
International Journal of Innovative Technology and Exploring Engineering (IJITEE) 
ISSN: 2278-3075 (Online), Volume-8 Issue-12, October 2019 

5490 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: K23380981119/2019©BEIESP 
DOI: 10.35940/ijitee.k2338.1081219 
Journal Website: www.ijitee.org 

 
Abstract: Continuous growth in information available on the 

Internet overwhelms the users during navigation. This 
information overload may result in users’ dissatisfaction which is 
undesirable. Users’ satisfaction is very important aspect in every 
domain. Recommender systems play a vital role in dealing with 
information overload problems. The recommender systems filter 
the huge information on the Internet to generate limited and 
personalized information to users. This helps in increasing users' 
satisfaction by retaining his/her interests during navigation. Pure 
Web usage data based recommender systems have been used from 
last few years. However, they lag in precise recommendations 
because of absence of domain knowledge. Further, the similarity 
measures play a vital role in recommendation process and hence 
affect the performance of the recommender systems. The 
performance of recommender systems can be enhanced through 
integration of domain knowledge with usage data. This paper 
presents an approach to movie recommender system that 
integrates domain knowledge with usage data. The ontology is 
used to represent domain knowledge. The proposed approach is 
based on a new ontology based semantic similarity measure. The 
experimental results prove that the recommendations’ quality 
andaccuracy of prediction can be enhanced through integration 
of ontological domain knowledge with Web usage data. 
 

Keywords: Ontology, Recommender system, Semantic 
similarity. 

I. INTRODUCTION 

Due to exponential growth in information on the Internet, 
users are suffering from information overload problems. 
Recommender systems have proved to be valuable means for 
coping with information overload problems [1]. It is one of 
the most accepted applications of Web usage mining (WUM) 
[2]. They are popular both commercially and in research 
community. They assist users to choose appropriate items by 
providing the list of recommended items. There exist 
different recommendation approaches, for example 
Collaborative Filtering (CF) approach, Content Based (CB) 
approach, Knowledge Based (KB) approach and hybrid 
approach etc. 
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In CF approach, a model is built from users' past behavior 
to predict items or items’ ratings that the user may have an 
interest in. In CF approach, the prediction is estimated from 
the ratings that similar users have given to the items. The CB 
approach utilizes a series of distinct features of an item to 
recommend additional items with similar properties. In CB 
approach, the prediction is estimated from the ratings that the 
active user has given to similar items. The KB approach uses 
knowledge about users and products to generate 
recommendations [3]. Hybrid approach combines any of 
these approaches under a single framework, mitigating 
inherent limitations of either paradigm to get better 
performance of the system [4]. 

Recommender systems based on pure usage data are less 
precise due to lack of domain knowledge. The performance 
of recommender systems can be enhanced by integrating 
domain knowledge in conventional Web usage mining 
process [5]. The domain knowledge can be integrated at any 
stage of Web usage mining process i.e. at pre-processing, at 
pattern discovery as well as at pattern analysis phase. At 
pattern discovery phase, computing the semantic similarity is 
one of the important open research problems [5]. This paper 
proposed a movie recommender system based on semantic 
similarity measure. For the proposed approach, we have 
introduced a new similarity measure based on ontology, 
named as “Ontology Based Semantic Similarity (OBSS)”. 
For experimental evaluation of proposed approach, two 
existing approaches have been used: 1) Adjusted Cosine 
Similarity (ACS), and 2) Weighted Slope One (WSO) 
Algorithm. These approaches use the similarity measure 
computed using the historical rating data; whereas, the newly 
introduced semantic similarity measure is computed using 
the ontological domain knowledge. The performance 
measures used for comparison are: 1) Precision@k, 2) 
Recall@k and 3) F-measure. We have used the open-source 
MovieLens (1M) dataset. The dataset contains 6040 users, 
1000209 ratings data and 3883 movie titles. As our results 
show, the proposed approach shows an enhanced 
performance than the existing-well known approaches. 

Rest of the paper is well thought-out as follows: Section II 
explains basics of the recommender system. Section III gives 
the details of related work in this research area. Section IV 
discusses the pure Web usage based approach to the 
recommender system. Section V explains in detail the 
proposed system. Section VI presents the experimental 
evaluation of proposed work and Section VII summarizes 
conclusions and future work. 
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II. RECOMMENDER SYSTEMS 

Every recommendation algorithm comprises of four steps 
[6]:1) Data collection, 2) Rate Prediction and, 3) Sorting and 
recommendation of items, and 4) Performance Evaluation of 
recommender systems. 

