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ABSTRACT

The advent of the internet age offers overwhelming choices of movies and shows to viewers which
create need of comprehensive Recommendation Systems (RS). Recommendation System will suggest
best content to viewers based on their choice using the methods of Information Retrieval, Data Mining
and Machine Learning algorithms. The novel Multifaceted Recommendation System Engine (MF-
RISE) algorithm proposed in this paper will help the users to get personalized movie recommendations
based on multi-clustering approach using user cluster and Movie cluster along with their interaction
effect. This will add value to our existing parameters like user ratings and reviews.

In real-world scenarios, recommenders have many non-functional requirements of technical nature.
Evaluation of Multifaceted Recommendation System Engine must take these issues into account in
order to produce good recommendations. The paper will show various technical evaluation
parameters like RMSE, MAE and timings, which can be used to measure accuracy and speed of
Recommender system. The benchmarking results also helpful for new recommendation algorithms.

The paper has used MovieLens dataset for purpose of experimentation. The studied evaluation
methods consider both quantitative and qualitative aspects of algorithm with many evaluation
parameters like mean squared error (MSE), root mean squared error (RMSE), Test Time and Fit Time
are calculated for each popular recommender algorithm (NMF, SVD, SVD++, SlopeOne, Co-
Clustering) implementation. The study identifies the gaps and challenges faced by each above
recommender algorithm. This study will also help researchers to propose new recommendation
algorithms by overcoming identified research gaps and challenges of existing algorithms.

KEYWORDS

Comparing recommender system, bench-marking recommendation system algorithms, comparing
recommendation algorithms, challenges of various recommendation algorithms, Performance
evaluation of Recommendation algorithms.
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1. INTRODUCTION

Availability of internet and global resources has increased number of availability of movies and shows
which can be viewed by users. Recommendation Systems are tools used to give movie
recommendations to the end-users based on their likes or likes of the similar users [1]. Recommender
systems are good for both service providers as well as users. They reduce the time to find and
selecting correct item on internet. A recommender system is an information filtering system which
recommends the best movies to the user by considering some similarity between users or movies or
user ratings for movies. The existing types of recommendation systems algorithms are Collaborative
Filtering (CF) and Content-Based Filtering (CB).

Multiple well-known recommendation algorithms based on above categories are already proposed,
KDD algorithm, SVD algorithms, SlopeOne and Co-Clustering algorithm. In this paper we have
implemented and analyzed their comparative performance, as it can be used for benchmarking
performance of our proposed multifaceted recommender system (MFRISE). This paper also explained
the challenges and limitations of each algorithm. Such, challenges can be used to improve
performance quality recommendations by modifying algorithm.

2. ARCHITECTURE OF MULTIFACETED RECOMMENDER
SYSTEM (MFRISE)

The general recommendation system algorithm will use the mathematical function to suggest
recommendations based on past similarity between users and movies [3]. The algorithm must be able
to measure the usefulness of movie to user. In order to get good recommendations, we need lot of
implicit and explicit data. Data coming from user ratings is acts as explicit data. Implicit data fetched
from social data and watch history. The MFRISE is hybrid recommender system introduced by our
paper which is used for Improvement Recommendations with help of identifying similar movies using
content based (CB) filtering and perform multi-clustering and find the community impact on
recommendations using text analytics,
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Fig. 2. MS-RISE Proposed Architecture.
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The detailed Implementation of Multifaceted Recommendation System Engine (MF-RISE) is included
in upcoming paper on our proposed work. The proposal of method and

experimentation on benchmarking algorithms is proposed in this paper.

2.1 RECOMMENDER SYSTEM (RS) EVALUATION METHODS

The evaluation of recommendation system algorithm is not as easy as evaluation of any other machine
learning algorithms, as the recommendation output for each user is different than other user [3]. This is
main reason for which we cannot simply divide dataset into training and testing data. The methods
used for evaluation RSs are,

a) Train - Test Split [6]: In RS algorithms it is not possible to take separate Training data set and
testing data set, since the training data used to fit algorithm and test data set is used for evaluating RS
algorithm. But, the user in training data may not be available in test data so, it is difficult to use
separate test data. We have used masking method, rating values for some users are masked and then
rating are predicted using algorithm then we can compare these ratings for checking accuracy.
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Fig. 3. Train-Test Split (masking).

b) K-Fold Cross Validation Method [7]: Cross-validation is a statistical method used to estimate the
performance of RS algorithms or any machine learning algorithm.
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Fig. 4. K-Fold Cross Validation Concept.
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3. BENCHMARKING RECOMMENDER SYSTEM (RS)
ALGORITHMS

