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Abstract

Collaborative filtering is a common aspect recently used in e-commerce to increase sales and overcome information
overload. One significant limitation in collaborative filtering is data sparseness. Several studies have proposed allevi-
ating this issue by utilizing extra information such as users' reviews. However, the researchers have been concerned with
using entire reviews irrespective of the users' ratings. This requires extra processing time and might perplex the
recommendation decision. In this study, after analyzing the users' ratings and reviews, it was noted that when the rating
values are 4 or 5, most of the reviews accompanying these ratings are positive. Otherwise, when the ratings are 1 or 2, the
reviews are negative. The rating value 3, however, is a confusing one. It, consequently, might mislead users' preferences.
Thus, two points are highlighted. First, analyzing and classifying the entire users' reviews is time-consuming. Second,
directly considering the rating value 3 as a like or dislike decreases the model's accuracy. Hence, this method utilizes the
users' reviews only in case the rating value is 3. Three scenarios were formulated and fitted to this case. The first scenario
considers the rating value 3 as a like. The second scenario regards the same value as a dislike. The third one classifies the
users' reviews into positive or negative regarding their content. Additionally, a probabilistic method was applied to
compute the recommendation list. The proposed method was implemented on two standard datasets. Eventually, the
results of the third scenario outperformed the other two in terms of accuracy.

Keywords: Collaborative filtering, Text mining, Data sparseness, Classification

1. Introduction

C ollaborative filtering (CF) establishes person-
alized recommendations by tracing user

behavior to determine what the users like or dislike
[1e3]. The first task of CF is to identify the users
who have similar tastes by checking their ratings
[4,5]. The second task is to compute the similarity
among users on the basis of their ratings by
applying one of the similarity formulas such as
Pearson's correlation coefficient (PCC), cosine
measure, or Jaccard's coefficient. Finally, according
to the similarities among users, the model predicts
from the nearest similarity values of users to the

targeted user set of items that he/she has not rated
yet [6,7]. Thus far, CF has been the most successful
approach for creating recommendation system
models [8]. Although CF has succeeded in
providing an acceptable list of items favorable to
users, there are still several noteworthy obstacles in
real-world situations. A major challenge is the data
sparseness issue. It occurs when the existent rating
is less than the total number of items in the rating
matrix. It is difficult for CF to make suggestions for
users because there are several missing ratings in
the rating matrix [9,10]. To alleviate the aforemen-
tioned problem and enhance the intelligibility of
CF, textual reviews have been utilized. Recently,
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most online websites such as Flipkart and Amazon
have been providing their users with the option of
adding text reviews in addition to assigning a nu-
merical rating for their products [11]. Usually, when
customers intend to buy a specific product online,
they read (0e10) online reviews to decide whether
to buy it or not. Online reviews aid customers in
judging the quality of items before purchase.
Moreover, they make consumers aware of the items
even if they do not intend to buy them immediately
[11]. Rich information from the text reviews may
partially reflect the characteristics and qualities of
the products. Exploiting such characteristics can
supply suggestions to other users and enhance the
recommendation accuracy [10]. In compliance with
some recent studies, utilizing the review text in CF
can improve the explanatory capacity and lessen
the impact of the sparsity issue [12,13]. Most exist-
ing models use text reviews to assist the model of
interaction between the latent vector of users and
items [14e19]. Despite the remarkable progress
achieved by the previous models, they have several
drawbacks with respect to the architecture of the
attention mechanism. They extract the characteris-
tics of all users' reviews to combine the rating
values and the text reviews. Note that in-
terpretations of rating scales can vary depending on
the user preferences towards a specific product.
Usually, if the rating scale is 1e5, 1 and 2 refer to
disliked items whereas 4 and 5 indicate liked ones.
However, the rating value 3 is a confusing one.
Therefore, it is perplexing for the model regarding
whether to consider items with the rating values 3
in the like item list or the dislike one. Consequently,
it may mislead the model in the recommendation
process.
In the literature, researchers might not universally

agree on whether a rating of 3 is definitively positive
or negative. Yet, they provide insights into how it
might be perceived or used in different contexts.
In this study, text reviews were utilized in addi-

tion to the rating values to mitigate the sparsity
problem. Moreover, it is believed that when users
rate an item 4/5, they strongly mean that they like a
product. If, on the contrary, their rating is 1/2, they
definitely mean that they dislike it. Therefore, it is
futile and time-consuming to analyze and classify
the reviews when the rating values are (1, 2, 4, or 5).
Unlike other studies, only when the rating value is
3, the classification of the text review is activated,
and then, the decision of like or dislike is settled on
the basis of the text review. If the review is positive,
it represents a like. Otherwise, it is negative
(dislike). At the beginning, the rating values are
converted into 0 or 1 when the ratings were 4, 5, 1,

or 2. Later, the text review is classified into positive
or negative by using the polarity term level which
extracted the text by using the opinion lexicon
technique. Regarding the rating value 3, it is
classified into 0/1 on the basis of the review clas-
sification result. Moreover, the probabilistic tech-
nique is used to find the top-n items. Eventually,
the precision and recall evaluation measures are
used to assess the performance of the proposed
method.
The contributions of this study could be summa-

rized as follows:

