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Abstract

Recommender systems predict a new user’s opinion on a collection of items by

analyzing preference information of similar users. The Pawlak rough set model is

one of the effective tools to make personalized recommendations. The game-theoretic

rough set (GTRS) model improves the quality of the Pawlak rough set based recom-

mendations by determining a pair of thresholds that could achieve a tradeoff between

accuracy and coverage, which are two of the most prominent recommendation evalua-

tion metrics. It should be noted that the performance of a recommendation algorithm

may be affected by the rating patterns of the users in the considered dataset. The

aim of this research is to evaluate how the performance of the Pawlak rough set

based and the GTRS based recommendations vary on user groups that have different

rating patterns. We conducted comparative experiments on five different data sam-

ples. The experimental results suggest that compared to the Pawlak rough set model,

the GTRS model could not only obtain an improvement in coverage level, but also

achieve an equal accuracy level on each of the considered data samples. In particular,

it achieved a bigger advantage over the Pawlak rough set model on user groups that

make a smaller number of rating records. This performance difference indicates that

compared to the Pawlak rough set model, the GTRS model gives a better solution to

make high quality personalized recommendations on datasets formed by users that

make a smaller number of rating records.
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Chapter 1

Introduction

Recommender systems predict a user’s preference among a collection of items by

aggregating and analyzing suggestions from similar users [3]. Through the use of

data mining techniques, recommender systems help users to find items that they are

interested in without searching through the enormous amount of information on the

internet [4].

Different approaches are involved in the design phase of a recommender sys-

tem [38]. Collaborative filtering (CF) predicts a user’s opinion on an item by com-

bining similar users’ opinions on this specific item [42]. CF is the most commonly

used recommendation technique to date as it makes moderately accurate recommen-

dations and takes less effort to implement [23]. However, traditional CF algorithms

rely highly on the rating density of the database [1], as the task of finding similarity

among different users gets harder when fewer rating records are around [43].

One effective solution to this problem is to involve model-based methods in the

implementation phase of a CF recommender system [41]. Through the use of data
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mining techniques, model-based methods transfer the preference information in the

database into a preference model [10]. The task of making recommendations for new

users no longer relies on the rating density of the database as the system will approach

to the preference model instead of the original database. The Pawlak rough set [32]

model is one of the effective techniques to implement model-based methods in CF

recommender systems [9, 15, 26].

The Pawlak rough set model is a powerful mathematical tool to deal with incom-

plete information. It forms equivalence classes with users that share similar interests

on training data, and makes predictions with these formed equivalence classes on

test data [6]. One limitation of the Pawlak rough set based recommendations is that

as the model is intolerant to errors, its predictions are only applicable for a limited

portion of users. However, this limitation could be eliminated through the use of the

game-theoretic rough set (GTRS) model [47].

As a quantitative generalization of the Pawlak rough set model [37], the GTRS

model helps the Pawlak rough set model with its error-intolerance and broadens its

practical application. It formulates a competitive game between accuracy and cover-

age, the two most prominent metrics in recommender system evaluation. A threshold

pair (α′, β′) that achieves a tradeoff between the two considered metrics will be re-

turned once the competitive game is completed [7]. The GTRS threshold pair is then

used to determine the three rough set regions and carry out rough set analysis.

As the rating pattern of the considered user group may have an impact on the

performance of a CF recommendation algorithm [16], we run a comparative study

between the Pawlak rough set model and the GTRS model using various data sam-

ples with different rating patterns. Both of the considered models are used to predict

user preferences on five featured data samples formed by users with different number

of rating records. However, when their recommendation performance are evaluated

2



and compared with each other, the results provided by different evaluation metrics

might be different [16]. Therefore, involving multiple evaluation metrics to test the

performance of the two considered models helps us to make sure that a thorough

comparative evaluation is achieved. In this thesis, besides accuracy and coverage,

two decision support metrics are used to examine the classification ability of the two

models: precision-recall, and receiver operating curve (ROC curve)-based metrics.

The remainder of the thesis consists of 6 different parts.

In Chapter 2, we give an overview of the related works that have been carried

out in the field of recommender system research along with some of their limitations.

Chapter 3 introduces some important concepts about the Pawlak rough set model and

how it is used to make personalized recommendations. Chapter 4 gives an insight of

how the GTRS model is used to formulate a competitive game between accuracy and

coverage, which two of the metrics that are commonly used in recommender system

evaluation. This chapter also indicates how the GTRS threshold pair is determined

and how it could possibly improve the quality of the Pawlak rough set based recom-

mendations.

In Chapter 5, some data preprocessing and partitioning are performed on the

original dataset to form user groups with selected users that have a certain range of

rating records. In Chapter 6, the Pawlak rough set model and the GTRS model are

used to predict user preferences on the featured user groups formed in the last section

respectively. Performance evaluations are carried out to compare the recommenda-

tion quality of the two models with each other, as well as to address the problem of

how their performance vary on user groups with different rating patterns. Finally a

summary, a conclusion, and limitations of our approach are discussed in Chapter 7.
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Chapter 2

Background Knowledge and Related Work

Different approaches are involved to make personalized recommendations in the

design phase of a recommender system [2]. Collaborative filtering, content based fil-

tering, knowledge based filtering and demographic based filtering are by far the most

commonly used approaches to predict user preferences in the field of recommender

system research [10].

Collaborative filtering predicts a user’s preference by aggregating preference infor-

mation from users that are considered to be similar with the target user [42]. Content

based filtering analyzes a set of related documents to set up a profile for each target

user and make predictions based on the inferred user profile [31]. Knowledge based

filtering studies the data that are related to the target user’s needs to make pref-

erence predictions [13]. Demographic based filtering divides all users in the dataset

into demographic user groups with regard to their personal attributes and makes rec-

ommendations for each target user based on the demographic group that he or she

belongs to [34]. The information sources that these four approaches use to generate
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recommendations is what make them different from each other. Collaborative filtering

makes use of a user’s previous rating history to discover similarities among different

users, while content-based filtering infers a user profile with the content of the related

documents. Knowledge based filtering takes the need of each target user as an input,

while demographic filtering analyzes users’ personal attributes to form demographic

user groups. Among all of the approaches, collaborative filtering is by far the most

popular technique as it takes less effort to implement and makes moderately accurate

recommendations [25].

The methods involved in the implementation phase a CF recommender system

could be further divided into two categories: memory-based methods and model-

based methods [10]. Memory-based methods maintain a database to store rating

information of all users and make calculations across the whole database whenever

a prediction needs to be made. These methods treat the entire database as a user

group that has similar interests and temporarily identify a list of neighbours for each

target user. These neighbours are a group of users that share common interests with

the target user. Recommendations for the target user are generated by combining

the opinions from these neighbours. Memory-based methods are widely implemented

in e-commerce websites as they are comparatively easy to implement and moderately

efficient in practical application [43]. However, the performance of memory-based

methods is affected by the rating density of the database as finding users with similar

interest gets harder when fewer users and rating records could be found [23].

On the other hand, model-based methods transfer the existing information in the

database into a user preference model through the use of data mining algorithms [36].

In the model construction process, the system is able to recognize the unique pat-

tern from training data and make suitable recommendations on test data [10]. When

a new user’s information is input into the system, the system will approach to the
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preference model instead of the original database to generate personalized recommen-

dations. Therefore, the performance of model-based algorithms are less likely to be

affected by the rating density of the database [31]. It is believed that by using training

data to construct a preference model beforehand and making recommendations with

the constructed preference model [36], model-based algorithms are able to overcome

the limitation of memory-based algorithms.

Different data mining models are used to predict user preferences in model-

based CF recommender systems [40]. Some of the well-known models that are com-

monly used in model-based CF recommender systems include the Bayesian belief

nets model [12], the clustering model [46], the latent semantic CF model [4], and the

Pawlak rough set model [31]. The Bayesian belief nets model assigns a decision tree

for each node in the Bayesian network. In each decision tree, a node represents a con-

sidered item and the state of the node indicates the possible rating of the considered

item [29]. The clustering model divides the original dataset into different clusters

and make predictions for a user according to the cluster he or she belongs to [14].

The latent semantic model involves latent class variables to form user communities

and make recommendations by calculating the overlap among these communities [44].

The Pawlak rough set model discovers similarity among different users through the

concept of equivalence class and predicts a new user’s opinion based on the equiva-

lence class he or she belongs to [24].

However, the Pawlak rough set based recommendations are only applicable for a

limited portion of users due to the error-intolerant nature of the Pawlak rough set

model. The GTRS model improves the quality of the Pawlak rough set based recom-

mendations by determining the three rough set regions with a threshold pair (α, β).

The GTRS threshold pair is obtained by formulating a competitive game between
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two of the most prominent recommendation evaluation metrics, accuracy and cover-

age [6]. When a tradeoff between the two evaluation metrics is achieved, the solution

to the competitive game, i.e., an threshold pair (α′, β′) will be returned [7]. The three

rough set regions are determined using threshold pair (α′, β′) and the predictions are

generated based on the three determined rough set regions. Details about how the

threshold pair (α′, β′) is computed and why the incorporation of the this threshold

pair is able to make the Pawlak rough set based recommendations applicable for more

users will be given in Chapter 4 [6].

On the other hand, the performance of a CF recommendation algorithm may be

affected by the rating pattern of the considered user group [16]. The rating pattern of

the considered user group could be represented by the number of rating records each

user has in the given dataset which directly affects the difficulty of finding users that

are similar with the target user. In Chapter 6, comparative experiments are carried

out to address the problem of how the performance of the Pawlak rough set based and

the GTRS based recommendations vary on user groups with different rating patterns.

Different evaluation metrics are introduced to evaluate the performance of a rec-

ommender system. The metric of accuracy and the metric of coverage are two of

the most popular ones among all of them [40]. Accuracy computes how close the

recommender system’s predictions are to the actual preference of the target user [23].

Coverage measures the portion of users for whom recommendations could be given

using only the prediction algorithm [23]. However, when the performance of two

recommendation algorithms are evaluated and compared with each other, different

evaluation metrics may provide different results [16]. An algorithm that is winning

in one aspect might be losing in the other, since each evaluation metric reflects a cer-

tain performance aspect of the considered recommendation algorithm. Therefore, it

is important that we involve multiple evaluation metrics to compare the performance
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of the two considered models.

