. K nearest neighbors is employed for the same.
The items which are rated by the neighborhood and not by
users are given as recommendation to the users. The merits
of using such an algorithm are intuitive, requires no training
and the relationship can be easily explained. Estimating the
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neighborhood can vary depending on the parameters. Various
weighting techniques such as variance weighting and weighted
sum are used to associate weights with neighbors.


pearson(u, v) = 

III.

(ru,i − r̄u )(rv,i − r̄v )

2
2
(r
−
r̄
)
u,i
u
Iu∩Iv
Iu∩Iv (rv,i − r̄v )
(1)
Iu∩Iv

E XISTING META DATA R ECOMMENDER SYSTEMS

Various approaches which use meta data to get better
recommendation list are there which give some weight-age
to metadata. A hybrid work in recommender system [1] in
which the K nearest neighbors algorithm is modiﬁed by adding
another vector of length 21. Hence saving all the meta data
information (in this case age, gender and occupation) then the
both the meta data and score similarity is calculated combined
as a single feature vector. New K nearest neighbors are chosen
based on the new updated score.
Another research in this hybrid system of meta data and
collaborative ﬁltering which have proposed of using classiﬁcation of domain of movie. This classiﬁcation is based on the
meta data of users available to them. The meta data that they
have used are student, marital status, age, and gender [2].
In this paper we propose using the meta data not just to
solve the cold start problem but also in running the recommender system in subsequent stages as well. Our framework
uses both historical and meta data in 2 stage process to get
better and more accurate results instead of using them together.
IV.

P ROPOSED F RAMEWORK

Fig. 3 illustrates the steps involved in the proposed framework. Our framework is a hybrid recommender system of meta
data and historical ratings. It can also be seen as a modiﬁcation
of K nearest neighbors where the neighbors are using both the
information available to us. The idea behind the algorithm is
to use the meta data along with the historical ratings to ﬁnd the
correct neighborhood. The algorithm is divided into 4 major
parts which are explained in the following subsection:
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1)

Historical Rating based neighborhood estimation:
Since the user is already in the system he has already rated various items. The system calculates the
similarity between this user and all other users in the
system using any similarity measure. Then based on
the similarity score between the user, all other users
are sorted such that the user with the most similar
score is at the top while the user with least score is
at the bottom. Cosine similarity measure is utilized:
u1u2
cos(u1, u2) =
=
u1u2
n
i=1 u1i u2i
 n
 n
2
2
i=1 (u1i )
i=1 (u2i )

2)

Meta data ﬁltering: The similarity score of the
user with all other other users in obtained in the
previous step. We now use meta data such as
gender, age, occupation, ethnicity, and demography
to further update this list. In the framework we
propose that users with same meta data should
be added to the neighborhood list while the users
with different meta data should be removed from
the neighborhood list. Each system has variety
of information in the metadata. Choosing the
proper metadata is an essential part. The metadata
chosen is such that it covers a large amount of
users in the system such that lot the representation
of that metadata is sufﬁcient but care should be
taken that metadata which covers entire population
should also be not chosen. This way we are updating
the list with only with users with the same meta data.

uneighbor = neig
3)

4)

(2)

where umetada = nmetada (3)

Picking Top K-Neighbors: From the updated list that
was obtained in the previous step, top K-Neighbors
are chosen based on the similarity score from step-1.
They form the neighborhood for the given user. The
nearest neighbor parameter K is set. Top K people
in the same occupation based on similarity have to
be considered. If the threshold is not reached then
we take the maximum available users from that
metadata and not add any other user from different
classes of the given metadata.
Recommendation List: Now the neighborhood is
obtained for each user in the previous step. Each user
is given equal weightage when calculating the rating
of items which are not rated by the user. Now the
top rated items are shown to the given user as shown
in equation 4. Here k are the neighbors and j is the
1
item. wk is weight of each neighbor which is set to K

ui,j =

K

k=1

wk × nk,j

(4)

Movie
A
B
C
D

A
1.0000
0.6505
0.2933
0.7325

B
0.6505
1.0000
0.6505
0.6622

C
0.2933
0.6505
1.0000
0.4846

D
0.7325
0.6622
0.4846
1.0000

TABLE II: Similarity Score between all users (Cosine)

A hypothetical example of the framework is shown through
Tables I and II. We have 4 users and 8 movies rated by them.
We have the user as A and we have to ﬁnd the ratings for
items not yet rated by him/her. We also have the meta data age,
gender, marital status and have kids for each of them. Table I
gives the information of meta data and movie ratings available
for each user. Then similarity score is calculated between them
using the available movie ratings as given in Table II. On the
basis of similarly we sort them in descending order. For user
A the sorted order will be B,D,C. Now we use the meta data
gender as ﬁltering so user C is removed as the gender is female
while the gender of user A is male. So we are left only with
user B and D in its neighborhood. So the unrated items are
calculated using both B and D.
E XPERIMENT E VALUATION

V.

