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Abstract. The recommendation systems have been investigating and
applying in a vast of fields. The core of systems is the similarity mea-
sures and the dissimilarity measures. Many scientists have proposed var-
ious similarity measurements in different aspects, including the measures
between the users and the users, the measures between the items and the
items, the measures between users with the items. However, there are not
much studies on the effects of statistical implicative in the recommen-
dation system with subjective tendency. We mainly focus on showing
the effects of the subjective tendency against the recommendation sys-
tem’s model through the prism of statistics implicative. Three specific
approaches, including Independence, Dependence, and Equilibrium com-
bined with the fifteen measures of the statistical bias are considered in
our work. The experimental results evaluated on the Jesterbk dataset
compare the similarity measures and the interestingness measures based
on the subjective tendency in recommendation systems.

Keywords: Statistical implicative analysis - Subjective tendency -
Collaborative filtering - Interestingness measures - Similarity measures

1 Introduction

Recommendation systems [1-3] uses knowledge and data based on user’s ben-
efits and user’s interests to provide appropriate advice/recommendations. The
system supports and improves quality when the users make decisions to search
and choose products online. The subjects that need to be interested in the rec-
ommendation system are the users, the items, and the user’s feedback (called
evaluates or ratings). The recommendation system can predict how a user eval-
uates an item, predicts the order (ranking) of the items in a list from the most
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attractive to the least attractive for a user or an item (or the list of things) that
is suitable.

Recommendation systems are divided into the main groups/forms: Content-
Based Recommendation Systems (CBRS) [1,3,4], Collaborative Filtering Sys-
tems (CFS) [3,5-7], Knowledge-Based Recommendation Systems (KBRS) [3,4],
Hybrid Recommendation System [3,4,8,9] and Context-Based Recommendation
Systems (CBRS) [3,4,7]. CFS is commonly used. The collaborative filtering rec-
ommendation systems [10-14] suggest users to data items based on those previ-
ously rated by the other users (Fig. 1).

Content-based

Collaborative-based Knowledge-based

T

Streaming Session-based Session-based Tagging-based Context-based

Fig. 1. Recommendation types.

Some other recommendation systems [15] have been developed based on a
combination of some of the types listed above and with additional information
such as context information, group information, etc. Proposing new consult-
ing models and improving existing consulting methods is a primary research
direction. Many methods in data mining and deep learning [16] are used in the
consulting problem, such as the problem of classification, clustering [17], asso-
ciation rule mining [18], regression model [19,20]. As for the other methods,
the advantage of the recommendation approach based on the association rule is
transparency [1] - it can provide an in-depth explanation of the suggestion list for
the users. In association rules that have two measures widely applied to evaluate
item sets and generate association rule sets are Support and Confidence [14].
However, the quality of association rules and how suggestions are ranked in the
recommendation systems should be done through objective similarity measures.
The analysis of the effects in implication towards the subjective tendency has
demonstrated an proposed approach to give more accurate and relevant recom-
mendations. In this paper we propose a new recommendation model to predict
users’ missing ratings (ratings) for specific data items and propose items best
suited to users based on some essential characteristics (subjective tendency) of
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statistical implicative analysis approach [12,21]. In the proposed model, the sim-
ilarity measure is used to filter the set of rules. Through the proposed model,
advisory systems will be built.

The article is organized in five parts. The first one introduces about the con-
text and the problems need to be solved by the system as well as the approach
should be taken to solve the above issues. The second part briefly describes the
subjective tendency and the relevant contents are used for the recommendation
system. The next one presents the proposed solutions and it’s model to show the
feasibility of the recommendation system based on statistical implicative analy-
sis. The fourth part presents the experiments and the discussions, which focuses
on presenting the effects of the tendencies of implications on the recommendation
model. The finally part of the paper is the conclusion.

2 Subjective Tendency

2.1 Association Rule

Association rules [2,18,22,23] are relationships between the items. Let T =
{t1,ta,t3,....,tn} are n transactions (transaction t; buy items I(i1,42,%3, .., ém ),
in which ¢; C I). An association rule is implication of the form is a — b (with:
a and b are two sets containing discrete elements so that a(b = ¢, and a C I,
b C I). Set a (corresponding b) is associated with a subset of the transactions
A =T (a) = {teT,a C t} (corresponding B = T (b)). Set @ (corresponding b) is
associated with A = T (a) = T—T (a) = {teT,a € t} (corresponding B =T (b)).
To accept or refuse to have b when appearing a. Normally, we only pay atten-
tion to the number of elements n 45, there is no direction to support law-making
a—b.