Aside from accuracy and coverage, the classification ability is also an important

performance aspect for a recommendation algorithm. The classification ability of a

recommendation algorithm is represented by the ratio of correct and incorrect de-

cisions on the considered items and could be computed through the calculation of

decision-support metrics [23]. The decision on an item is considered correct if it is

(a) both recommended and preferred by the target user, or (b) not recommended to

the target user and is also an item that the target user does not prefer. Otherwise,

the decision on the considered item is incorrect.

In this thesis, two decision support metrics, precision-recall and ROC curve-based

metrics are used to examine the classification ability of the two considered models [11].

Precision measures the probability that a recommended item is preferred by the tar-

get user, while recall describes the probability that a preferred item is recommended

to the considered user [23]. The ROC curve-based metrics calculate the true positive

rate (TPR), which computes the ratio of recommended and preferred items to all the

items in the preferred item set, and false positive rate (FPR), which measures the

ratio of recommended and not preferred items to all the items in the not preferred

item set.
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Chapter 3

Pawlak Rough Set Based

Recommendations

3.1 The Pawlak Rough Set Model

The Pawlak rough set model approximates a set C by a pair of lower and upper

approximations [6]. Let U be a set called universe, and let [x] be an equivalence

class that is formed based on an equivalence relation on U [33]. Set C that is being

approximated is normally a subset of set U . The lower and upper approximation for

set C are defined as follows [32],

apr(C) = {x ∈ U | [x] ⊆ C} (3.1)

apr(C) = {x ∈ U | [x] ∩ C 6= ∅} (3.2)
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With the definitions of the upper and lower approximations of set C, the three

rough set regions, the positive, the negative and the boundary region are calculated

as follows,

POS(C) = apr(C), (3.3)

NEG(C) = apr(C)c (3.4)

BND(C) = apr(C)− apr(C) (3.5)

3.2 The Probabilistic Rough Set Model

The probabilistic rough set model calculates the conditional probability of each

equivalence class, which is defined as the degree of overlap between the equivalence

class [x] and the set C. In the probabilistic rough set model, the conditional proba-

bility of equivalence class [x] is calculated using the following equation,

P (C | [x]) =
| C ∩ [x] |
| [x] |

(3.6)

Aside from the conditional probabilities of the equivalence classes on U , a thresh-

old pair (α, β) is also introduced to determine the upper and the lower approxima-

tions of set C. All the equivalence classes on U with their conditional probabili-

ties satisfying the condition P (C | [x]) ≥ α form a lower approximation of set C.

Likewise, all the equivalence classes on U with their conditional probabilities sat-

isfying the condition P (C | [x]) > β form an upper approximation of set C. For

instance, if (α, β) = (0.5, 0.5), an equivalence class [x] with a conditional probability

10



of P (C | [x]) = 0.6 will be classified as part of the upper approximation of set C as its

conditional probability satisfies the condition of P (C | [x]) ≥ α. On the other hand,

if (α, β) = (0.8, 0.2), then the same equivalence class [x] will be classified as part of

the lower approximation of set C as its conditional probability satisfies the condition

of P (C | [x]) > β.

With the conditional probability of each equivalence class calculated and the

threshold pair (α, β) determined, the upper approximation and the lower approxi-

mation of set C are defined as follows,

apr
(α,β)

(C) = {x ∈ U | P (C | [x]) ≥ α} (3.7)

apr(α,β)(C) = {x ∈ U | P (C | [x]) > β} (3.8)

Similar to the Pawlak rough set model, with the definition of the upper approxi-

mation and the lower approximation of set C, the three probabilistic rough set regions

are determined as follows,

POS(α,β)(C) = apr
(α,β)

(C) = {x ∈ U | P (C | [x]) ≥ α} (3.9)

NEG(α,β)(C) = (apr(α,β)(C))c = {x ∈ U | P (C | [x]) ≤ β} (3.10)

BND(α,β)(C) = apr(α,β)(C)− apr(C) = {x ∈ U | β < P (C | [x]) < α} (3.11)

The probabilistic rough set model eliminates the limitation of the Pawlak rough set

model by introducing the concept of conditional probability and a pair of thresholds

(α, β). With the conditional probability of each equivalence class calculated and a

valid threshold pair (α, β) determined, we are able to define the three rough set regions

and carry out rough set analysis. An example of how the Pawlak rough set model
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and the probabilisitic rough set model could be used to predict user preferences will

be given in the next section.

3.3 Pawlak Rough Set Based Recommendations

Table 3.1 is an example of a movie rating table constructed using the rating

information in the MovieLens dataset. For instance, let us consider a user set U with

a total of 16 users U1, U2, ..., U16, i.e., U = {U1, U2, ..., U16}. The considered movie

set M = {Movie1,Movie2, ...,Movie5} are made up with five different movies that

have been rated by all the users in U .

Each cell in Table 3.1 describes a rating record made by a specific user with

regard to a specific movie. For instance, the first cell in the first row represents a

rating record made by user U1 with regard to Movie1. For each user, a positive rating

to a movie is considered to be a ‘like’ and is transferred into a ‘+’ in the rating table.

A negative rating to a movie is considered to be a ‘dislike’ and is transferred into a

‘–’ in the rating table.

The goal of the rough set analysis is to make preference predictions on Movie5. In

order to predict a user’s opinion on Movie5, we combine the ratings that have been

previously made on Movie5 and the target user’s ratings on Movie1 - Movie4. As

we are assuming users with the same preferences on Movie1 - Movie4 might share

a similar taste in movies, users that are similar to the target user are discovered by

analyzing the previous rating information on these four movies. The target user’s

opnion on Movie5 is predicted using similar users’ rating information on Movie5.

In the rough set model, Movie1 - Movie4 are defined as the conditional attributes,

12



Table 3.1: A movie rating table

Movie1 Movie2 Movie3 Movie4 Movie5
U1 - + + + -
U2 + + - + +
U3 + - - - +
U4 - + + + -
U5 + - - - -
U6 + - + - +
U7 - + + + +
U8 + - + - -
U9 - - + - +
U10 - - + + -
U11 - - + + +
U12 - - - - -
U13 - - + - +
U14 - - + + +
U15 + + + + +
U16 - - - - -

while Movie5 is defined as the decision attribute. In order to predict the value of the

decision attribute, we need to first identify the users that share similar interests with

the target user based on their ratings on the conditional attributes. The Pawlak rough

set model identifies the similarities among different users by classifying users with

the same conditional attribute values into the same equivalence class. An equivalence

class Xi is formed by a set of users with the same rating preferences on the conditional

attribute movies, i.e., Movie1 - Movie4. For instance, user U1 and U4 both have

a negative rating on Movie1 and positive ratings on Movie2 - Movie4. Therefore,

they are considered to be similar with each other and are categorized into the same

equivalence class X1.

The users in the user set U are classified into eight different equivalence classes

according to the rating records they previously made on Movie1 - Movie4. The eight

equivalence classesX1, X2, ..., X8 formed based on Table 3.1 are described in Table 3.2.

When new users enter the system, we first identify the equivalence class they
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Table 3.2: Equivalence classes formed based on Table 3.1

X1 = {U1, U4} X2 = {U2}
X3 = {U3, U5, U7} X4 = {U6, U8}
X5 = {U9, U13} X6 = {U10, U11, U14}
X7 = {U12, U16} X8 = {U15}

belong to based on the rating records they previously made on Movie1 - Movie4. Then

we predict their preferences on Movie5 according to the preferences of the equivalence

classes they belong to, as we assume that users that share the same opinions on Movie1

- Movie4 might have similar tastes in movies. However, the preference prediction of

the target user could not be specified if the users in the equivalence class do not

agree with each other with regard to their opinions on Movie5. For instance, we are

unable to tell whether equivalence class X4 likes Movie5 or not as one of the users

in the equivalence class likes the movie while the other does not. In the Pawlak

rough set model, these equivalence classes are classified into the boundary region,

which means the preferences of the users that belong to these equivalence classes

could not be predicted. In other words, user preferences could only be predicted for

the equivalence classes that belongs to the positive or negative region, which means

recommendations are only applicable for a limited portion of users.

Although leaving out the equivalence classes in the boundary region reduces the

possibility of making incorrect recommendations, only being able to make predictions

for a limited portion of users is a drawback in its practical application. A solution

to make the Pawlak rough set based recommendations applicable for more users is to

introduce the concept of conditional probability in the probabilistic rough set model.

The conditional probability of equivalence class Xi is calculated using the following

equation,

P (C | Xi) = P (Movie5 = + | Xi) =
|Movie5 = + ∩Xi |

| Xi |
(3.12)

14



The conditional probabilities of the equivalence classes X1, ..., X8 in Table 3.2

are calculated as 0.0, 1.0, 0.7, 0.5, 1.0, 0.7, 0.0, and 1.0, respectively. These con-

ditional probabilities represent the percentage of users that have previously made a

positive rating on Movie5 in each equivalence class. According to the Pawlak rough

set model, equivalence classes X1 and X7 with their conditional probabilities being

P (C | X1) = 0.0, P (C | X7) = 0.0 belong to the positive region. Equivalence

classes X2, X5, and X8 with their conditional probabilities being P (C | X2) = 1.0,

P (C | X5) = 1.0, and P (C | X8) = 1.0 belong to the negative region. However, the

decision on which region the other three equivalence classes belong to could not be

made with only the calculation of the conditional probabilities.

As discussed in the last section, in the probabilistic rough set model, aside from the

conditional probabilities of each equivalence class, a pair of thresholds (α, β) is also

needed to determine the three rough set regions. After calculating the conditional

probabilities for all the equivalence classes, we need to compare these conditional

probabilities with the threshold pair (α, β) to determine which region the equiva-

lence classes belong to. An equivalence class with a conditional probability greater

than threshold α will be classified into the positive region, and an equivalence class

with a conditional probability less than β will be classified into the negative region.

Otherwise, the equivalence class stays in the boundary region.
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3.4 Accuracy and Coverage of the Pawlak Rough Set Based

Recommendations

Different metrics have been proposed to evaluate the performance of recommenda-

tion algorithms, and accuracy and coverage are two of the most popular ones among

all of them [40].

Assuming that examining the actual user preferences on the considered item set is

possible, accuracy empirically computes how close the recommender system’s predic-

tions are to the actual user preferences [17]. Coverage measures the domain of users

for whom recommendations could be generated using only the considered prediction

algorithm [39]. These two evaluation metrics provide us different yet complimentary

performance aspects of a recommendation algorithm [23].