A. Data Collection 

Recommendations may be personalized for instance 
books, movies, music or non-personalized for instance news, 
magazines etc. In its simplest form, personalized 
recommendation is a ranked list of items [1]. To generate the 
ranked list, the recommendation system predicts the 
items/services based on users' preferences. These preferences 
can be collected explicitly e.g. ratings for items or implicitly 
e.g. inferred from users' actions [1]. Data used in 
recommender systems refer to three types of objects: items, 
users, and transactions. Items are the things that are 
recommended. A transaction is a recorded interaction 
between a Web user and the recommender system. 
Transactions are like Web log data that accumulate vital 
information generated during the users' navigation. A 
transaction log may possibly contain a reference to the item 
selected by the user, a description of the context, explicit 
feedback by user, rating to the item, tags attached by user 
with the item, reviews by user for the items etc. Amongst 
these, ratings are the most well-liked type of transaction data. 
These ratings take several forms such as numerical ratings 
(e.g. 1 to 5 rating scale), ordinal rating (e.g. strongly agree, 
agree, neutral, disagree, strongly disagree), binary ratings 
(e.g. like or dislike, good or bad) etc. [7]. 

The dataset used for the proposed approach is an open 
source MovieLens (ml-1m) dataset downloaded from 
http://www.grouplens.org. It contains 6040 users, 3883 
movie titles and 1000209 numerical ratings data(i.e.1-5 
rating scale). It contains three database files movies, ratings 
and users. 

B. Rate Prediction 

The rate prediction is performed by recommender system 
to identify usefulness of items to users [7]. Rate prediction is 
a cumulative function of the similarity score between two 
movies and rate history of those movies by other users. There 
are various methods for rate prediction viz regression, 
deviation based, weighted sum method etc. All these methods 
rely on finding similarity with the items previously viewed or 
rated by active user; with assumption that user tends to have 
similar rating for similar items. Similarities can be computed 
using various similarity measures for example, Euclidian 
Distance, Cosine Similarity, Adjusted Cosine Similarity, 
Pearson Correlation, Jaccard Similarity etc. [8]. 

C. Sorting and Recommendation of Items 

The output of a recommendation system is a listing of N 
number of highly ranked items recommended for the active 
user. These N items are ranked by the predicted ratings that 
represent the inclination of the item for the user. In other 
words, the user is more interested in the items with the 
highest ratings [9]. After rate prediction, the list of items 
needs to be sorted in descending order to find out most 
preferred top-N items for recommendation to the active user. 

D. Performance Evaluation of Recommender Systems 

Recommender systems can be evaluated using three types 
of experiments- offline, online experiments and user studies 
[10]. The offline experiments use pre-collected datasets of 
users rating items and a protocol that models user behavior 
for evaluating the performance or simulating the user’s 
behavior. Offline experiments are easy as it does not involve 
any interaction with actual users. In user study, a subset of 
users performs a set of tasks using the system, usually 
answering the questions about their experience; but user 
study is more expensive than offline experiments. However, 
user study provides additional information about system 
performance. The online experiments are performed on real 
users of the recommender systems; thus providing direct 
measurement of overall system goals. Each type of 
experiments has its own pros and cons. However, the offline 
experiments are more preferable for research purposes or 
during the prototype phase of the system. 

III. RELATED WORK 

Researchers have used ontologies to enhance the 
performance of recommender systems in e-learning domain 
[11], [12], [13], for Web page recommendation [14] and for 
movie recommendations [4], [15]. Yu et. al. [11] proposed an 
approach based on ontology for semantic content 
recommendation towards context-aware e-learning. The 
knowledge about the content, domain and the learner (i.e. the 
user context) is represented in the form of 
ontology.Cantadoret.al. [4] presented a novel multilayered 
approach for hybrid recommendation model. The users’ 