Each rule is described by parameters: the cardinal n of T is n = card(T), the
cardinals ny of A is na = card (A), and the cardinals ng of B is ng = card (B),
the number nanp = card (AN B), and the number n 5 = card (AN B).

For greater clarity, define the concepts of probability p (A) (corresponding
p(B),p(ANB),p (A N B))) as the probability value of A (corresponding B, AN
B, A N B). This probability is calculated by the frequency of occurrence of A :
p(A) =24 (corresponding p (B) = 22, p (AN B) = 242 p (AN B) = "48),

2.2 Statistical Implicative Analysis

Statistical implicative tendency [24] is the attribute showing the relationship
between the data (items and items, users and users, users and items). The obser-
vations and evaluations for specific situations in the change of interestingness
value are a primary method to understand the exciting measures affecting the
recommendation systems deeply [24].

Three particular situations including Independence/Dependence [24], Equi-
librium [24]. Both the tendencies are called the subject (subjective tendency)
of an objective interestingness measure. With n is the total number of occur-
rences; nap is the number of occurrences of both A and B; n4 is the number
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of occurrences of A; np is the number of occurrences of B; n 45 is the number
of occurrences of A and non — B; ng is the number of occurrences of non — B
(Fig. 2).

Transactions (T)

Fig.2. The Venn diagram for an association rule ¢« — b with 4 parameters
(nvnA7nB7nAB)'

For example of association rule on Jester transaction are showed in the
Table 1.

Table 1. An example of hand activities

TID | Items

{Shaking Hand, Swiping Up}

{Thumb Down, Stop Sign, Shaking Hand}
{Thumb Down, Thumb Up, Doing other things}
{Shaking Hand, Stop Sign}

{Thumb Down, Stop Sign, Shaking Hand}
{Thumb Down, Doing other things}

{Thumb Down, Thumb Up, Shaking Hand, Swiping Up, Stop Sign,
Doing other things}

{Shaking Hand, Swiping Up, Doing other things}
9 {Swiping Up, Stop Sign}

N OO W N -

o]
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Corresponding to Tablel, set of transactions T = {t,ta,ts,t4,15,
tg,t7,ts, to}, set of items I(i1,i2,13,14,15,%6) Supposing for an association rule
a — b with a = {Thumb Down, Stop Sign}, b = {Thumb Up}.

Table 2. An example of hand activities represented in a matrix

TID | Thumb Thumb | Stop Shaking Swiping | Doing

down (i1) |up (é2) |sign (i3) 'hand (i4) |up (i5) |other
things (ic)

t1 |0 0 0 1 1 0

ta |1 0 1 1 0 0

ts |1 1 0 0 0 1

ty |0 0 1 1 0 0

ts |1 0 1 1 0 0

te |1 0 0 0 0 1

t7 1 1 1 1 1 1

ts 0 0 0 1 1 1

ty |0 0 1 0 1 0

Form an example of hand activities in Table2, A = {ta,t5,t7}, B = {t3,17},
AB = {ta,t5}. Thus, with the association rule a — b in example at Table 1, the
result: n =9;n4 =3; np = 2; nypg = 2.

2.3 Interestingness Measure

Interestingness measure of an association rule [2,23-25] is based on an objectively
interestingness measure, which will then be calculated based on the number of
therule f (a — b) = f (n,na,np,n45) eR. For the convenience of the calculation
process, converting between the numeric parameters of a rule, we can use the
transforms as follows:

NAB = MNA —Napp,MNag =N —Nag,Ng =N —NB,NARB :annAanAB,
Naip =N —NB —NgpRp

Example: Interesting value for measure Lift = % with the parame-
AN B

ters (n = 9;n4 = 3;np = 2;n,5 = 2) are taken from Sect. 2.3

n(na—nup) 79*(372)7§715
nAng - 3x2 2

f(a_’ b) = f(n’nArnB7nAB) =

2.4 Tendency Evaluating

Subjective tendency [21,24] were studied in the Independence/Dependence and
Equilibrium context. The recommendation system is mainly based on simi-
larity. The similarity measures are influenced by three properties (Indepen-
dence/Dependence and Equilibrium). The study focuses on the influence of the
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recommendation system by the similarity measures, according to the subjective
tendency.