In the rough set model, the metric of accuracy is defined as the ratio of the num-

ber of correctly classified objects in the positive region and the negative region to the

total number of objects in these two regions. The metric of coverage is defined as the

ratio of the total number of objects in the positive region and the negative region to

the total number of objects in the universal set. If the threshold pair that is used to

determine the three rough set regions is configured as (α, β), the metrics of accuracy

and coverage are calculated using the following equations,

Accuracy(α,β) =
| (POSα,β(C) ∩ C) ∪ (NEGα,β(C) ∩ Cc) |

| POSα,β(C) ∪NEGα,β(C) | (3.13)

Coverage(α,β) =
| POSα,β(C) ∪NEGα,β(C) |

| U | (3.14)

Both accuracy and coverage are the properties we want to pursue in the Pawlak

rough set based recommendations, and we may want to optimize them both at the
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same time. However, this may not be possible in many cases. As we could observe

from Eq 3.14, given a universal set U , the denominator | U | is fixed. Therefore,

the only way to improve coverage level is to increase the molecular | POSα,β(C) ∪

NEGα,β(C) |. However, the molecular in Eq 3.14 is the denominator in Eq 3.13,

therefore, whenever coverage increases, accuracy will decrease. An attempt to increase

the coverage level will make recommendations applicable for more users, but will also

end up with more not preferred recommendations. Therefore, instead of increasing

them both at the same time, we try to realize a tradeoff between the two considered

attributes.

The problem yet to solve is to what degree is this tradeoff acceptable. As the

Pawlak rough set based recommendations are only applicable for a limited portion of

users, how much sacrifice in accuracy level is acceptable in order to improve coverage

level requires more tradeoff analysis. In this thesis, we realize the tradeoff between

the two attributes through the use of the GTRS model.
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Chapter 4

GTRS Based Recommendations

4.1 The Game-theoretic Rough Set Model

The GTRS model determines the threshold pair (α, β) by formulating a competi-

tive game among a finite set of game players, which are normally represented by the

criteria that we want to pursue in the rough set analysis [22]. It moves objects in

the boundary region into either the positive or the negative region by adjusting the

threshold pair values in the competitive game.

Let (α, β) be the threshold pair that is used to determine the three rough set

regions, and let (c1, c2) be two of the criteria that we want to pursue in the rough set

analysis. When the threshold pair is configured as (α, β), the payoff of the criteria c1

and c2 are described by c1(α, β) and c2(α, β). Since both c1 and c2 are the criteria we
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want to pursue, the goal of the rough set analysis is to select a threshold pair that

could maximize the payoff of the two criteria at the same time, which is described as,

argmax(α,β)c1(α, β), (4.15)

argmax(α,β)c2(α, β) (4.16)

However, as much as we want to optimize both c1(α, β) and c2(α, β) simultane-

ously, this might not be possible in real world scenario. The configuration of the

threshold pair (α, β) has impacts on both criteria c1 and criteria c2 at the same time,

which means an effort to increase the payoff of one criteria might result in a decre-

ment in another criteria.

The GTRS model provides a solution to this problem by formulating a competi-

tive game to realize a tradeoff between or among the considered criteria. Formally, a

game is defined as a tuple {P, S, u} [27] where,

• P = {p1, p2, ..., pn} is a finite set of players;

• S = S1×S2× ...×Sn, where Si is a finite set of strategies available for player pi

to choose from. Each strategy in the strategy set Si represents a different level

of adjustment in the threshold pair (α, β). A strategy profile S = {s1, s2, ..., sn}

is a combination of strategies selected by players {p1, p2, ..., pn}, where player pi

plays strategy si;

• u = {u1, u2, ..., un} is a set of payoff functions calculated with regard to each

strategy profile.
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In a GTRS based game, the selection of players is solely determined by the criteria

we want to pursue in the decision making process. The strategies are considered as

changes in the criteria levels, which is achieved by modifying the threshold levels [5].

The goal of the game is to find a solution to the game, which is represented by a

strategy profile (s1, s2, ..., sn).

The concept of Nash equilibrium is used to determine a game solution in a GTRS

based competitive game. For instance, in the above discussed two-player game be-

tween criteria c1 and criteria c2, a strategy profile (si, sj) is considered Nash equilib-

rium if the following two conditions hold,

for all k 6= i, uc1(si, sj) ≥ uc1(sk, sj); (4.17)

for all k 6= j, uc2(si, sj) ≥ uc2(si, sk) (4.18)

The first condition indicates that player c1 achieves the best payoff by playing

strategy si, provided that player c2 has his or her strategy fixed as sj. Similarly, the

second condition suggests player c2 achieves the best payoff by playing strategy sj

given that player c1 has his or her strategy fixed as si. When both conditions are

reached, neither of the players could achieve a better payoff by adjusting his or her

own strategy selection. In other words, a balance point between the two players is

realized when Nash Equilibrium is achieved.
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Table 4.1: Payoff table for a two-player GTRS based game

c2
s1 s2 ...

s1
〈
uC1(s1, s1),

〈
uC1(s1, s2), ...

uC2
(s1, s1)

〉
uC2

(s1, s2)
〉

...

c1 s2
〈
uC1(s2, s1),

〈
uC1(s2, s2), ...

uC2
(s2, s1)

〉
uC2

(s2, s2)
〉

...

... ... ... ...

4.2 Formulating a Two-player GTRS Based Game

Let us look at a classic two-player GTRS based game formed between the above

discussed criteria c1 and c2, the two criteria that we want to pursue in the rough set

analysis. In the competitive game, both criteria c1 and c2 are considered as game

players. Different kinds of adjustments of the threshold pair (α, β) are the game

strategies that each player could choose from. Supposing that according to the two

players’ strategy selections, the threshold pair is configured as (α, β). The payoff of

the two players c1 and c2 are then calculated respectively using the corresponding

payoff functions uc1(α, β) and uc2(α, β).

In the payoff table, each cell represents the payoff of the two game players cal-

culated with regard to the corresponding strategy profile. For instance, the top left

cell contains uC1(s1, s1) and uC2(s1, s1) that is calculated according to strategy profile

(s1, s1). The strategy combination of the two players corresponding to the strategy

profile is c1 playing s1 and c2 playing s2. With the payoff of each strategy profile

calculated using the corresponding payoff functions, a payoff table like Table 4.1 will

be formed.

The solution concept Nash equilibrium is determined by going through each cell

with an exhaustive search method to find the best payoff in the payoff table. A
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threshold pair (α′, β′) which represents a solution to the competitive game is calcu-

lated using the Nash Equilibrium strategy profile. With this GTRS threshold pair, a

tradeoff between the two criteria c1 and c2 is realized. In the next section, a two-player

GTRS based competitive game is formulated to achieve a tradeoff between criteria

accuracy and criteria coverage.

4.3 Formulating a Competitive Game between Accuracy and

Coverage

As discussed in the last chapter, the role of the GTRS model is to realize a tradeoff

between accuracy and coverage by formulating a competitive game between them. In

order to formulate a GTRS based competitive game between accuracy and coverage,

we need to first identify the three components of the game, i.e, the players, the strate-

gies, and the payoff functions.

The players of the competitive game should be the properties for whom a tradeoff

needs to be made. As we are considering a tradeoff between accuracy and coverage,

these two attributes are selected as game players [6], i.e., P = {Accuracy, Coverage}.

The strategies are sets of moves that the players could choose from. In the GTRS

model, strategies are realized by making corresponding adjustments in the thresholds

level. To better compare with the Pawlak rough set model, in a GTRS based com-

petitive game, the threshold pair is initially configured as (α, β) = (1, 0), where the

accuracy level is at the highest and the coverage level is at the lowest. As a result,

player accuracy and player coverage have three different types of strategies to choose

from, which is to decrease α, to increase β, or to decrease α and increase β at the
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same time, i.e., s1 = α ↓, s2 = β ↑, s3 = α ↓ β ↑. In one iteration of the game,

player accuracy and player coverage each chooses one strategy from the strategy set

s1, s2, s3. When a player plays a strategy, corresponding adjustments are made to the

threshold pair (α, β). For instance, when player accuracy chooses to play strategy

s3, an increment of 0.05 is made to threshold β, and a decrement of 0.05 is made to

threshold α. Therefore, based on the strategy selection of the two players, four types

of threshold adjustments, α ↓, α ↓↓, β ↑, β ↑↑, could possibly be applied to thresh-

old α and threshold β. Threshold adjustment α ↓ describes the situation where one

player suggests to decrease threshold α. Similarly, threshold adjustments α ↓↓, β ↑,

β ↑↑ describe the scenarios where two players suggest to decrease threshold α, one

player suggests to increase threshold β, and two players suggest to increase threshold

β, respectively.

α ↓: single player suggests to decrease α, (4.19)

α ↓↓: both the players suggest to decrease α, (4.20)

β ↑: single player suggests to increase β, (4.21)

β ↑↑: both the players suggest to increase β. (4.22)

These four types of threshold level adjustments suggest how each strategy com-

bination has a unique impact on the threshold pair. For instance, if the strategy

combination of player accuracy and player coverage is (s1, s1), which means both

players choose to decrease α, the threshold level adjustment is then determined as

(α ↓↓, β). Likely, if the strategy combination of the two players is (s3, s3), which

means both players choose to decrease α and increase β at the same time, the thresh-

old level adjustment is determined as (α ↓↓, β ↑↑).
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The payoff functions are used to measure the outcome of a player playing a specific

strategy. Since accuracy and coverage levels are what the players want to pursue in

the competitive game, the values of these two attributes are calculated as the payoffs

of the two game players. An adjustment in thresholds levels directly affects the de-

termination of the three rough set regions, which further influences the payoffs of the

two game players. The definition of accuracy and coverage in Eq 3.13 and Eq 3.14 are

used as payoff functions as we are calculating accuracy and coverage level according to

the threshold pair values. For a particular strategy profile (sm, sn) with its threshold

pair values configured as (α, β), the payoff functions of the two players are described

by,

uA(sm, sn) = Accuracy(α,β) =
| (POSα,β(C) ∩ C) ∪ (NEGα,β(C) ∩ Cc) |

| POSα,β(C) ∪NEGα,β(C) | (4.23)

uC(sm, sn) = Coverage(α,β) =
| POSα,β(C) ∪NEGα,β(C) |

| U | (4.24)

After one iteration of the competitive game, a payoff table like Table 4.2 will be

formed. The rows in Table 4.2 represent the strategy selection of player accuracy

while the columns describe the strategy selection of player coverage. Each cell is

assigned with a set of payoffs calculated using the payoff functions with regard to

the strategy selections of the two game players. The adjustments in threshold level

α ↓, ↓↓, β ↑, β ↑↑ for each strategy profile is determined using Eq 4.25 — Eq 4.28.