interests are represented as semantic concepts of domain 
ontologies, and a collaborative recommendation mechanism 
is then applied based on the similarities between such 
content-based user profiles. IMDb and MovieLens datasets 
are used for experimental evaluation. Zhuhadar et. al. [12] 
proposed a hybrid recommender system. The proposed 
system is based on a framework based on a multi-model 
ontology; that is used for semantic search of educational 
content in e-learning repository of courses, multimedia 
resources, lectures etc. This hybrid recommender system is 
motivated by content-based recommendations (domain 
ontology model) and rule-based (learner’s interest-based and 
cluster-based) recommendations. The domain ontology is 
used to represent the learning materials. The proposed 
approach is implemented on the HyperManyMedia platform. 
Nguyen et. al. [14] proposed a novel method for semantically 
enhanced Web-page recommendation through the integration 
of the domain and Web usage knowledge of a web site. Two 
new models have been proposed for representation of domain 
knowledge and a conceptual prediction model is proposed to 
integrate domain knowledge with Web usage data. Cui et. al. 
[15] proposed an approach for top-N recommendations on 
New Items based on ontology and Matrix Factorization. The 
approach calculates ontology-based similarity to predict the 
missing value in user-item matrix. The proposed method 
assumes that the similarity of movie ontology is given by the 
similarity of distinctive features. The Hetrec’11 dataset is 

used for experimental evaluation.  
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Tarus et. al. [13] proposed an ontology-based hybrid 
knowledge-based recommender system. The approach uses 
sequential pattern mining (SPM) algorithm to discover the 
learners’ sequential learning patterns. Ontology is used to 
model and represent the domain knowledge about the learner 
and learning resources.  

IV. PURE WEB USAGE BASED RECOMMENDER SYSTEMS 

Pure Web usage based recommender systems uses only 
historical rating data to generate recommendations. Every 
recommender system predicts rates for items, followed by 
generation of top-N recommendations. Rate prediction is a 
cumulative function of the similarity score between two 
movies and rate history of those movies by other users. There 
are different methods to predict the rates for example 
weighted sum method, deviation based, regression etc. All 
these methods rely on finding similar items to the items 
previously viewed/rated by target user; with assumption that 
user tends to have similar rating for similar items. Computing 
the similarities can be done using different measures for 
similarity for example Euclidian Distance, Pearson 
Correlation, Cosine Similarity, Adjusted Cosine Similarity, 
,Jaccard Similarity etc. For experimental evaluation, 
traditionally used and widely accepted two approaches are 
implemented viz Adjusted Cosine Similarity (ACS) and 
Weighted Slope One (WSO) algorithms. The adjusted cosine 
similarity is similarity based approach used along with 
weighted sum method of rate prediction, while weighted 
slope one is deviation based approach. All these techniques 
predict the rate of an item by active user using the ratings 
given by other users to both items [8]. 

A. Adjusted Cosine Similarity (ACS) 

Adjusted cosine similarity (ACS) [8] is a similarity 
measure based on historical rating data only. It is used along 
with the weighted sum rate prediction method. It assumes 
that different users have different rating tendency. The 
adjusted cosine similarity measure of item i and item j is a 
function of rating to item i and j by all the users who rated 
both the items and mean rating of the user. It is given by, 
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where- 
 U is set of users who rated both items i and j. 
 Simi,j is similarity score between items i and j. 
 Ru,i  is Rate of user u to item i. 
 Ru is Mean Rating of item u. 

Weighted Sum Method for Rate Prediction 

The weighted sum method relies on the similarity 
computation between two items. Similarity measure between 
item i and j can be computed using different techniques for 
example Pearson correlation, cosine similarity, adjusted 
cosine similarity, etc. [8]. The weighted sum method for rate 
prediction is given as: 
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where, 
 Pru,i  - Predicted rate of item i by user u. 
 similarTo(i)- Set of items similar to item i. 
 Si,j - Similarity measure between item i and j where jϵ  

similarTo(i). 
 Ru,j  - Rate given by user u to item j where jϵsimilarTo(i). 

B. Weighted Slope One Algorithm (WSO) 

The weighted slope one algorithm[16] is variation of slope  
one algorithm [16]. The algorithm works in two steps: 
1. Compute deviation between every pair of items i.e. devi,j. 

It is calculated as- 
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where- 
 devi,j is deviation between items i and j. 
 X is the entire set of all ratings. 
 card(Si,j(X)) is number of people who rated both the  
 items i and j. 

 
2. Make rate predictions using deviations computed in 

Step1. It is calculated as- 
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where- 

 
1

,
ws
iuPr is prediction of user u's rating on item i. 

 Ci,j = card(Si,j(X)) i.e. number of people who rated both 
the items i and j. 

 devi,j is deviation between items i and j. 
 }{)( iuSj  is every item j that user u has rated except i. 

 uj is rate of user u to item j. 