� Only the user reviews of items whose rating
value is 3 are classified to utilize them in the
recommendation process.

� The user reviews of items rated 1, 2, 4, and 5 are
ignored.

� A comparison is carried out by establishing the
other two scenarios that contemplated the rating
value 3 as a like and dislike, respectively.

� The evaluation process is carried out by
applying the proposed model to two different
datasets.

The rest of this paper includes the related works
discussed in Section 2. The proposed method is
presented in Section 3. In Section 4, the results are
discussed. Finally, the conclusions are drawn in the
last section.

2. Related work

The most common technique in recommendation
systems is CF. One of the major challenges in this
technique is data sparsity. Recently, several studies
have been dedicated to diminishing this problem
[20]. Some of these studies used additional data
sources such as social relations and text reviews
[10,21]. Some platforms provide users with the
ability to establish their relationships. Thus, re-
searchers exploit these relations to improve the
prediction and recommendation performance.
Reference [22] proposed the expliciteimplicit so-

cial recommendation (EISR). The EISR method uti-
lized three information sources incorporated into
the PMF method. However, this study did not
exploit the implicit rating information. This limita-
tion was resolved in Ref. [12], which integrated four
sources of data, namely explicit and implicit social
relations as well as explicit and implicit users'
feedback. The integration of explicit and implicit
relations was achieved but in a different scenario in
Ref. [23]. The authors applied the weighted voting
technique, which is generally utilized to determine
the neighbors’ adequate ratings.
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Another vital source of data is text reviews. In the
past few years, many studies have been conducted
to exploit user reviews to improve recommendation
accuracy [24e27]. In Ref. [24], the authors used
manually designed ontologies to create free texts.
The time-consuming domain dependence was the
principal problem of this study. In Ref. [25], a latent
topic and latent factors were combined to create
better vectors of users and items. Another proposed
study [26] produced a unified framework to assess
both aspect evaluations and the mood of the con-
nected user for more individualized item recom-
mendations. The user text review was analyzed and
classified via the lexicon technique to figure out the
user features and integrate these features into the
tensor factorization method. In Ref. [27], the re-
searchers incorporated user ratings and user re-
views and produced an adjustment weight to tune
the user text review towards any positive rating.
Recently, deep learning has been employed in
various aspects such as image processing [28e30]
and recommendation systems [20]. Deep learning
in text mining was utilized to improve the accuracy
of the recommendations [20]. This study involved
two steps. The first step was to use multichannel
deep learning to extract aspects and generate rat-
ings by computing user polarities. In the second
step, tensor factorization was used to compute the
predictions.
After reviewing the previous studies, it can be

concluded that there is still a serious deficiency in
terms of recommendation accuracy. The drawback of
these studies is that they adopted user text reviews of
all users and they integrated the whole ratings with
the whole reviews. This not only perplexed the CF
technique but is also time-consuming. To overcome

the aforementioned problems and enhance the
recommendation accuracy, the proposed method
analyzed and classified the user reviews of items
with the rating value 3 only.

3. The proposed method

Two objectives are achieved in this study. First, it
improves the recommendation quality by inte-
grating users' ratings and reviews of users whose
rating value for products is 3. Second, it reduces
computational complexity. In addition, utilizing the
reviews depended on the rating values. From the
experiments, it is observed that the user reviews in
most cases were positive when the rating values
were 4 or 5. However, the reviews are negative
when the rating values are 1 or 2. For example, in
the Yelp dataset, after randomly selecting 6863 users
whose ratings were 4 or 5, 6648 were positive re-
views, while the rest were negative ones. Similarly,
from 1676 users whose ratings were 1 or 2, 1590
were negative reviews whereas the rest were posi-
tive. In contrast, the users’ positive and negative
reviews are close when their rating value is 3. The
same thing is observed in the Amazon musical in-
struments dataset.
The fundamental idea of this study was to ignore

the user reviews when the user ratings were 1, 2, 4,
or 5. It is believed that it is superfluous and time-
consuming to analyze the text review and deter-
mine whether it was positive or negative when the
rating value was not 3. It is noted that there is a
semi-matching between the reviews and the ratings
(1/2/4/5). Thus, to achieve the aforementioned
objective, we propose the method displayed in
Fig. 1 below.
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3.1. Pre-processing

Two standard datasets were used in this study.
The following procedures were applied at this step:

a) Because of memory size, the users were ran-
domly filtered according to their ratings.

b) Duplicated data was removed.
c) Items with less than two ratings were removed.