The solution to the competitive game (Nash equilibrium) is calculated by going

through each cell in the payoff table to check if the conditions in Eq 4.17 and Eq. 4.18

hold. The strategy profile (si, sj) that yields the conditions of Nash equilibrium is

considered to be the solution to the competitive game. The threshold pair (α′, β′)
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Table 4.2: Payoff table for the competitive game between accuracy and coverage

Coverage
s1 = α ↓ s2 = β ↑ s3 = α ↓ β ↑

s1 = α ↓
〈
uA(α ↓↓, β),

〈
uA(α ↓, β ↑),

〈
uA(α ↓↓, β ↑),

uC(α ↓↓, β)
〉

uC(α ↓, β ↑)
〉

uC(α ↓↓, β ↑)
〉

Accuracy s2 = β ↑
〈
uA(α ↓, β ↑),

〈
uA(α, β ↑↑),

〈
uA(α ↓, β ↑↑),

uC(α ↓, β ↑)
〉

uC(α, β ↑↑)
〉

uC(α ↓, β ↑↑)
〉

s3 = α ↓ β ↑
〈
uA(α ↓↓, β ↑),

〈
uA(α ↓, β ↑↑),

〈
uA(α ↓↓, β ↑↑),

uC(α ↓↓, β ↑)
〉

uC(α ↓, β ↑↑)
〉

uC(α ↓↓, β ↑↑)
〉

calculated according to the solution strategy profile (si, sj) is then used to obtain the

three rough set regions. A balanced accuracy and coverage level could be achieved

by determining the rough set regions with the threshold pair attained in the GTRS

based competitive game.

4.4 Determining GTRS Thresholds with a Tradeoff between

Accuracy and Coverage

A learning mechanism will be formed by making the competitive game iterative

and constantly adjusting the value of the four threshold level adjustment variables,

i.e., α ↓, α ↓↓, β ↑, β ↑↑. The learning process will make the threshold level adjust-

ments more effective after every iteration of the competitive game. An algorithmic

realization of the iterative game is described in Algorithm 1.

To better compare with the Pawlak rough set model, the threshold pair (α, β) that

is used to determine the three rough set regions is initially configured as (α, β) = (1, 0)

which is set according to the definition in the Pawlak rough set model. After one iter-

ation of the game, the game solution is determined by going through the payoff table

to check if the conditions of Nash Equilibrium hold. The corresponding threshold
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Algorithm 1 Formulating the tradeoff with GTRS

Input: Rating matrix A; initial configuration of (α, β); α ↓; α ↓↓; β ↑; β ↑↑
output: Modified threshold pair (α′, β′);

1: Repeat
2: Calculate the payoff of each game player using Eq 3.13 and Eq 3.14;
3: Formulate a payoff table with the results in 2;
4: Determine the solution to the game by going through the payoff table and checking if the

conditions in Eq 4.17 and Eq 4.18 hold;
5: Calculate the corresponding threshold pair (α′, β′);
6: Adjust the values of the four threshold level adjustment variables, α ↓, α ↓↓, β ↑,β ↑↑;
7: (α, β)← (α′, β′);
8: Until one of the stop conditions is reached

Stop conditions: α ≤ 0.5; β ≥ 0.5; Accuracy(α,β) ≤ Coverage(α,β); or P (BND(α,β)(C)) = 0.

pair (α′, β′) is used as the initial threshold pair configuration in the next iteration of

the game.

Besides the initial configuration of the threshold pair, the four threshold level ad-

justment variables α ↓, α ↓↓, β ↑, β ↑↑ also change after one iteration of the game

is completed. The values of the adjustment variables are mainly determined by the

improvement in coverage level in the last iteration of the game, while the constant c

is introduced to manage the level of change in these variables. The constant c is ini-

tially configured as 2 and could be reconfigured at any value greater than 1 according

to the desired level of change in the thresholds adjustment variables. Whenever one

iteration of the game is completed, the four threshold level adjustment variables are

calculated once again using the following equations [6],

α ↓= α− (α× (Coverage(α′, β′)− Coverage(α, β))) (4.25)

α ↓↓= α− c(α× (Coverage(α′, β′)− Coverage(α, β))) (4.26)

β ↑= β − (β × (Coverage(α′, β′)− Coverage(α, β))) (4.27)

β ↑↑= β − c(β × (Coverage(α′, β′)− Coverage(α, β))) (4.28)
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By changing variables α ↓, α ↓↓, β ↑, β ↑↑ after every iteration of the game, the

adjustments in threshold levels will become more and more effective in terms of re-

alizing the tradeoff between accuracy and coverage. The GTRS based competitive

game adjusts the threshold levels and moves items in the boundary region to either

the positive or the negative region. Therefore, the iteration will stop whenever the

boundary region is empty. Moreover, since the goal of the game is to increase the

coverage level with minimum sacrifice in accuracy level, the iterative process will also

stop if the payoff of coverage exceeds the payoff of accuracy. Likewise, there are two

more stop conditions. If α < 0.5 or if β ≥ 0.5, the iteration will stop to prevent the

attempts to increase coverage level from causing unacceptable decrement in accuracy

level. These stop conditions can be mathematically expressed as,

α < 0.5 (4.29)

β ≥ 0.5 (4.30)

Accuracy(α, β) ≤ Coverage(α, β) (4.31)

P (BND(α,β)(C)) = 0 (4.32)

We conduct the competitive game on training data and calculate the Nash Equi-

librium strategy pair in each iteration of the game. Then we modify the threshold

pair (α, β) using the Nash Equilibrium strategy pair and set the modified threshold

pair (α′, β′) as the initial threshold pair, i.e., (α, β) = (α′, β′). We keep adjusting

the threshold levels until one of the stop conditions is reached and the threshold pair

(α′, β′) attained in the last iteration of the game is used to classify objects on test

data. Approximating test data with the GTRS threshold pair (α′, β′) will not only

make the Pawlak rough set based recommendations applicable for more users, but
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also improve the recommendation performance in various ways.

However, the performance of a recommendation algorithm is also influenced by

the number of rating records each user had in the considered data sample. The prob-

lem of how the performance of the Pawlak rough set based and the GTRS based

recommendations vary on user groups with different rating patterns has yet to be

addressed. Therefore, in Chapter 6, five sets of comparative experiments are car-

ried out to compare the performance of the two considered models on data samples

with different rating patterns. To form these data samples, some data preprocessing

and partitioning are carried out on the original dataset. The details about the data

preprocessing and partitioning process is described in the next chapter.
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Chapter 5

Data Partitioning and Preprocessing

Given a dataset, there are three important observations about CF recommenda-

tion algorithms [16],

• The performance of an algorithm is affected by the rating pattern of the user

group, which could be represented by the number of rating records each user

had in the considered data sample;

• The task of discovering the similarities among different users is always easier

with the ratings on the frequently rated items compared to the infrequently

rated ones;

• When the performance of two recommendation algorithms are compared with

each other, the results provided by different evaluation metrics might be differ-

ent.
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In order to address the above listed observations, some data preprocessing and data

partitioning are conducted on the original dataset following the corresponding strate-

gies,

• We classify all the users into smaller user groups by counting the number of

rating records each user had in the considered dataset. The rating records in

the original dataset is then partitioned into featured data samples according to

the formed user groups;

• For each user group, we consider the frequently rated items to form equivalence

classes, i.e., to discover similarities among different users;

• Aside from accuracy and coverage, we involve two decision support metrics,

precision-recall, and the ROC curve-based metrics to evaluate the classification

ability of the two models.

The first strategy considers the fact that the rating pattern of the considered user

group has an impact on the performance of a CF recommendation algorithm. The

number of rating records directly affects the difficulty of finding users that are similar

with the target user. Besides, user groups with more rating records and user groups

with fewer rating records have different rating behaviours. A user who tends to make

more rating records are more likely to rate items positively, and a user who tends to

make fewer rating records are more likely to rate items negatively [28]. Therefore,

to make sure a thorough evaluation is achieved, we form featured user groups with

different rating patterns. For each user, we count the number of rating records he or

she had in the dataset, and then form user groups with the users that made a certain

range of rating records. Featured data samples are formed by partitioning the rating
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records in the original dataset according to the formed user groups. For instance, let

us consider a dataset S with a total of four users, i.e, U = {U1, U2, U3, U4}. First,

we count the number of rating records each user had in dataset S. Assuming that

these four users have 5, 20, 10, 15 rating records in S respectively, then U1 and U3

could be classified into user group U1−10 with their rating records in the range of 1-10.

Similarly, U2 and U4 could be classified into user group U11−20 with the number of

their rating records in the range of 11-20. The rating records in dataset S is then

partitioned according to the two formed user groups U1−10 and U11−20 to formulate

two featured data samples, Sample1−10 and Sample11−20.

The second strategy considers the fact that it is easier for any recommendation

algorithm to discover similarities among different users with the ratings on frequently

rated items. CF recommendation algorithms predict a user’s opinion on one item by

combining similar users’ opinions on this specific item. In the rough set model, the

similarities among different users are denoted by the concept of equivalence class. We

consider users with the same opinions on all the items in the considered item set to

be in the same equivalence class. With the ratings on frequently rated items, as all

the considered items have been previously rated by lots of users in the dataset, the

task of finding users with similar opinions on all the items in the considered item set

is comparatively easy. The equivalence classes formed using the ratings on frequently

rated items are also generally larger than the ones formed using the infrequently

rated ones, as more similar users could be found for each target user. Therefore, to

make sure that there are enough similar users in each equivalence class for a new user

to learn from, we form equivalence classes using the ratings on the frequently rated

items.