V. PROPOSED APPROACH 

Recommender systems based on pure Web usage data lags 
in precise recommendations due to lack of domain 
knowledge. The performance of recommender systems can 
be enhanced through integration of domain knowledge with 
usage data [5].This paper presents an approach to movie 
recommender system that integrates the domain knowledge 
with usage data to enhance the accuracy of prediction and the 
quality of recommendations.  
Fig. 1 shows the work flow of the proposed approach. As 
shown in figure, the proposed system consists of 4 phases: 
A. Construction of domain ontology 
B. Data Preprocessing 
C. Pattern Discovery 
D. Pattern Analysis 

Algorithm 1 describes the proposed approach. Let,   
 M is set of all movies, M={m1,m2,.....,mp} 
 G is set of genres for a movie in M, G={g1,g2,....,gq} 
 U is set of users, U={u1,u2,.....ur} 
 R is set of rating data 
 S is set of movies rated by the active user u, S   R 
 ‘test’  is test dataset , test  S, 
 ‘train’  is train dataset, train   S, 
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 C is set of genre-types, C={‘A’, ‘B’, ‘C’, ‘D’, ‘E’, ‘F’ } 

A. Construction of Domain Ontology 

We have manually constructed domain ontology i.e. Movie 
ontology. The aggregate representations for groups of objects 
[5] are used for ontology construction.  
These groups have homogeneous concept structure i.e. 
similar properties and data types. Such group of objects, 
together with set of ‘attributes’, is called as a ‘class’. The 
attributes define the internal properties of the objects in C as 
well as the relationships with other concepts/ objects in C [5]. 
Fig. 2 shows the Movie ontology. As shown in fig. 2, the 
Movie ontology consists of one top level concept ‘Movie’. It 
has attributes viz MovieID, Title, Genres, Year, Tags and 
Rating. All these attributes are related to concept ‘Movie’ 
with ‘has_Attribute’ relationship. In Loh et.al. [17], a 
concept is defined as a group of semantically relevant terms. 
Using this concept definition, we find interesting conceptual 
patterns. 

 
 
 
 
 
 
 
 

 
 
 

 
 
 
 
 
 

 
Fig. 1. Work flow of the proposed approach 

 
Fig. 2. Movie Ontology 

 
As shown in fig. 2,there are 19 distinct genres viz ‘Action’, 
‘Adventure’, ‘War’, ‘Comedy’, ‘Family’, ‘Children’, 
‘Documentary’, ‘Sci-Fi’, ‘Animation’, ‘Drama’, ‘I-MAX’, 
‘Crime’, ‘Fantasy’, ‘Thriller’, ‘Mystery’, ‘Horror’, 
‘Film-Noir’, ‘Romance’, ‘Musical’, ‘Western’. These genres 
are classified in six disjoint types with the notion of 
interest-type of a user. e.g.  
 
 
 

Algorithm 1: Generating top-N  movie recommendations for active user 
Input :M, G, R, C 
Output :top-N  movie recommendations 
Processing: 
1. for each movie i  in M 

for each genre j in G 
Map j  to its top level concept in C 
Generate binary vector for i 

2. Extract the set of rated movies by active user u from R. 
3. Split S into `train' and `test' with test-size=0.2. 
4. for each movie i in test 

for each movie j in train 
Compute OBSS i ,j 
Compute Pru, i 

5. Sort the movies in test dataset in descending order of the 
predicted rates. 
6. Recommend top-N  movies to active user u. 
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‘Action’, ‘War’ and ‘Crime’ show similarity in interest types 
i.e. if a user likes a movie with ‘Action’ genre and then he/she 
may also like movies with ‘Crime’ or ‘War’ genres. Without 
domain semantics, ‘Action’ and ‘War’ genres are treated as 
completely unrelated terms; whereas using ontological 
domain knowledge, these two genres are treated as similar at 
conceptual level, as they belong to same concept. All genres 
are related to their types with ‘belongs_To’ relationship and 
all genre-types are related to ‘Genres’ with ‘is-a’ 
relationship. 

B. Data Preprocessing 

The data preprocessing phase transforms the raw data in the 
format useful to process data by further phases. Data cleaning 
is one of the common data preprocessing steps that remove 
the unnecessary data [18]. 

For the proposed approach, the data is pre-processed as 
follows: 
 Data cleaning: The timestamp column is dropped from 

ratings database, as it is not required for our system, as 
well as the ‘|’ is removed from the movies database, which 
is used to separate genres. 

 Map the genres: The genres for each movie in our dataset 
are mapped with their respective top-level types/concepts  
as described by our Movie ontology.  