The given hybrid structure is evaluated on the publicly
available Movie Lens data set provided by the GroupLens
movie systems. [12]. It has 3 different sets of size 100k, 1M
and 10M. Our experiment was conducted on 100k and 1M
as both these datasets provide meta data while 10M does not
provide any meta data. The meta data consist of age, gender,
occupation, and zip code. Table III gives detailed information
for the datasets used. We used 80% of total data available
to us as training while testing was done on the remaining
20%. The partitioning is performed three times for cross
validation and average accuracy is reported. The details of
each dataset are mentioned in Table III. Ratings are given out
of a maximum of 5 stars where only whole numbers exist.
Two experiments are conducted for each dataset. In each
experiment we compare with an existing algorithm, baseline,
using occupation(top 12), occupation and gender as meta data.
Occupation(12) means that only occupations those frequency
are in top 12 (others also not there) while occupation has all
21 possible occupations.
M AE =

1
n

n
t=1

|ft − pt | =

1
n

n
t=1

|et |

In this experiment, occupation and gender are chosen as
meta data. We chose different metadata to show that choosing
the metadata is highly important. Using metadata which are
not good representation can yield signiﬁcantly less results.
Both the datasets have 21 different types of occupation. We
have compared our algorithm with an existing algorithm which
shows improved performance over the existing algorithm and
also with the baseline. Accuracy measurement MAE (Mean
absolute error) is used to ﬁnd the accuracy of predicted ratings
which is compared to user’s actual ratings which we are
assuming unknown to us.
All experiments are conducted in MATLAB enviroment on
a system of 64 bit 6 GB RAM and having a processor of 2.53
Ghz.
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Dataset
100K
1M

Number of
Users
943
6040

Occupation
writer

Number of
Movies
1682
3952

Number of
Movies Rated
100,000
1,000,209

% Ratings Known
93.6953
95.5316

TABLE III: Details of the dataset

45

technician

27

student

196

scientist

Base

31

salesman

12

retired

14

0.79

programmer

66

other

0.83

M
0.78

Gender
F
0.88

Comb
0.81

Occup

Occup(12)

0.79

0.74

TABLE IV: Results (MAE) of algorithms on 100k

105

none

Existing [1]

9

marketing

26

librarian

51

lawyer

better than occupation as in occupation(12), instances
with low frequency are removed. As the count is
low, ﬁnding sufﬁcient amount of people even with
occupation is difﬁcult. For lot of occupations, even
the threshold K is not reached.

12

homemaker

7

healthcare

16

executive

32

entertainment

18

engineer

67

educator

95

doctor

7

artist

•

In gender, males are performing better than females
due to difference in quantities. As shown in Fig. 5
number of males is higher than number of females
but overall still less than baseline. Since we ﬁrst sort
all of them based on ratings then take top K neighbors
that are considered for males. It does not impact very
signiﬁcantly in females due to the limited quantity of
data samples.

•

Both the proposed algorithms are better than the
existing methods which utilize meta data ﬁltering. This
is due to the fact that chances are higher that people
with same meta data have more inclination towards
common things. The retired do not like pure crime
movies as they might not want to think about it.

•

The results show that occupation does better than
all other algorithms as it has large division. Due to
this large division chances become very high that
people with same mentality are in same group while
gender is a highly generic attribute and fails to provide reliable segregation. This shows that choosing
the proper metadata is an essential component. The
metadata should cover sufﬁcient large population from
the system but too large. The results shows that when
using occupation gives better results in comparison to
gender.

28

administrator

79

0

50

100

150

200

250

Fig. 4: Occupation for 100k Dataset

Gender

273

670

Male

Female

B. 1M dataset
Fig. 5: Gender for 100k Dataset

A. 100 K dataset
The distribution of number of people in each occupation is
given in Fig. 4 . The distribution of gender is presented in Fig.
5. The results of this experiment are summarized in Table IV.
The nearest neighbor parameter K is set to 45. The coverage
of the algorithm in 100 K dataset is 73%. Some of the key
observations are given as follows:
•
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MAE is least when we have the occupation (top 12)
followed by occupation. Occupation(12) is performing

The distribution of number of people in each occupation
is given in Fig. 6. The distribution of gender is given in 7.
The results of this experiment are shown in Table V. The
nearest neighbor parameter K is set to 250. The coverage of the
algorithm in 1M dataset is 82%. Some of the key observations
are as follows :
•
Base
0.78

One can observe that by using the proposed scheme,
Existing [1]
0.82

M
0.81

Gender
F
0.90

Comb
0.82

Occup

Occup(12)

0.77

0.75

TABLE V: Results (MAE) of algorithms on 1M
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outperform females giving less MAE.
•
Occupation Division of 100K dataset
Unempoyed

Just like in case of 100k Dataset occupation (12) is
doing better among all algorithms giving a minimum
MAE of 0.75 .

Craftman

VI.

Engineer

C ONCLUSION AND F UTURE W ORK

Self-Employed

In this paper we presented a novel algorithm using
historical ratings along with meta data ﬁltering in
recommender systems to recommend items to users which are
existing in the system. The proposed framework was tested
on two sets of movie lens dataset by taking two different
meta data viz occupation and gender. Substantial difference
in MAE shows that metadata which properly covers the user
database should be chosen. MAE shows that the proposed
framework performs better than baseline. This shows that
using meta data along with historical data gives a better
recommender system.

Scientist
Sales
Retired
Programner
Lawyer
K-12 Student
Homemaker
Farmer

Exective
Doctor
Customer Service
College
Admin
Artist
Educator
Others
Writer

0

100

200

300

400

500

600

700

800

Fig. 6: Occupation for 1M Dataset

Gender

1709

4331

Male

Female

Fig. 7: Gender for 1M Dataset

prediction accuracy is improved by 1 to 1.5% on the
average. To put the results in perspective one needs
to be aware of the famous Netﬂix competition- where
1 million dollar award was given to a group which
could decrease the prediction error by 8.43%.
•

K is set as 250 when choosing the nearest neibhours.
Since both the datasets have same division in terms of
reasoning. Number of males being higher than females
and same division in occupation. The same trend of
results can be seen for 1M dataset as well where males

For future work we would like to test our framework on
datasets having more meta data. Correlation between different
attributes of a meta data can be used to exploit to further
increase the accuracies. This framework can also be applied
and tested on different domains for robustness.
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