The third strategy considers the fact that the evaluation results provided by differ-

ent evaluation metrics might be different, as each evaluation metric reflects a certain
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performance aspect of the considered recommendation algorithm. Beside accuracy

and coverage, the classification ability is also important in the performance evalua-

tion of a recommendation algorithm. The classification ability of a recommendation

algorithm represents the ratio of correct and incorrect recommendation decisions, and

could be measured through the use of decision-support metrics. Two decision support

metrics, precision-recall, and ROC curve-based metrics are used to compare the clas-

sification ability of the two considered models. Precision computes the probability

that a recommended item is preferred, and recall defines the ratio of prefered and

recommended item to all the items in the preferred item set. The ROC curve-based

metrics measures the ratio of recommended and preferred items to all the items in

the preferred item set, and the ratio of recommended and not preferred items to all

the items in the not preferred item set.

Performing data preprocessing and partitioning on the original dataset following

the above strategies will lead to a thorough comparative evaluation. To implement

these strategies, we first classify the users in the original dataset into user groups by

counting the number of rating records they had in the dataset. Then all the ratings in

the original dataset is partitioned into featured data samples according to the formed

user groups. After these featured data samples are formed, we transfer the 5-star

scale ratings into binary scale ratings. For each user group, the ratings for ten of the

most frequently rated movies are selected to form equivalence classes, i.e., to discover

similarities among different users. After the above data preprocessing process is com-

pleted, for each data sample, 80% of the rating information is used as training data,

and the remaining 20% is used as test data.

The details about the data partitioning and preprocessing process are described

in Section 5.3 and Section 5.4.
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5.1 Dataset

MovieLens is a website that gathers research data to make personalized recom-

mendations. The MovieLens 1M dataset, which consists of 1 million 5-star scale

ratings on 4,000 different movies provided by 6,000 different users, is used as the

original dataset to carry out the comparative evaluation.

5.2 Data Partitioning

As discussed in the last section, given a dataset, the performance of a recommen-

dation algorithm is affected by the rating pattern of the considered user group. The

rating pattern of a user group however, could be represented by the number of rating

records each user had in the dataset. Therefore, we classify all the users into different

user groups according to the number of rating records they had in the MovieLens

dataset. The rating records in the MovieLens dataset is then partitioned into fea-

tured data samples according to the formed user groups. Conducting comparative

experiments on these featured data samples instead of the original dataset will help

us better analyze how the performance of the Pawlak rough set based and the GTRS

based recommendation vary on user groups with different rating patterns.

In the MovieLens dataset, about 25% of the ratings are made by users with fewer

than 100 rating records, about 25% of the ratings belong to users with 100 - 200 rating

records, and the other 50% are made by users with more than 200 rating records [19].

However, in the MovieLens dataset there also exist users that made an extremely

large number of rating records. Therefore, although users with more than 200 rating
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Table 5.1: Five featured data samples on MovieLens

Sample Sample1−50 Sample51−100 Sample101−150 Sample151−200 Sample201−250
Total ratings 40,000 40,000 40,000 40,000 40,000
Total users 1793 556 325 233 182
Average ratings 22 71 123 172 220

records made 50% of the ratings in the original dataset, there are only 25% of the

MovieLens users in this user group. On the other hand, users with fewer than 100

rating records and users with 100-200 rating records each made 25% of the rating

records, but these two user groups together consist of 75% of the MovieLens users in

the original dataset.

Therefore, we further split the first and the second group into two smaller user

groups. Users with fewer than 100 rating records are split into two user groups, one

with a rating record range of 1-50 and the other with a rating record range of 51-

100. Users with 100-200 rating records are further categorized into two smaller user

groups, one with a rating record range of 101-150 and the other with a rating record

range of 151-200. All together the users in the MovieLens dataset are split into five

featured user groups with five rating record ranges, 1-50, 51-100, 101-150, 151-200,

and 201-250.

The MovieLens dataset is then partitioned into five smaller datasets according to

the formed user groups. In each of these datasets, the middle 40,000 rating records

are selected to form featured data samples, Sample1−50, Sample51−100, Sample101−150,

Sample151−200, and Sample201−250. There are 1793, 556, 325, 233, and 182 users in

these data samples, and the average number of rating records for these samples are 49,

123, 153, 172, and 220. The formulation of the five featured data samples, Sample1−50,

Sample51−100, Sample101−150, Sample151−200, Sample201−250, is described in Table 5.1.

Since all the data samples are of the same size and each sample is formed with
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users with a different rating record range, the number of users in each sample are

different from each other [20]. More users are involved in samples where each user

makes a smaller number of rating records such as Sample1−50, while fewer users are

involved in samples where each user makes a larger number of rating records such as

Sample201−250. The user distribution of the five featured data samples is described

in Figure 5.1.

Figure 5.1: User distribution of the featured samples

The problem of how the performance of the Pawlak rough set based and the

GTRS based recommendations vary on user groups with different rating patterns

could be solved by evaluating the recommendation performance of the two models

on Sample1−50 — Sample201−250. Moreover, we are also able to maximize the perfor-

mance improvement of the GTRS model by analyzing its performance difference on

the five featured data samples.
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5.3 Data Preprocessing

After partitioning the original dataset into featured data samples Sample1−50 —

Sample201−250, some data preprocessing are conducted on these data samples. For

each data sample, the non-binary scale ratings in the original dataset are transferred

into binary scale ratings. The rating records addressing ten most frequently rated

movies in each data sample are selected to form equivalence classes. Besides, 80%

of the rating information in each data sample are selected as training data and the

remaining 20% are used as test data.

The details about the data preprocessing process is described as follows,

• Transfer into binary rating scale: We transfer the non-binary scale ratings into

binary scale ratings to help the formulation of the equivalence classes. In the

MovieLens dataset, a rating record of 4-5 star is considered to be a ‘like’ while a

rating record of 1-3 star is considered to be a ‘dislike’. To present the preference

information in a binary scale, the rating records that are considered to be ‘like’

are replaced by the value ‘1’, and the rating records that are considered to be

‘dislike’ are substituted by the value ’-1’.

• Discover similarities among different users: For each user group, the ratings

addressing ten most frequently rated movies are selected to form equivalence

classes, i.e., to discover similarities among different users. We consider users

with similar opinions on all considered movies to be in the same equivalence

class, and each equivalence class represents a group of users with similar movie

preferences.

• Divide into trainng and test data: Dividing the rating information in each of
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the featured data samples properly into training and test data is necessary in

the recommendation evaluation process. In each data sample, 80% of the rating

information are used as training data, and the remaining 20% are selected as

test data.

After all the data partitioning and preprocessing are completed, Sample1−50−Sample201−250

are then used to carry out comparative experiments to examine how the performance

of the Pawlak rough set based and the GTRS based recommendations vary on data

samples with different rating patterns. The experimental results on the five featured

data samples are further described and analyzed in the next chapter.
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Chapter 6

Statistical Analysis and Comparative

Evaluation

6.1 Accuracy and Coverage Analysis

The training accuracy and training coverage on Sample1−50 are described in Ta-

ble 6.1.

The Pawlak rough set model achieves an accuracy level of 100% in the prediction

of each movie. In comparison, the GTRS model obtains a slightly lower accuracy

level and a much higher coverage level in the prediction of each movie. For instance,

the Pawlak rough set model attains an accuracy level of 100% in the prediction of

Movie2, but these predictions are only available for 74.28% of the users. Under the

same circumstance, the GTRS model is able to make 97.40% accurate recommenda-

tions for 90.27% of the users. In other words, the integration of the GTRS model

provides us a 23.12% increment in coverage level with the cost of a slight decrement
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Table 6.1: Training results on Sample1−50

Movie GTRS accuracy Pawlak accuracy GTRS coverage Pawlak coverage
1. 0.9742 1.0000 0.8885 0.6553
2. 0.9740 1.0000 0.9027 0.7428
3. 0.9590 1.0000 0.9338 0.6805
4. 0.9817 1.0000 0.9510 0.8576
5. 0.9541 1.0000 0.8816 0.6098
6. 0.9633 1.0000 0.9107 0.6514
7. 0.9701 1.0000 0.8977 0.6609
8. 0.9548 1.0000 0.9117 0.6119
9. 0.9385 1.0000 0.9180 0.5861
10. 0.9268 1.0000 0.8268 0.5326

Avg. 0.9597 1.0000 0.9023 0.6589

in accuracy level.

In terms of the average training performance comparison between the two mod-

els, the Pawlak rough set model achieves an average accuracy level of 100% and an

average coverage level of 65.89%, while the GTRS model provides 95.97% accurate

predictions for 90.23% of the users. Compared to the Pawlak rough set model, the

GTRS model manages to make recommendations applicable for 24.34% more users

with a 4.03% sacrifice in accuracy.

The test accuracy and test coverage on Sample1−50 are described in Table 6.2.

Table 6.2: Test results on Sample1−50

Movie GTRS accuracy Pawlak accuracy GTRS coverage Pawlak coverage
1. 0.8228 0.8005 0.8926 0.6942
2. 0.8054 0.8195 0.8992 0.7694
3. 0.7894 0.7664 0.9107 0.7198
4. 0.8124 0.8174 0.9455 0.8868
5. 0.8324 0.8193 0.8430 0.6215
6. 0.7820 0.7386 0.9066 0.6835
7. 0.8031 0.7703 0.8777 0.7000
8. 0.7476 0.6921 0.8826 0.6388
9. 0.7677 0.7733 0.8636 0.6198
10. 0.6083 0.6375 0.7397 0.5579

Avg. 0.7770 0.7635 0.8761 0.6892
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The test results suggest that in some cases, the GTRS model is able to make rec-

ommendations with a slightly higher accuracy level compared to the Pawlak rough

set model. The GTRS model achieves a higher accuracy level the Pawlak rough set

model in the predictions of Movie1, Movie3, Movie5, Movie6, Movie7, and Movie8. In

other words, the GTRS model could achieve a better accuracy level than the Pawlak

rough set model in 6 out of 10 cases. Furthermore, in the cases where the GTRS

model outperforms the Pawlak rough set model in its accuracy level, it is still able to

maintain its advantage in coverage level.

In terms of the average test performance comparison between the two models, an

average accuracy level of 77.70% is obtained by the GTRS model while the Pawlak

rough set model achieves an average accuracy level of 76.35%. In other words, a

1.35% increment in average accuracy could be attained with the use of the GTRS

model. With regard to the average coverage level, the GTRS model achieves a much

higher average coverage of 87.61%, while for the Pawlak rough set model, the average

coverage it obtains is 68.92%. The GTRS model holds a 18.69% advantage over the

Pawlak rough set model in its average coverage level.