Independence/Dependence. This tendency can only occur when the premise
and outcome of a rule are combined independently. This situation only happens
when nap = 2428 or n, 5 = 24A"B if the interestingness value is a constant.

n n

NAN B
fla—b)=f (nynA,ﬂB, A B) = constant
n

n(na—nup)
nang

Example: Interesting value for measure Lift = is applied by Inde-

pendence/Dependence tendency.

nAnB) n(nnA _TLATLB)
n

”ANB) __n(nA-—

f(a’_)b) :f(n,’l’LA,nB,
nanp nanp

(nna—mang)

_n — _nnA—nAnB:nA(n—nB)
nang nanpg nanp
_(n-ng) (n—-np) np _,
np np np

The result of the interestingness measure value of Lift is affected by Inde-
pendence/Dependence tendency.

Equilibrium. This tendency is the state of an object in which all the values
that act on it are balanced. In other words, Equilibrium only can occur when
the exciting value of the rule is a constant.

n
fla—=b)=f (n»nA7nB7 i) = constant
n

n(na—nup)
nanpg

Example: Interesting value for measure Lift = is applied by Equi-

librium tendency.

f(a—’b):f(n,nA,nB,%“> n(na—24) p(ma—na)

B nw _nmna—nag _ na(n—1) (n—1)
nANE nang nanp N np
—1

= M = constant
np

nanp naAnp

The result of the interestingness measure value of Lift is not affected by
Equilibrium tendency.

Table 3 shows fifteen measures for these criteria, with the value of 1 is satis-
fied and a value of 0 is unsatisfied. The fifteen measures are considered Collec-
tive Strength, Confidence, Conviction, Gini_Index, Implication Index, Laplace,
Least Contradiction, Lerman, Sebag & Schoenauer, Lift/Interest Factor, Jac-
card, Support, Kappa, Jmeasure, Causal Support to evaluate the variation of
interestingness values from Independence value or Equilibrium value. The inter-
estingness measure will be evaluated as the change tendency from Indepen-
dence/Dependence values or Equilibrium value.
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Table 3. Subjective tendency with 15 interestingness measures [24]

Number

Interestingness measures

Independence/dependence

Equilibrium

Collective strength

Confidence

Conviction

Gini_Index

Implication index

Laplace

Least contradiction

Lerman

O |00 ||| U x| Wi =

Sebag & Schoenauer

—
o

Lift/interest factor

—_
[

Jaccard

—
[\

Support

—_
w

Kappa

—
W~

J-measure

[
ot

Causal support
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o|lo|o|o|lo|o|R|O|R|IR|IO|lOC|OC|H|O

Subjective Tendency Recommendation

3.1 Rating Matrix

289

The data model can be organized as a table of values in a rating matrix where
presents the user’s ratings for items. The value which is not rated is denoted as
“.”. For example, Table 4 exhibits the users with ratings for the products. Based
on some computation, a recommendation can provide the rating score for the
user, with the corresponding item column.

Table 4. Rating matrix with users and items

item | itema |items | itemy | items
usery | 4 1 - 4 2
users | - 5 3 - -
users | - 2 3 - 3
usery | - 1 4 - 2
usery | 4 - - - 3

built with the influence of statistical attributes.

The rating matrix of the dataset is used in a recommendation system model
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Table 5. The rating matrix of the dataset in a recommendation system

itemy items | items itemy | items
ugaea | 2.75191 | NA 3.58355 | NA | NA
u15005 | NA NA |NA NA |NA
ugess | NA NA |NA NA |NA
u13396 | NA NA |NA NA |NA
ugses | NA NA |NA NA |NA

Table 5 shows a rating matrix of 5 (users/rows) x 5 (items/columns) of class
‘realRatingMatrix’ with 25 ratings are built in the recommendation system.

3.2 Recommendation

A recommendation based on statistical tendency is a recommendation system
with the influence of statistical implicative. It is built with statistical tendency
and knowledge discovery techniques to make product recommendations [26].

Recommendation based on user’s preferences by the similarity measures and
interestingness measures [24,27]. Recommendation algorithm with the influence
of statistical tendency is presented in Fig. 3 follows.

3.3 Evaluation

To evaluate the recommendation model, we need to build it on the training set
and test it on the test set. Therefore, the first step is to prepare the data. In this
step, the experimental dataset is divided into two subsets: the training set and
the test set [28]. In this paper, we use the k-fold method to divide the dataset
to evaluate the recommendation model.

K-fold cross-validation [28]: is a method of cutting experimental data into
k subsets of the same size (called k-fold). Then, do k evaluations, with each
evaluation using one subset as the test set and the other k — 1 as the training
set. Finally, evaluation results are calculated from the results of k tests using the
average calculation. This method ensures that all users appear in the test set at
least once.