 Generate binary vector : Using these mapped-genres, a    
binary vector for each movie is constructed using the   
‘binary scoring method’ of ‘Bag of Words (BOW)’model   
[19].The binary vector for each movie consists of 6 bits   
corresponding to 6 genres-types viz‘A’, ‘B’,‘C’,‘D’,‘E’,   
‘F’. For each movie, the     respective bit will be set  to ‘1’ 
if that movie's mapped-genres contain the type. For 
example, consider the movie ‘Amateur (1994)’ with 
mapped-genres A, D, C. So the binary vector for this 
movie is [1 0 1 1 0 0]. 

C. Pattern Discovery 

The pattern discovery phase generates the usage patterns 
using historical rating data. To discover patterns, ‘Ontology 
Based Semantic Similarity (OBSS)’ measure between two 
movies is computed first. The ontology based semantic 
similarity between two movies is computed using binary 
vectors generated in preprocessing phase. The binary vectors 
of the movies under consideration are compared bitwise to 
calculate the semantic similarity. If all bits match, the 
semantic similarity is 1, if 2 out of 6 bits matched, the 
semantic similarity is 2 / 6 i.e. 0.33 and if no bit matches, the 
semantic similarity is 0. Once the similarities are calculated, 
we predict the rates for movies by active user using the 
weighted sum method for rate prediction [8]. Algorithm 2 
describes the ontology based semantic similarity calculation 
between two movies mi and mj. 
Let Bi and Bj represent the binary vectors of the movies mi and 
mj. N represents the number of bits similar between the binary 
vectors of the movies. 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

D. Pattern Analysis 

The pattern discovery phase generates a large number of 
patterns. The pattern analysis phase retrieves the most 
preferable patterns for the active user, from this large volume 
of patterns. Hence, it is also called as Pattern Retrieval. The 
patterns are retrieved by sorting the generated patterns in 
descending order of the predicted rates and setting different 
threshold values to recommend top-N movies to the user. 

VI. PERFORMANCE EVALUATION 

The proposed system is implemented in Python, and its 
accuracy is evaluated on the open source MovieLens dataset 
(ml-1m) downloaded from http://www.grouplens.org.  

A. Testing Methodology 

According to Cremonisi et. al. [20], to evaluate 
performance of recommender systems, the original dataset 
must be properly partitioned into training and testing subsets. 
The training dataset is used to train the model and the testing 
dataset is used to evaluate the quality of the model. 
According to the Holdout method [20] of data partitioning, 
these sets may have different proportions. 

The experiments are conducted on the browsing history of 
the current user i.e. active session. This active session is 
subset of the original dataset and is split into 80% training 
and 20% testing data. 

 The rates are predicted for every instance of test dataset 
using the conventional approaches as well as using the 
proposed approach. Once the rates are predicted, the test set 
is sorted in descending order of the predicted rates, so that the 
most interesting patterns can be retrieved for active user i.e. 
recommending top-N movies. 

B. Evaluation Metrics 

Many evaluation metrics are available for evaluating the 
performance of the recommendation systems. However, 
Precision@k, Recall@k and F-measure@k are more suitable 
for the rating data [21]. 

As precision and recall are binary metrics used to evaluate 
models with binary output, our numerical problem (ratings 
data) needs to be translated into a binary problem i.e. relevant 
and not relevant items. For this translation, we will assume 
that any rating above some threshold value say k, corresponds 
to a relevant item and any rating below k is irrelevant item. A 
relevant item for a specific user-item pair means that this item 
is a good recommendation for the active user. The threshold 
value k is a user defined value that is set by the user to match 
the top-N recommendations objective [21]. 

 
 
 
 

Algorithm 2: Calculating the ontology based semantic similarity 

between two movies mi and mj. 

Input:  Bi, Bj, N= 0 

Output: OBSS measure between the movies mi and mj .i.e. OBSSi,j. 

Processing: 

for each bit b in Bi and Bj 

if mi[b] =mj[b] 

then N = N+ 1 

OBSSi,j = N / 6 

 

 

OBSSi,j = Bit_count / 6 
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Relevant vs. Recommended 
Relevant items are items in the data set which has a 

true/actual rating  ≥ k; whereas irrelevant items are items in 
the data set which has a true/actual rating < k [21]. Let E' 
represents the set of relevant items. 

Recommended items are generated by recommendation 
algorithm which has a predicted rating ≥ k; whereas Not 
recommended items are generated by recommendation 
algorithm which has a predicted rating < k [21]. Let E 
represents the set of recommended items. 