With the accuracy and coverage performance of the two models on Sample1−50,

we could conclude that on training data, the Pawlak rough set model is able to achieve

a slightly higher accuracy level with a noticeable decrease in its coverage level. The

GTRS model, on the other hand, manages to make recommendations for over 20%

more users with a less than 4% sacrifice in its accuracy level.

More importantly, on test data, the GTRS model is not only able to make person-

alized recommendations applicable for more users, but also manages to predict user

preferences with a slightly higher accuracy level in some of the cases. Furthermore,

in the cases where the GTRS model attains a higher accuracy level than the Pawlak

rough set model, it is still able to maintain its advantage in coverage level. All in
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all, compared to the Pawlak rough set model, the GTRS model is able to achieve a

higher coverage level and an almost equal accuracy level on Sample1−50.

The training and test results on Sample51−100 — Sample201−250 are described in

Table 6.3 — Table 6.10. Similar to the training results on Sample1−50, on all four

featured data samples, the GTRS model is able to achieve a noticeable increment in

its coverage level with a slight sacrifice in its accuracy level. As for test results, the

GTRS model outperforms the Pawlak rough set model in its accuracy level in 6 out of

10 cases on Sample51−100 and Sample201−250. On Sample101−150 and Sample151−200,

it outperforms in 5 out of 10 cases. This again proves that not only could the GTRS

model achieve a higher coverage level on each considered movie, but also an equal

and possibly higher accuracy level on some of the considered movies.

In terms of accuracy performance variation on user groups with different rat-

ing patterns, both models achieve their highest accuracy level on Sample51−100 and

their lowest accuracy level on Sample201−250. Both models obtain their highest cov-

erage level on Sample201−250 and their lowest coverage level on Sample51−100. This

performance difference indicates that the accuracy level achieved by both models will

decrease while the coverage level achieved by both models will increase on user groups

with a larger number of rating records.

Overall, the GTRS model holds an advantage over the Pawlak rough set model

in both average accuracy level and average coverage level. However, the level of

performance improvement that the GTRS model achieves is not the same on each

data sample, as the performance of the two considered models are affected by the

rating pattern of the user group differently. Details about how the recommendation

performance of the two models vary on the featured data samples Sample1−50 —

Sample201−250 and the reasoning behind the performance difference will be further

discussed in the next section.
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Table 6.3: Training results on Sample51−100

Movie GTRS accuracy Pawlak accuracy GTRS coverage Pawlak coverage
1. 0.9407 1.0000 0.9547 0.7756
2. 0.9743 1.0000 0.9880 0.8947
3. 0.9769 1.0000 0.9693 0.8751
4. 0.9642 1.0000 0.9809 0.8458
5. 0.9655 1.0000 0.9689 0.8613
6. 0.9735 1.0000 0.9876 0.8778
7. 0.9752 1.0000 0.9467 0.8400
8. 0.9633 1.0000 0.9462 0.8267
9. 0.9824 1.0000 0.9822 0.8973
10. 0.9800 1.0000 0.9476 0.8569

Avg. 0.9696 1.0000 0.9672 0.8551

6.2 Accuracy and Coverage Comparison on Featured Data

Samples

Table 6.11 and Figure 6.1 describe the accuracy performance of the two models

on data samples Sample1−50 — Sample201−250.

The accuracy level that the Pawlak rough set model achieved ranges from 54.14%

to 76.35% on the five considered user groups. For the GTRS model, the accuracy

level it obtained on these data samples ranges from 54.30% to 77.70%. As what we

can observe from the figure, the accuracy performance of the two algorithms have a

Table 6.4: Test results on Sample51−100

Movie GTRS accuracy Pawlak accuracy GTRS coverage Pawlak coverage
1. 0.5681 0.5710 0.9286 0.7946
2. 0.6920 0.6799 0.9857 0.9375
3. 0.7161 0.6977 0.9661 0.8982
4. 0.6696 0.6544 0.9857 0.8839
5. 0.7595 0.7550 0.9625 0.9000
6. 0.7256 0.7126 0.9732 0.8286
7. 0.6526 0.6624 0.9732 0.8929
8. 0.7310 0.7155 0.9268 0.8661
9. 0.7556 0.7572 0.9821 0.9464
10. 0.7094 0.6924 0.9500 0.8946

Avg. 0.6976 0.6898 0.9634 0.8843

42



Table 6.5: Training results on Sample101−150

Movie GTRS accuracy Pawlak accuracy GTRS coverage Pawlak coverage
1. 0.9648 1.0000 0.9696 0.8631
2. 0.9636 1.0000 0.9588 0.8442
3. 0.9671 1.0000 0.9865 0.8881
4. 0.9623 1.0000 0.9919 0.8896
5. 0.9764 1.0000 0.9938 0.9288
6. 0.9769 1.0000 0.9746 0.9454
7. 0.9819 1.0000 0.9773 0.9196
8. 0.9678 1.0000 0.9819 0.9031
9. 0.9860 1.0000 0.9892 0.9369
10. 0.9398 1.0000 0.9788 0.8258

Avg. 0.9687 1.0000 0.9802 0.8947

tight competition with each other on all five data samples. Since the performance

difference between the two modes ranges from 0.16% to 1.35%, it is fair to conclude

that both models achieve an almost equal accuracy level on each of the considered

data samples.

In terms of accuracy performance variation on user groups with different rating

patterns, the accuracy level of the two considered models both decreases when making

recommendations for user groups with a larger number of rating records. For instance,

the Pawlak rough set model achieves an accuracy level of 76.35% on Sample1−50, while

on Sample201−250 it achieves an accuracy level of 54.14%. For the GTRS model, the

accuracy level it obtains on Sample1−50 is 77.70%, while on Sample201−250 it obtains

Table 6.6: Test results on Sample101−150

Movie GTRS accuracy Pawlak accuracy GTRS coverage Pawlak coverage
1. 0.6457 0.6559 0.9769 0.9154
2. 0.6801 0.6579 0.9615 0.9000
3. 0.5979 0.5984 0.9231 0.8846
4. 0.6131 0.5925 0.9538 0.9077
5. 0.6562 0.6423 0.9846 0.9462
6. 0.6228 0.6173 0.9769 0.9385
7. 0.6761 0.6525 0.9764 0.9077
8. 0.5885 0.5918 0.9600 0.9308
9. 0.5920 0.5953 0.9631 0.9462
10. 0.4879 0.4932 0.9508 0.8769

Avg. 0.6160 0.6097 0.9627 0.9154
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Table 6.7: Training results on Sample151−200

Movie GTRS accuracy Pawlak accuracy GTRS coverage Pawlak coverage
1. 0.9748 1.0000 0.9968 0.9385
2. 0.9716 1.0000 0.9984 0.9321
3. 0.9856 1.0000 0.9923 0.9538
4. 0.9743 1.0000 0.9891 0.9412
5. 0.9764 1.0000 0.9938 0.9288
6. 0.9748 1.0000 0.9984 0.9390
7. 0.9754 1.0000 0.9896 0.9449
8. 0.9732 1.0000 0.9979 0.9348
9. 0.9860 1.0000 0.9892 0.9369
10. 0.9757 1.0000 0.9904 0.9273

Avg. 0.9780 1.0000 0.9780 0.9377

an accuracy level of 54.30%.

One reason accounting for this performance difference is that given a dataset,

there are always more users in user groups with a smaller number of rating records

than in user groups with a larger number of rating records. The equivalence classes

formed based on data samples like Sample201−250 are generally smaller than the ones

formed on data samples like Sample1−50. With fewer similiar users to learn rating

patterns from, the predictions of user preferences become less accurate. The other

reason accounting for this performance decrease is that the coverage levels on user

groups with a larger number of rating records are normally higher than user groups

with a smaller number of rating records. This means on user groups with a larger

Table 6.8: Test results on Sample151−200

Movie GTRS accuracy Pawlak accuracy GTRS coverage Pawlak coverage
1. 0.5482 0.5374 0.9348 0.9130
2. 0.4973 0.5041 0.9891 0.9674
3. 0.5439 0.5432 0.9761 0.9739
4. 0.5684 0.5695 0.9804 0.9077
5. 0.6562 0.6423 0.9846 0.9462
6. 0.6166 0.6170 0.9717 0.9500
7. 0.5091 0.5085 0.9739 0.9374
8. 0.6202 0.6213 0.9783 0.9308
9. 0.5805 0.5725 0.9130 0.8804
10. 0.5333 0.5345 0.9630 0.9413

Avg. 0.5674 0.5651 0.9665 0.9348
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Table 6.9: Training results on Sample201−250

Movie GTRS accuracy Pawlak accuracy GTRS coverage Pawlak coverage
1. 0.9648 1.0000 0.9696 0.8631
2. 0.9773 1.0000 0.9979 0.9418
3. 0.9678 1.0000 0.9819 0.9031
4. 0.9493 1.0000 0.9861 0.8836
5. 0.9794 1.0000 0.9979 0.9397
6. 0.9710 1.0000 0.9938 0.9178
7. 0.9720 1.0000 0.9760 0.8945
8. 0.9681 1.0000 0.9836 0.8734
9. 0.9398 1.0000 0.9788 0.8258
10. 0.9738 1.0000 0.9904 0.9205

Avg. 0.9663 1.0000 0.9856 0.8963

number of rating records, preference predictions are made available for more users.

However, both accuracy and coverage have to be considered in combination with each

other, as an increase in one attribute will result in a decrease in the other. There-

fore, as recommendations could be made for more users on user groups with a larger

number of rating records, these recommendations are not as accurate as the ones on

user groups with a smaller number of rating records.

The coverage performance of the two models on Sample1−50 — Sample201−250 are

described in Table 6.12 and Figure 6.2.