We evaluate the proposed method with the metric of Receiver Operating
Characteristic (ROC curve). From the prediction results, we get the predicted
variable scores. If we set a cut point for the model, we will have a threshold
to evaluate the model that predicts a positive or negative result. The Receiver
operating characteristic (ROC) graph exhibits each cut-point corresponding to
its sensitivity and False positive rate ratio. The vertical axis corresponds to the
Sensitivity rate, and the horizontal axis corresponds to the False positive rate.
Based on the ROC curve, one can show whether a model is effective or not. An
efficient model has low FPR and high TPR, i.e., a point on the ROC curve close



Recommendation with Subjective Tendency 291

Input:
- User set U; Itemset 7, Rating matrix R:
- User should be recommended: u,;
Output:
Building recommendation for User w,: I,,, = {iy, i, ..., iy} with the
influence of statistical tendency:

Begin
Step 1: Identify a list of k users similar to user u,
For each user u; € U perform

< Determine the similarity between u, and u; using the sug-
gested interestingness measure: SIM (u,, u;)>:
< Sort list of users descending by similarity value>
< Select the first k users with highest similarity value: N(x)>;

Step 2: Prediction for products and choose products to recommend for the

user Uy

Step 3: Building recommendations with the effects of statistical tendency
< If the statistical tendency is Independence, recompose them
as a recommendation with the effects of the independent statis-
tical tendency >:
< If the statistical tendency is Dependence, recompose them as
a recommendation with the effects of the dependent statistical
tendency >:
< If the statistical tendency is Equilibrium, recompose them as
a recommendation with the effects of the Equilibrium statistical
tendency >:

Step 4: Model evaluation

End

Fig. 3. Subjective tendency recommendation.

to the point with the coordinates (0, 1) on the graph (upper left corner). The
closer the curve is, the more efficient the model is.

Also, we select the metrics of Precision, Recall, TPR (True Positive Rate),
and FPR (False Positive Rate) for methods comparison.

Number of recommendation products has been selected
Total number of products introduced

Precision =

Number of recommendation products has been selected
Recall =

Total number of products selected

4 Experiment

4.1 Dataset

The data in this paper is used that is the Jester5k! (Jester dataset with 5,000
samples). The data set has 5000 users from the anonymous rating data from the

! https://rdrr.io/cran/recommenderlab/man/Jester5k.html, accessed on February 01,
2021.
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Jester Online Joke Recommendation System collected between April 1999 and
May 2003. Moreover, it is used in many types of research around the world. The
format of Jesterbk is: Formal class ‘realRatingMatrix’ [package “recommender-
lab”].

Jesterbk contains a 5000 x 100 rating matrix (5000 users and 100 jokes) with
ratings between —10.00 and +10.00. All selected users have rated 36 or more
jokes.

4.2 Tool

This model is experimented with by the ‘irlba_2.3.3"2, ‘proxy_0.4-26"2, ‘reg-
istry_0.5-1"4, ‘kernlab_0.9-29%, and ‘rimarules’ tool is developed by ‘arules_1.6-
6’%. The recommenderLab package develops this tool in the R programming
language. Besides, this work also inherited several open-source tools it has re-
searched and has built on the world community. The “rimarules” tool was devel-
oped to perform and evaluate the effects of statistical properties according to
subjective bias. In addition, this tool can build and run other collaborative filter-
based recommendation systems for mutual comparison and evaluation. The fif-
teen similarity measures were used to build the “rimarules” tool.

Some functions have been built by the system such as: The function displayed
the suggestion list for the users and compared the size of the recommendation
models with different implications tendencies, the function compared the pre-
dicted speeds of the models, the function built data to be evaluated model, and
built a recommendation system with statistical implications tendency.

4.3 Scenario 1: Recommendation with Independence Tendency

This scenario discusses the effects of independence tendency obtained from 8
corresponding subjective recommendation models.

Figure 4 shows that the independence tendency positively influences the rec-
ommendation model with TRP (true positive rate) and FTP (false positive rate).
However, with the Collective Strength measure, the correct predictability is the
shortest from about 0.0 to 0.1, opposite the probability of predicting false is
height about 0,6. In comparison, Kappa’s ability to predict correctly is the high-
est, about 0,7 (Fig.5).

Table6 reveals the results of 8 measures for Equilibrium. Again, Ler-
man exhibits the best performance at 0.6916667 in Precision, while Collective
Strength, Implication index, Gini_index, Kappa are shown the worst, about 0,1.