 
Precision@k 

Precision@k is the proportion of recommended items in 
the top-N set that are relevant [21]. Mathematically 
precision@k is defined as follows: 
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                    (5) 

 
Recall@k 

Recall@k is the proportion of relevant items found in the 
top-N recommendations [21]. Mathematically Recall@k is 
defined as follows: 

 

|'|

|'|
@Re

E

EE
kcall


           (6) 

 
F-measure@k 

F-measure is a collective measure of accuracy.  It is a 
weighted average of the precision and recall to indicate 
overall utility of the recommendation list. The best 
F-measure value is 1 and the worst value is 0 [9]. 
Mathematically F-measure@k is defined as follows: 

  Recall@k+kPrecision@

Recall@k*kPrecision@* 2
=measure@k-F

            

(7) 

 
In recommendations domain, a perfect precision score of 

1.0 indicates that every item in the recommended list was 
good, however it does not say anything about whether all 
good recommendations were suggested; on the other hand, a 
perfect recall score of 1.0 indicates that all good 
recommended items were suggested in the list, however it 
does not say anything about how many bad recommendations 
were there also in the list. Hence, F-measure is also used to 
represent the combined accuracy of the system. 
Experimental Results 

This section presents the comparative analysis of the 
conventional approaches with the proposed approach. The 
experiments are conducted with different active users and 
then average values are taken for analysis purposes. The 
values for precision, recall and F-measure are computed for 
different values of N with k≥ 3.5. The experimental 
evaluation shows that our proposed approach shows 
performance enhancement as compared to the existing 
approaches. 

 
 
 

Table –I Precision@k 

N 
Precision@k  

WSO ACS OBSS 
2 0.29 0.33 0.46 
4 0.29 0.44 0.63 
6 0.41 0.60 0.69 
8 0.48 0.70 0.72 

10 0.54 0.76 0.77 
12 0.64 0.80 0.84 
14 0.64 0.84 0.85 
16 0.68 0.82 0.85 
18 0.73 0.83 0.87 
20 0.74 0.86 0.90 

 
Table – II Recall@k 

 
N 

Recall@k 
WSO ACS OBSS 

2 0.29 0.33 0.46 
4 0.31 0.41 0.63 
6 0.43 0.57 0.69 
8 0.50 0.67 0.72 

10 0.56 0.73 0.77 
12 0.66 0.77 0.84 
14 0.66 0.80 0.85 
16 0.69 0.77 0.85 
18 0.74 0.78 0.86 
20 0.76 0.80 0.89 

Table – III  F-measure@k 
 

N 
F-measure@k 

WSO ACS OBSS 
2 0.29 0.33 0.46 
4 0.30 0.42 0.63 
6 0.42 0.58 0.69 
8 0.49 0.68 0.72 

10 0.55 0.74 0.77 
12 0.65 0.78 0.84 
14 0.65 0.82 0.85 
16 0.68 0.79 0.85 
18 0.73 0.80 0.87 
20 0.75 0.82 0.89 

 

 
Fig. 3. Precision@k 
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Fig. 4. Recall@k 
 

 
 

Fig. 5. F-measure@k 

VII. CONCLUSIONS AND FUTURE WORK 

Recommender systems are an efficient means of retrieving 
interesting information from large volume of information. 
However, pure Web usage data based recommender systems 
are less accurate due to lack of domain knowledge. 
Improving the recommendation accuracy through the 
integration of domain knowledge has been a potential 
research area from last few years. The similarity measure 
between two items plays a vital role in the recommendation 
process as well. Conventional similarity measures are based 
only on the historical usage data and do not incorporate 
domain knowledge. Hence, this paper proves that 
recommendation accuracy can be enhanced through 
incorporation of the domain knowledge in the 
recommendation process. In this paper, a movie 
recommender system based on the newly introduced 
ontological semantic similarity measure, named as  

 
“Ontology Based Semantic Similarity (OBSS)”, is 

proposed. The open-source MovieLens (1M) dataset is used 
for experimental evaluation. The experimental evaluation 
proved that the proposed approach shows performance 
enhancement over the existing-well known approaches. We 
got 76% recommendation accuracy, while the existing 
approaches based on adjusted cosine similarity and weighted 
slope one algorithm got 68% and 55% recommendation 
accuracy respectively. Improved accuracy will definitely 
result in improved user satisfaction. Thus, the integration of 
domain knowledge improves the performance of the 
recommender systems. Semantic user profile may be useful 
to improve the quality of recommendations further. 
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