Different from what we have discussed in the case of accuracy, the GTRS model

achieves a noticeable improvement in coverage level over the Pawlak rough set model

Table 6.10: Test results on Sample201−250

Movie GTRS accuracy Pawlak accuracy GTRS coverage Pawlak coverage
1. 0.4412 0.4246 0.9444 0.9167
2. 0.4586 0.4512 0.9722 0.9583
3. 0.5206 0.5197 0.9861 0.9306
4. 0.4976 0.4953 0.9833 0.9556
5. 0.6639 0.6734 0.9842 0.9296
6. 0.5755 0.5691 0.9806 0.9583
7. 0.5921 0.5989 0.9722 0.9028
8. 0.5727 0.5730 0.9528 0.9167
9. 0.5920 0.5953 0.9631 0.9462
10. 0.5160 0.5135 0.9528 0.9064

Avg. 0.5430 0.5414 0.9692 0.9321
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Table 6.11: Accuracy of the two prediction algorithms on the featured data samples

Model Sample1−50 Sample51−100 Sample101−150 Sample151−200 Sample201−250
GTRS 0.7770 0.6976 0.6160 0.5674 0.5430
Pawlak 0.7635 0.6898 0.6097 0.5651 0.5414

Figure 6.1: Accuracy of the two prediction algorithms on the featured data samples

Table 6.12: Coverage of the two prediction algorithms on the featured data samples

Model Sample1−50 Sample51−100 Sample101−150 Sample151−200 Sample201−250
GTRS 0.8761 0.9634 0.9627 0.9665 0.9692
Pawlak 0.6892 0.8843 0.9154 0.9348 0.9321

Figure 6.2: Coverage of the two prediction algorithms on the featured data samples
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on all five considered user groups Sample1−50 — Sample201−250. This means the

GTRS model is able to make preference predictions available for more users no mat-

ter how many rating records each user had in the original database.

In terms of coverage performance variation on user groups with different rating

patterns, the coverage level of both models will increase when making predictions

for user groups with more rating records. As the Pawlak rough set model and the

GTRS model achieve their lowest coverage level at 87.61% and 68.92% respectively

on Sample1−50, and obtain their highest coverage level at 96.92% and 93.21% respec-

tively on Sample201−250. In other words, both models are able to adjust and make

recommendations applicable for more users on user groups with a larger number of

rating records.

The GTRS model holds a 18.89% advantage in coverage level over the Pawlak

rough set model on Sample1−50, however, this advantage drops to 3.71% on Sample201−250.

One reason accounting for this performance difference is also that there are a lot more

users in user groups with a smaller number of rating records like Sample1−50, and a lot

fewer users in user groups with a larger number of rating records like Sample201−250.

As user groups with smaller number of rating records normally consist of more users,

the equivalence classes formed on these user groups are generally larger. The adjust-

ments in the threshold pair values will therefore have a bigger impact on data samples

with larger equivalence classes compared to the ones with smaller equivalence classes.

The GTRS model manipulates the coverage level by adjusting the threshold pair val-

ues. Therefore, the increment it brought in coverage level is bigger on user groups

with more users like Sample1−50, and smaller on user groups with fewer users like

Sample201−250. Moreover, although its advantage in coverage level is not as obvious

on Sample201−250 as it is on Sample1−50, there is still a noticeable increment in cov-

erage level on each of the considered data samples.
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With the accuracy and coverage analysis on the considered data samples, we could

summarize that the GTRS model is able to improve the overall quality of the Pawlak

rough set based recommendations. Since through the incorporation of the GTRS

model, not only could a recommender system make personalized predictions appli-

cable for more users, but also recommend users’ preferences with an equal level of

accuracy.

With regard to the performance variation on user groups with different rating

patterns, we could conclude that the coverage level of both models will increase while

the accuracy level will decrease on user groups with a larger number of rating records.

Moreover, although the GTRS model achieves an almost equal accuracy level with the

Pawlak rough set model on all the considered data samples, the advantage it holds in

coverage level is bigger on user groups with a smaller number of rating records. There-

fore, the overall performance improvement brought by the GTRS model is the bigger

on user groups with a smaller number of rating records. This advantage is not as

obvious on user groups with a larger number of rating records, as the adjustments in

threshold levels have a bigger impact on data samples with larger equivalence classes.

This performance difference further indicates that compared to the Pawlak rough set

model, the GTRS model might be a better solution when preference predictions need

to be made for users that make a smaller number of rating records.

6.3 Decision Support Metric Analysis

In many cases, a system designer chooses the appropriate recommendation algo-

rithm from a set of candidate algorithms by evaluating each approach with the chosen
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metrics that are suitable for the overall purpose of the system [20]. Different evalua-

tion metrics have been proposed to help a system designer in the process of choosing

the appropriate algorithm, and each of these evaluation metrics provide us a different

aspect in the performance evalulation of a recommendation algorithm [18].

As discussed in the last section, when the performance of different recommenda-

tion algorithms are evaluated and compared with each other, the results provided

by different evaluation metrics might be different. Each evaluation metric reflects a

certain performance aspect of the considered recommendation algorithm, therefore,

it is necessary to incorporate multiple evaluation metrics in the comparison between

the Pawlak rough set based and the GTRS based recommendations.

Besides the accurcy and the coverage level of its recommendations, the manner

of how these recommendations are delivered to the users is also an important per-

formance aspect in the evaluation of a recommendation algorithm [12]. The ratio

of correctly and incorrectly recommended items provide a further insight into the

recommendation delivery manner of a recommendation algorithm, and could be mea-

sured through the use of decision-support metrics. Decision-support metrics evaluate

the classification ability of a recommendation algorithm by calculating the frequency

where correct and incorrect decisions on a considered item are made [23]. The decision

on a considered item is correct if it is recommended and preferred by the considered

user, or if it is not recommended and not preferred by the considered user. Otherwise,

the decision on this item is considered incorrect.

Two different decision support metrics, precision-recall, and ROC curve-based

metrics are employed to carry out the performance evaluation of the two models [11].

Precision measures the probability that a recommended item is preferred, and recall

defines the ratio of prefered and recommended item to all the items in the preferred

item set. The ROC curve-based metrics compute the ratio of preferred and not
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Table 6.13: Categorization of recommendation decisions

Recommended Not recommended
Preferred True positive (TP) False negative (FN)

Not preferred False positive (FP) True negative (TN)

preferred recommended items to all the items in the preferred item set. These two

metrics provide us different yet complementary aspects of the classification ability of

a recommendation algorithm. Precision-recall emphasizes the ratio of recommended

items that are are preferred by the considered users, while ROC curve-based metrics

focus more on the proportion of recommended items that are not preferred by the

considered users [19].

6.3.1 Precision-recall Analysis

Precision-recall is one of the most widely used decision support metrics in rec-

ommendation performance evaluation [30, 35, 8, 39]. To carry out precision-recall

analysis, the two criteria, precision and recall need to be addressed.

A confusion matrix is needed to compute these two attributes. Table 6.13 is an

example of a confusion matrix, and the four cells represents four different categories of

the possibile results of any recommendation decision [17]. The item set that each user

rated for is classified into two categories, preferred and not preferred, where for each

user in the dataset, preferred represents the set of items he or she rates positively,

and not preferred represents the set of items he or she rates negatively. Likewise,

for each user, the item set is also classified into the categories of recommended and

not recommended, based on whether or not an item is recommended to him or her.
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With the above classification matrix, all recommendation decisions are classified

into the following four categories: true positive (TP), true negative (TN), false positive

(FP), and false negative (FN). True positive (TP) represents a set of decisions where

a recommended item is preferred by the considered user, while true negative (TN)

describes a set of decisions where a not preferred item is not recommended to the

considered user. False negative (FN) illustrates a set of decisions where a preferred

item is not recommended to the considered user, while false positive (FP) represents

a set of decisions where a recommended item is not preferred by the considered user.

Precision is defined as the ratio of recommended and preferred items to all the

items in the recommended item set. In other words, it represents the probability

that a recommended item is preferred by the considered user. Recall is defined as

the ratio of recommended and preferred items to all the items in the preferred item

set [19]. In other words, it describes the probability where a preferred item is indeed

recommended to the considered user.

By going through the confusion matrix and classifying all the recommendation

decisions into the appropriate category, the metric of precision and the metric of re-

call are calculated using the following equations [19],

precision =
TP

TP + FP
(6.33)

recall =
TP

TP + FN
(6.34)

In the rough set model, with the determination of the three rough set regions, the

metric of precision and the metric of recall are defined using the following equations,

precision =
| (POSα,β(C) ∩ C) |

| (POSα,β(C) ∩ C) ∪ (POSα,β(C) ∩ Cc) |
(6.35)
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recall =
| POSα,β(C) ∩ C |

| (POSα,β(C) ∩ C) ∪ (NEGα,β(C) ∩ C) |
(6.36)

To carry out precision-recall analysis, the precision and recall level achieved by

the two considered models are calculated on the five featured data samples. Each

pair of the calculated values of (precision, recall) represents the algorithm’s classi-

fication ability on a user group with a certain rating pattern. Similar to accuracy

and coverage, the metric of precision and the metric of recall are always evaluated in

combination with each other. The goal of the precision-recall analysis is to achieve a

higher precision level without sacrificing the recall level, in other words, to optimize

the two attributes at the same time [17].

The (precision, recall) pairs that the two considered models achieve on the five

featured data samples are calculated using Eq 6.34 and Eq 6.35 [19]. With the calcu-

lated (precision, recall) pairs, we are able to analyze and compare the classification

ability of the two considered models on data samples with different rating patterns.

The decision on which algorithm is better will be easy if one algorithm outperforms

the other on both of the attributes. However, when an algorithm is winning in one

attribute and losing in the other, the decision on the winning algorithm depends on

the overall purpose of the system. For instance, an algorithm with a better over-

all recall performance is preferred if the goal of the system is to “recommend some

good items”. Likewise, an algorithm with a better overall precision performance is

preferred when the goal of the system is to “recommend all good items” [19].
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6.3.2 Precision-recall Comparison on Featured Data Samples

The (precision, recall) pairs achieved by the two models on the featured data

samples Sample1−50 — Sample201−250 are described in Table 6.14.

The recall level achieved by the Pawlak rough set model ranges from 14.45% to

32.92%, while the precision level ranges from 29.04% to 52.07% on the five featured

data samples. On the other hand, the recall level achieved by the GTRS model ranges

from 13.21% to 33.31%, while the precision level ranges from 30.55% to 52.65%. The

GTRS model achieves a higher precision level on all five data samples and a higher

recall level on 3 out of 5 data samples, Sample51−100, Sample101−150, Sample201−250.