We usually categorize recommendation engine algorithms as collaborative filtering models and
content-based models. In this paper, we are going to study and discuss few advantages and drawbacks
of some popular recommender algorithms to compare their performances based on various evaluation
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metrics. This paper will set a benchmark for our proposed implementation of MF-RISE with below
popular RS algorithms,

a) Similarity Based Algorithm
* Baseline algorithm
b) Neighborhood Algorithm
* K-Nearest Neighbors Algorithm (KNN)
¢) Hybrid Methods
e Co-Clustering
*  Slope-One
d) Matrix Factorization Method
* Single value Decomposition (SVD)
e Advanced SVD (SVD++)

*  Negative Matrix Factorization (NMF)

4. EVALUATION METRICS FOR RECOMMENDER SYSTEMS

The most important thing for RS is to evaluate the performance of algorithm. The traditional algorithm
evaluation metrics used to measure errors may not be effective for recommendation algorithms, as
there are different recommendations for each user and no recommendations can be same for even
same user. We need to take help of various traditional and modern methods for validating
recommendation results.

A. Accuracy Metrics

Recommendation accuracy will measure difference between recommender’s estimated ratings and
actual user ratings.

a) Mean Absolute Error(MAE): [5] Absolute Error is the amount of error in prediction and actual
rating.

AbsoluteError i Fud

Rating from the proposed algornithm

n

Actual user Rating
The mean value of absolute errors can be given as Mean Absolute Error(MAE),

|
MAE b
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b) Mean Square Error(MSE): [5] The measure of the average of the squares of the errors is called as
Mean Square Error(MSE). MSE is not as small as MAE. MSE can be calculated as,

MSE=— Y

¢) Root Mean Square Error(RMSE): [5] The Root Mean Squared Error(RMSE) is better in terms of
performance when dealing with larger error values. RMSE is more useful when lower residual values
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are preferred. MSE is highly biased for higher values. Therefore, RMSE is more preferred accuracy
measure.

B. Classification Metrics: Recommendation accuracy can also be measured by traditional precision
and recall metrics. Recommended items has a high interaction value i.e. number of ratings, can be
considered as most accurate predictions.

i) Precision: Precision is the ratio of true positives (number of relevant results) and total positives
recommended items.

ii) Recall: A Recall is essentially the ratio of number of relevant items that are recommended to all
relevant items.

C. Ranking Metrics [4]: Recommendation accuracy can also measure by Top-N results given by RS
algorithm.

1) Hit Rate: The Hit occurs, if a user rated one of the top-10 recommended movie. So,
first we find the Top 10 movie recommendations. then, we find movies rated by
user. If user rates a movie which is already recommended, we consider that as one
hit. Finally, ratio of Number of hits and total recommended movies is Hit Ratio.

i1) Miss Ratio: The Miss occurs, if a user rated movie not present in the top-10 recommended movie.
If user rates a movie which is not recommended, we consider that as Miss. Finally, ratio of Number
of Misses and total recommended movies is Miss Ratio.

D. Execution Time Metrics

Recommendation algorithm speed can be one of the important metrics, as we are dealing with very
large set of data. The time required for algorithm to calculate the recommendation from input dataset
is used as execution time. The time required for fitting algorithm is Fit Time and the time taken to run
it on test data is Test time.

5. EXPERIMENTAL SETUP

We build experiments based on MovieLens datasets provided by Group Lens [11]. MovieLens datasets
contain user ratings for multiple movies. The dataset contains 2113 users, 10197 movies and 855598
user ratings including tag assignments. The datasets contain only users that have rated at least 20
movies. They have conventional ratings which is preferred when predicting ratings. Since the Root
Mean Squared Error(RMSE) and Mean Squared Error(MAE) values are depended on the rating scale,
the results will be more comparable. We have used 5-Fold cross validation method for selecting
training and testing dataset more effectively. The performance after each fold is analyzed and decided
to work on 5 Folds for memory and time optimization. After 5-Folds, the performance is not improved
considerably hence, decided to work with 5-Fold method [7]. The comparison of MovieLens datasets,

Table 1. Comparisons of Datasets.

Dataset HetRec |6 ml latest |6] 100K |6
Movies 10197 9732 1682
Users 2113 610 043
Ratings 855598 100836 1000000
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6. PERFORMANCE EVALUATION

A. Baseline Algorithms [12]

The similarity based algorithms are content based algorithms used for predicting a random rating
based on the distribution, this algorithm assumes user ratings are normally distributed. The
prediction is generated from a normal distribution N (u, 62) where yu and ¢ are estimated from the
training data using Maximum Likelihood Estimation [3], If user u is unknown, then the bias by is
assumed to be zero. The same applies for item i with b;.

€ Hesm Predicted Rating is,

The best part of algorithm is simple implementation and useful for comparing algorithm accuracy.
The points to improve is need more personalized predictions and less execution time for complex
predictions. This algorithm also faces the problem of cold start for novice system users.

B. Matrix factorization Algorithm [16]

The Single Value Decomposition (SVD) is a Matrix factorization algorithm popularized by Simon
Funk during the Netflix Prize. This is equivalent to Probabilistic Matrix Factorization algorithm. It
Constructs a matrix with the row of users and columns of items and the elements are given by the
users’ ratings The singular value decomposition [15] is a method of decomposing a matrix into
three other matrices.