It was unnecessary to use such items as they
were considered cold-start items and were out of
the scope of this study.

d) Text cleaning: This process involved extracting
the raw text from the input data and converting
it into the desired encoding format by elimi-
nating all non-textual elements such as markups
and metadata.

e) Text pre-processing: This involved several tasks
including tokenization, stop word removal, lo-
wercasing, stemming, and lemmatization.

3.2. Exploiting the data resources

Two resources were utilized in this study, namely,
user ratings and user reviews. For the user reviews,
the polarity term density technique was used. The
objective of analyzing the sentiment-laden text was
to assort words into either positive or negative in a
particular text, which was measured using the po-
larity term density in the sentiment analysis. The
density of these divisive terms served as a basis for
these statistics, which helped to identify how
strongly a text expressed a mood. The polarity term
was extracted using a sentiment lexicon.
With this technique, the ratio of the document

polarity level was computed. This ratio was calcu-
lated by counting the positive and negative terms
and then finding the difference between them. Next,
they were divided over the length of the text to
select the maximum polarity level value. On the
basis of this technique, the user reviews were clas-
sified into positive or negative (0/1) using sentiment
analysis. After calculating the positive and negative
polarity densities, the sentiment score (overall po-
larity) value is calculated and used to determine
whether a review is positive or negative. In this
study, the sentiment score threshold value is 0.5 and
0.3 for Yelp and Amazon datasets respectively. The
sentiment score was determined by trial and error to
choose the best score in terms of accuracy.
Additionally, the rating values were converted

into 0 or 1. For converting ratings into 0 or 1, we
followed three scenarios. The equations below show
the process.

First scenario:

r¼
�
1; r � 3
0; otherwise ð1Þ

Second scenario:

r¼
�
0; r � 3
1; otherwise

ð2Þ

Third scenario:

r¼
8<
:

1; r>3
0; r<3
based on review; r¼ 3

ð3Þ

Where r indicates the rating value.

3.3. Dividing the datasets

Usually, in any machine learning model, datasets
are divided into two parts: training and testing. In
this study, two training sizes were used, namely,
80 % and 75 % of the entire rating for each user,
whereas the rest was the test part.

3.4. Computing top-n items

In this study, a probabilistic method was applied
to compute the top-n items of the target user. First,
the co-occurrence of each item was computed on the
basis of users who rated the same items. In other
words, for each pair of items, the number of users
who rated this pair was computed. At the end of this
step, an array size number of items � number of
items was created. Second, the probability of each
item was estimated by dividing the occurrence value
of each item over the total value of the entire
occurrence values of the created array (item � item).
Equation (4) depicts the process. In this step, 0 and 1
refer to the probability of an item.

partial prob¼a
�
b ð4Þ

Where a indicates the occurrence of each item.
While b refers to the total occurrence of entire items.
Thereafter, for the target user, the final probability

was computed by multiplying the partial probability
of each user rating a specific item as shown in
Equation (5).

f inal prob¼
Yn

i
partial probi ð5Þ

Where n denotes the number of users who rated a
specific item.
The model produced three different outputs on the

basis of the input scenarios. Thereafter, the top-n
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probabilities were recommended to the target user.
Then, the model was evaluated to assess the top-n
recommendation items by using the precision and
recall metrics.

4. Experimental study

This section is dedicated to answering the
following research questions: 1) What is the perfor-
mance of using the review items with a rating value
of 3? 2) What is the performance of ignoring the user
reviews when the corresponding ratings are 1, 2, 4,
and 5? 3) What is the performance of considering the
items with a rating value of 3 as likes?
This section is devoted to evaluating the perfor-

mance of the proposed method. The dataset is
described and then the metrics are displayed in the
following subsection. The results and discussion are
presented in the last subsection.