In other words, the GTRS model has a better classification ability compared to the

Pawlak rough set model on these data samples. As it is able to achieve a higher

precision level in all cases, and a higher recall level in some of the cases.

In terms of the performance variations on user groups with different rating pat-

terns, for both models, the precision level decreases while the recall level increases on

user groups with a larger number of rating records. Therefore, both models are able

to cover more preferred movies in their recommendations when more rating records

are made by users in the considered user group. However, as more recommendations

are made and more preferred movies are covered on user groups with more rating

records, the probability of a recommended movie is preferred by the considered user

becomes lower.

Table 6.14: Precision and recall of the two prediction algorithms on the featured data samples

Model GTRS precision Pawlak precision GTRS recall Pawlak recall
Sample1−50 0.5265 0.5207 0.1321 0.1445
Sample51−100 0.5073 0.4877 0.2625 0.2563
Sample101−150 0.4064 0.4048 0.3156 0.2957
Sample151−200 0.3889 0.3806 0.3321 0.3389
Sample201−250 0.3055 0.2904 0.3331 0.3292
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The precision-recall analysis suggest that compared to the Pawlak rough set

model, the GTRS model has a better classification aility compared to the Pawlak

rough set model in the majority of cases. Since the GTRS model is able to obtain a

higher precision level on each of the featured data samples, as well as a higher recall

level on 3 out of 5 featured data samples. Therefore, given the condition that the

same number of recommendations are generated, the recommendations made by the

GTRS model are more likely to be in the preferred movie set on all the considered

user groups. Moreover, the GTRS model based recommendations are also able to

cover more preferred movies in the preferred movie set on 3 out of 5 user groups.

6.3.3 Receiver Operating Curve Based Metrics Analysis

ROC curve-based metrics computes the ratio of correct and incorrect recommenda-

tion decisions by calculating the metrics of true positive rate (TPR) and false positve

rate (FPR) [45, 21]. The two metrics are both calculated using the same confusion

matrix in Table 6.13. TPR, which is indicated in Eq 6.34, calculates the ratio of

recommended and preferred items to all the items in the preferred item set. FPR,

which is described in Eq 6.35, measures the ratio of recommended and not preferred

items to all the items in the not preferred item set.

TPR =
TP

TP + FN
(6.37)

FPR =
FP

FP + TN
(6.38)

In the rough set model, once the three rough set regions are determined, the met-

ric of TPR and the metric of FPR are defined using the following equations,
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TPR =
| POSα,β(C) ∩ C |

| (POSα,β(C) ∩ C ∪ (NEGα,β(C) ∩ C) |
(6.39)

FPR =
| (POSα,β(C) ∩ Cc) |

| (POSα,β(C) ∩ Cc) ∪ (NEGα,β(C) ∩ Cc) |
(6.40)

The overall goal of ROC analysis is to recommend preferred items, as well as to

avoid returning not preferred items. Therefore, different from precision-recall, the

optimization of the ROC curve-based metrics could be achieved by maximizing TPR

and minimizing FPR [41].

Although both metrics measure the ratio of preferred and recommended items

in the preferred item set, precision-recall focuses on the proportion of recommended

items that are preferred by the considered user group. The ROC curve-based metrics

on the other hand, emphasize the proportion of not preferred items that end up being

recommended to the considered user group [20].

6.3.4 ROC Curve-based Metrics Comparison on Featured

Data Samples

The (TPR, FPR) pairs achieved by the two models on the featured data samples

Sample1−50 — Sample201−250 are described in Table 6.15.

Table 6.15: TPR and FPR of the two prediction algorithms on the featured data samples

Model GTRS TPR Pawlak TPR GTRS FPR Pawlak FPR
Sample1−50 0.1321 0.1445 0.0895 0.1328
Sample51−100 0.2625 0.2563 0.1340 0.1454
Sample101−150 0.3156 0.2957 0.2078 0.2110
Sample151−200 0.3321 0.3389 0.2711 0.2689
Sample201−250 0.3331 0.3292 0.3095 0.3145

55



The TPR achieved by the Pawlak rough set model ranges from 14.45% to 32.92%,

while the FPR ranges from 13.28% to 31.45% on the five featured data samples.

On the other hand, the TPR achieved by the GTRS model ranges from 13.21%

to 33.31% while the FPR ranges from 8.95% to 30.95% on the five featured data

samples. The GTRS model achieves a higher TPR level on 3 out of 5 data samples,

Sample51−100, Sample101−150, Sample201−250, and a lower FPR level on 4 out of 5 data

samples, Sample1−50, Sample51−100, Sample101−150, Sample201−250.

In terms of performance variations on user groups with different rating patterns,

the FPR and TPR levels of the two models both increase on user groups with a larger

number of the rating records. For a given user group, as more rating records are made

by each user, both models are able to generate more movie recommendations. As a

result, these recommendations include not only more preferred movies in the preferred

movie set, but also more not preferred movies in the not preferred movie set.

The ROC curve-based metrics suggest that compared to the Pawlak rough set

model, the GTRS model achieves a lower FPR on 4 out of 5 data samples, and a

higher TPR on 3 out of 5 data samples. This again proves that the GTRS model has

a better classification aility compared to the Pawlak rough set model in the majority

of cases. Therefore, given the condition that the same number of recommendations

are made, the GTRS model could not only include fewer not preferred movies in its

recommendations on 4 out of 5 user groups, but also cover more preferred movies on

3 out of 5 user groups.
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6.4 Overall Performance Analysis and Comparison

The experimental results above describe the recommendation performance of the

Pawlak rough set model and the GTRS model on the five featured data samples

Sample1−50 — Sample201−250. With the comparative evaluations using the three

chosen evaluation metrics, accuracy and coverage, precision-recall, and ROC curve-

based metrics, we could conclude that,

• According to the accuracy and coverage metrics, the GTRS model is able to

make the Pawlak rough set based recommendations applicable for more users

while maintaining an almost equal accuracy level on the five featured data

samples Sample1−50 — Sample201−250;

• According to the precision-recall metric and ROC curve-based metrics, the

GTRS model has a better classification ability compared to the Pawlak rough

set model in the majority of cases;

• According to the precision-recall metric, the recommendations made by the

GTRS model are more likely to be in the preferred movie set on all the con-

sidered user groups. Moreover, it is also able to cover more preferred movies in

the preferred movie set on 3 out of 5 user groups;

• According to the ROC curve-based metrics, the GTRS model could not only

include fewer not preferred movies in its recommendations on 4 out of 5 user

groups, but also cover more preferred movies on 3 out of 5 user groups;

• In terms of performance variations on user groups with different rating patterns,

the accuracy level and the precision level of the two models will decrease while
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the coverage, recall, TPR and FPR levels will increase on user groups with a

larger number of rating records;

• The GTRS model holds a bigger advantage over the Pawlak rough set model

especially on user groups with a smaller number of rating records such as

Sample1−50 and Sample51−100. This advantage becomes less obvious on user

groups with a larger number of rating records as the Pawlak rough set model

is able to improve its performance as more rating records are added to the

database.
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Chapter 7

Conclusions and Discussion

The GTRS model improves on the quality of the Pawlak rough set based rec-

ommendations by formulating a competitive game between two of the prominent

recommendation evaluation metrics, accuracy and coverage. With the GTRS model,

a threshold pair (α, β) will be attained once a tradeoff is achieved between the two

considered evaluation metrics. Approximating user preferences with the calculated

GTRS threshold pair makes the Pawlak rough set based recommendations applicable

for more users, which helps with its practical application.

As the performance of a recommendation algorithm may be affected by the rating

patterns of the users in the considered dataset, comparative experiments are carried

out on five different data samples to evaluate how the quality of the Pawlak rough

set based and the GTRS based recommendations vary on user groups with different

rating patterns. The two models are used to predict user preferences on five fea-

tured data samples respectively, and their recommendation quality on each sample

are evaluated and compared with each other. To make sure a thorough comparison
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is achieved, beside accuracy and coverage, two decision support metrics, precision-

recall, and ROC curve-based metrics are used to examine the classification ability of

the two models.

The experimental results suggest that the GTRS model holds an advantage over

the Pawlak rough set model in coverage level and achieves an almost equal perfor-

mance in accuracy level on each of the considered data sample. Moreover, the GTRS

model has an overall better permance in its precision-recall and ROC curve-based

metrics levels on 3 out of 5 considered user groups, which means it has a better clas-

sification ability compared to the Pawlak rough set model in the majority of cases.

Although the GTRS model achieves an overall better performance compared to

the Pawlak rough set model on every considered data sample, the performance im-

provement on each sample is not the same as the performance of the two models are

affected by the rating pattern of the user group differently. The advantage that the

GTRS model holds over the Pawlak rough set model is bigger on user groups with a

smaller number of rating records, and is not as obvious on user groups with a larger

number of rating records. One reason accounting for this performance difference is

that the equivalence classes formed on user groups with a smaller number of rating

records are generally larger than those on user groups with a larger number of rating

records. The GTRS model manipulates the accuracy and coverage level by adjusting

the thresholds values, and these adjustments have a bigger impact on data samples

with larger equivalence classes. More reasonings behind the performance difference

could be addressed by using the GTRS threshold pair attained on one user group

to predict user preferences on another user group. Conducting these cross recom-

mendations among different data samples in future research will provide us a futher

insight into the relationship between the rating pattern of the user group and the

performance of the recommendation algorithm.
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Not being able to significantly increase its performance as more rating records are

added to the database might be a limitation of the GTRS based recommendations.

Although it still achieves an overall better performance compared to the Pawlak rough

set model, the overall performance of the GTRS model is not as competitive as some

other data mining models on user groups with a larger number of rating records.

Therefore, it is not the best algorithm to predict user preferences on datasets where

users made a larger number of rating records compared to some other model-based

techniques such as the latent semantic model. However, some of these techniques

require a large number of user rating records in the model building process, and are

not able to perform if the provided user rating records are not enough. The GTRS

model on the other hand, is able to make moderately accurate recommendations even

on data samples with fewer rating records stored in the database.

The ultimate success of any recommender system is having the ability to make

highly accurate recommendations for almost every user in the system, however, this

may not always be possible in real world situations. Especially, it could be hard for

a recommendation algorithm to perform well when fewer rating records are stored in

the database. Therefore, incorporating the GTRS model is an effective solution to

make personalized recommendation on datasets formed by users that make a smaller

number of rating records.
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