= T
AUSYV The prediction i is set as,

Where A= m x n utility matrix

If user u is unknown, then the bias by and the
factors py are assumed to be zero.

U= m x r rating singular

matrix

The SVD is good for with few datasets and it can improve performance on many algorithms. It
majorly uses the Principal component analysis(PCA) which is useful for dimensional reduction.

C. SVD++ Algorithm [20]

The Single Value Decomposition (SVD++) is extension of SVD algorithm, with considering
implicit ratings This is equivalent to Probabilistic Matrix Factorization algorithm. It Constructs a
matrix with the row of users and columns of items and the elements are given by the users’ ratings.

The prediction ry; is set as,

o
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Where, the yjterms are a new set of item factors that capture implicit ratings. Here, an implicit
rating describes the fact that a user u rated an item j, regardless of the rating value. If user u is
unknown, then the bias by and the factors pu are assumed to be zero.

D. Non-Negative Matrix Factorization(NMF) [22]

The Non-Negative Matrix Factorization(NMF) is equivalent to Non negative Matrix Factorization
algorithm. It Constructs a matrix with the row of users and columns of items and the elements are
given by the users’ ratings.

The NMF algorithm can improves performance on many algorithms. NMF based methods
used in for solving problems in computer vision. The computational complexity of CF based
algorithm is very high and it results in many missing ratings. Some major improvements are
required to achieve high computational efficiency and prediction accuracy.

E. Co-Clustering Algorithm [25]

A Co-Clustering is based on collaborative filtering algorithm. This approach is based on
simultaneous clustering of users and movies (items) for efficient CF based algorithm.

In Co-clustering method, every users and movies are assigned some clusters C,, C;, and some
co-clusters Cyi The prediction 1 is set as,

rui = Cui + (u — Cu) + (i — Ci)

Where, If the user is unknown, the prediction is rui = pi, If the item is unknown, the prediction is ry;
= W , If both are unknown, the prediction is rui = p

The co-clustering algorithm has good control over learning and can consider multiple
dimensions of data. but, needs more execution time in few cases for some critical recommendation.
The cold start issue become major issue in this algorithm.

F. Slope One Algorithms [27]

Slope One algorithm is based on the movie-user rating matrix based on the linear model y=xb+c.
Where, parameter y is the rating of the predicted target user on the target movie, parameter x is the
rating of the target user on the reference movie, and parameter b is the deviation value of the user's
score of different movies. Slope One algorithm calculates enter of the evaluation of excessive user
ratings mean the score difference between the movies, and then at the time of target users
recommend, uses the linear relationship, estimate the prediction score of the movies y according to
the target user's score of project x and the deviation value b , that is, generate the prediction by
using the deviation value of all users among different movies. Slope One algorithm is simple in
calculation and having good performance. It can handle cold start issue well by predicting ratings.
But, the fit time will be higher as compare to other algorithms.

7. RESULTS

All experiments are run on a Desktop with Intel Core 15 8th gen (CPU@2.30GHz) and 8GB RAM, all
data stored on solid state Memory (SSD) for faster access and optimum performance. In this paper, we
present the various evaluation parameter like average RMSE, MAE and total execution time of various
algorithms (used in study) with a 5-fold cross-validation procedure.

Table II. Evaluation Metrics for Benchmark Algorithms.
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Parameter RMSE MAE FIT TIME TEST TIME
BascLine 1.52 1.2224 09 013
KNN 09793 0.7736 04 2.32
s\D 09379 0.730 107 013
COCLUSTERING 09654 11,7555 141 [0y
SLOPEONE 09434 | 074527 0.3% 1.0
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Fig. 15. Benchmark Algorithms Performance Analysis. Fig. 17. Comparative Performance Analysis.

8. CONCLUSION AND FUTURE WORK

In this paper, we present a real-world benchmark for our new recommendation system algorithm. The
prediction accuracy of a recommender system is dependent on various parameters. In study, we have
seen all algorithms are optimized for the MovieLens dataset. SVD, NMF and co-clustering algorithm
performs better on the larger dataset than the other collaborative filtering algorithm. To obtain more
detailed results, testing algorithms on datasets with more similar properties can be performed.

We have deployed many important RS algorithms to study their performance comparisons, which was
ubiquitous and crucial in recommendation scenarios. After comparing all algorithms, we found that
SVD++ algorithm need highest Fit Time due to complexity of calculations. There is lower RMSE
calculations in all algorithms except Baseline algorithm. Overall execution time of SVD algorithm and
co-clustering algorithm is very lower. So, we are planning to can plan to use SVD, NMF and Co-
Clustering algorithms for efficient implementation of movies recommendation process.

We can conclude that the SVD, NMF and Co-Clustering algorithm is seemingly more accurate than
other the Item-based collaborative filtering algorithm for larger datasets.
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