4.1. Dataset preparation

Two standard datasets were used in this study,
namely Yelp and Amazon musical instruments.
Yelp is an online platform for user reviews of local
businesses (approximately 200,000 businesses). It is
generally used in different academic areas such as
natural language processing, machine learning, and
recommendation systems. To avoid memory con-
sumption, we kept the users who had at least four
ratings.
Amazon Musical Instrument (MI) involves a co-

llection of products available on Amazon for musical
instruments. It includes a set of information such as
brand, price, and category. It also incorporates in-
formation that is exploited in academic research such
as user reviews and user ratings, which can be used
in recommendation systems. In this study, only users
with eight ratings were considered (see Table 1).

4.2. Evaluation metrics

Two metrics were used in this study: precision
and recall. These metrics are commonly used in CF
to evaluate the recommendation accuracy. They
compute the ratio of the relevant items by utilizing
the confusion matrix as follows:

precision¼ number of relevant items
length of recommendation

ð6Þ

recall¼number of relevant items
entire relevant items

ð7Þ

4.3. Results and discussion

The datasets were divided into training and
testing parts: 80 % of the entire rating of each user
was randomly dedicated to the training part and the
rest to the testing part. In this study, 5-fold and 4-
fold cross-validation techniques were used to vali-
date the model. The backbone of the proposed
method is that the reviewing text of the rating values
4 and 5 is in most cases positive. It is negative,
though, when the rating values are 1 and 2. Tables 2
and 3 show the details of this contention.
The experiment was implemented in three sce-

narios. In the first scenario, we assumed that the
rating value 3 was a like along with the rating values
4 and 5. In the second, it was presumed that the
rating value 3 was a dislike along with the rating
values 1 and 2. The third option was to evaluate the

Table 1. Datasets statistics.

Dataset MI Yelp

# Users 1428 6324
# Items 899 4116
# Reviews 10261 10001
Sparsity 99.2 % 99.96 %

Table 2. Statistics of positive and negative reviews in Amazon MI.

No. of all 4 or 5 
ratings 4 or 5 positives 4 or 5 negatives

9022 8804 218
No. of all 1 or 2 
ratings 1 or 2 positives 1 or 2 negatives

467 76 391
No. of all 3 ratings 3 positive 3 negative
772 439 333

Table 3. Statistics of positive and negative reviews in Yelp.

No. of all 4 or 5 
ratings 4 or 5 positives 4 or 5 negatives

6863 6648 215
No. of all 1 or 2 
ratings 1 or 2 positives 1 or 2 negatives

1676 86 1590
No. of all 3 
ratings 3 positive 3 negative

1461 879 582

Table 4. Recommendation performance for the Yelp dataset 80 %
training.

Metrics @5 @10 @20 @30

3 is dislike Precision 96.12403 92.4242 83.8461 80.3921
Recall 19.2579 22.3034 22.4637 22.7452

3 is like Precision 99.2207 97.9434 94.9748 93.1707
Recall 45.1764 46.371 46.5732 47.3841

3 based on
the review

Precision 99.6835 99.2709 98.6825 96.5
Recall 53.4265 53.5269 54.0311 54.3509

The boldface indicates best results of each column.
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rating value 3 on the basis of the classification of the
review for that item. Tables 4 and 5, show the results
of recommendation for 80 % training, whereas
Tables 6 and 7 show the results for 75 % training for

top-5, 10, 20, and 30. The tables depict the precision
and recall results for the aforesaid scenarios.
Note that there was an obvious superiority when

we utilized the classification of the user review for the
rating value 3 in all of the datasets in the precision
metric. The precision values for the last scenario were
better than the other scenarios in all of the recom-
mended items (top 5, 10, 20, and 30). An additional
point was that the precision values decreased when
the list of recommendation items increased. For
example, in Table 4, when the recommendation is
top-5, the precision value is 99.68. It then starts to
decrease gradually until it reaches the minimum
value (96.5) at top-30. The same situation appears in
Table 5. In contrast, the recall values increase when
the length of the recommendation list does. Accord-
ing to the above results, when some users rate an item
3, this means that they like the product. Yet, when
some other users give the same rate value, they
dislike it. Therefore, review texts in these cases are
essential to exactly recognize the user's opinion about
the product.
In Tables 6 and 7, it can be seen that the precision

values when the training size is 75 % are slightly
better than the results in Tables 4 and 5. The reason
for this is that the number of relevant items (testing
part) increases and, consequently, the precision
improves. On the opposite, the recall results in Ta-
bles 4 and 5 exceed the results of Tables 6 and 7. The
justification of this preference is that when the
training size is 75 %, it means the entire relevant
items (in the testing part) are bigger than the rele-
vant items compared with the training size in Tables
4 and 5. This causes a reduction in the results of the
recall metric.

Table 5. Recommendation performance for the Amazon MI dataset 80 %
training.

Metrics @5 @10 @20 @30

3 is dislike Precision 81.4388 79.2401 77.9898 76.5492
Recall 49.6491 51.1383 55.2252 55.8510

3 is like Precision 84.2201 81.7872 79.1825 77.3132
Recall 72.2118 74.2524 74.8547 76.3485

3 based on
the review

Precision 84.77 82.1065 79.7661 77.3356
Recall 74.2452 77.5 79.203 81.6924

The boldface indicates best results of each column.

Table 6. Recommendation performance for the Yelp dataset 75 %
training.

Metrics @5 @10 @20 @30

3 is dislike Precision 95.3051 91.4242 82.1803 80.4332
Recall 10.0909 21.0909 21.5302 22.1452

3 is like Precision 99.4767 98.5530 96.1244 93.8635
Recall 43.2034 44.3158 45.1039 45.6721

3 based
on review

Precision 99.8457 99.7721 98.5667 97.2133
Recall 44.7183 45.8822 45.8999 47.4256

The boldface indicates best results of each column.

Table 7. Recommendation performance for the Amazon MI dataset 75 %
training.

Metrics @5 @10 @20 @30

3 is dislike Precision 79.4069 77.5641 76.8939 74.9627
Recall 48.6869 48.4 51.5930 52.7660

3 is like Precision 82.7809 82.4218 81.3166 77.6860
Recall 72.1130 74.2212 74.8493 75.9535

3 based
on review

Precision 84.2105 83.4841 81.7427 80.6387
Recall 71.2264 74.4395 75.4802 76.4427

The boldface indicates best results of each column.
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Fig. 2. Precision results for the Yelp dataset of 80 % training.
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Figs. 2 and 3 show the results of the precision
metric in Yelp and Amazon MI, respectively. As
seen in these figures, the worst results were recor-
ded when directly considering the rating value 3 as
a dislike. This means that most users who rated 3
liked the product. In addition, directly considering
the rating value 3 as a like yields pretty results.
However, the third scenario which utilized text re-
views in the case of the rating value 3 produced the
best results among all three considered scenarios.
The same concept can be seen in Fig. 3. The figures
confirm our idea that using user reviews only when
the rating value is 3 leads to enhancing the recom-
mendation accuracy and reducing the processing
time.
Figs. 4 and 5 depict the results of the recall metric

for the Yelp and Amazon MI datasets, respectively.

In these figures, again, the outperformance of the
third scenario is shown. Moreover, the results
increased gradually when the recommended list
increased. For example, the results are 53.42 and
54.35 in the review-based scenario when the list size
is 5 and 30, respectively. The same concept was
repeated in all of the other scenarios. Figs. 6 and 7
show the results of precision metrics when the
training size is 75 %. It can be seen that the results of
the first and third scenarios (rating value 3 as like
and depending on the users' reviews respectively)
are better than the results of the second scenario.
Moreover, the results of the third scenario are again
better than those of the first scenario, which sup-
ports our view. In other words, utilizing users’ re-
views when the rating value is 3 provides the best
results compared with other procedures.
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Fig. 3. Precision results for the Amazon MI dataset 80 % training.
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Fig. 4. Recall results for the Yelp dataset 80 % training.
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Fig. 6. Precision results for the Yelp dataset 75 % training.
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Fig. 7. Precision results for the Amazon MI dataset 75 % training.
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5. Conclusions

Analyzing and understanding all user reviews is
time-consuming. According to our experiment, most
ratings (1, 2, 4, and 5) expressed user preferences
clearly without utilizing the reviews accompanying
these ratings. The only exception was items with the
rating value 3, which was neither positive nor
negative. Thus, user reviews were used to determine
the user preferences only for items with the rating
value 3. The study revealed that items with the rating
value 3 did not precisely mean that the user liked or
disliked the product. Moreover, the study dimin-
ished the processing time by analyzing and classi-
fying the reviews of the items with the rating value 3
only. The study also recorded that the highest
recommendation accuracy was achieved when the
user opinions were extracted from these items.
The limitation of this work is that some reviews

are ambiguous so it is hard to figure out and classify
the users’ preferences. Therefore, for a further
future quest, new models such as deep learning
techniques will expectedly have the ability to clas-
sify such reviews more precisely. Moreover, another
factor can be added such as the purchasing time of a
particular product. Finally, other metrics can be
added to evaluate the proposed model.
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