2 https://cran.r-project.org/web/packages /irlba,/ .

3 https://cran.r-project.org/web /packages/proxy /index.html.

* https://cran.r-project.org/web/packages/registry /index.html.
5 https://cran.r-project.org/web/packages,/kernlab /index.html.
5 https://cran.r-project.org/web/packages/arules /arules.pdf.
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Fig. 4. The ROC chart of TPR-FPR on Jesterbk with the eight measures.
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Table 6. Recommendation with independence tendency

Precision

Recall

TPR

FPR

Collective strength

0.145454500

0.001346645

0.001346645

0.005664693

Conviction

0.250000000

0.006371114

0.006371114

0.011342510

Gini_Index

0.138888900

0.004103637

0.004103637

0.014531220

Implication index

0.141844000

0.003823744

0.003823744

0.013962940

Lerman 0.691666700 | 0.018817320 | 0.018817320 | 0.003983070
Lift/interest factor | 0.685714300 | 0.021462830 | 0.021462830 | 0.004726987
Kappa 0.151724100 | 0.003671391 | 0.003671391 | 0.013456700
J-measure 0.366987100 | 0.003461492 | 0.003461492 | 0.003691004

4.4 Scenario 2: Recommendation with Dependence Tendency
This scenario presents the effects of the Dependence attribute into the recom-

mendation system (Fig. 7).

ROC chart of TPR-FPR on Jester5k
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Fig. 6. The ROC of TPR-FPR with the dependence tendency.

Figure 6 shows the dependent attributes on the recommendation system with
both TRP and FTP. The ROC chart presents a steady increase between TPR
and FPR. However, for two measures (Least Contradiction and Causal Support),
the period 0.1 to 0.5 decreased slightly for the value of FPR. In which the value of
TPR is relatively increased from 0.0 to 0.3. A comparison between interestingness
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Fig. 7. The Precision-Recall with the dependence tendency.

measures is illustrated in Table 7. As observed, Least Contradiction and Causal
Support reveal not better performance in all considered performance measures.

Table 7. Recommendation with dependence tendency.

Precision Recall TPR FPR
Confidence 0.648275900 | 0.021474840 | 0.021474840 | 0.005511594
Laplace 0.641379300 | 0.021140840 | 0.021140840 | 0.005477616

Least contradiction

0.234482800

0.006757109

0.006757109

0.012850560

Jaccard

0.675862100

0.022506450

0.022506450

0.005006642

Sebag & Schoenauer

0.653793100

0.021644860

0.021644860

0.005422663

Support

0.675862100

0.022455960

0.022455960

0.004997525

Causal support

0.259310300

0.007014131

0.007014131

0.011293410

4.5 Scenario 3: Recommendation with Equilibrium Tendency

In this experimental part, the four measures are used including: Confidence;
Laplace; Least Contradiction; Sebag & Schoenauer to describe the influences of
equilibrium properties on recommendation model (Fig.9).

Figure 8 presents Equilibrium attributes on the recommended model. The
values of both TPR and FPR increase in the ROC chart. However, the period
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Fig. 8. The ROC of TPR-FPR with the Equilibrium tendency.
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Fig. 9. The Precision-Recall with the Equilibrium tendency.
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0.22 to 0.48 is the slow increase rate for Confidence, Laplace, and Sebag &
Schoenauer. However, these three measures still offer higher predictability than
Least Contradiction.

Table 8. Recommendation with equilibrium tendency.

Precision Recall TPR FPR
Confidence 0.648275900 | 0.021474840 | 0.021474840 | 0.005511594
Laplace 0.641379300 | 0.021140840 | 0.021140840 | 0.005477616

Least contradiction | 0.234482800 | 0.006757109 | 0.006757109 | 0.012850560
Sebag & Schoenauer | 0.653793100 | 0.021644860 | 0.021644860 | 0.005422663

Table 8 illustrates the results in detail for four considered interestingness mea-
sures. The four measures of the Equilibrium attribute have the positive effects
on the recommendation system. As we can see, the gives the lowest predicted
value in TPR while Confidence and Sebag & Schoenauer share near the same
pattern.

5 Conclusion

In this work, we compared various recommendation models and considered the
effects of association law on recommendation systems. Also, we evaluate and
compare some tendency including Independence, Dependence, Equilibrium. We
investigated the relationships between the user and the user, between the item
and the item, and the user with the item with three approaches using three var-
ious subjective tendencies (Independence, Dependence, and Equilibrium) along
with fifteen popular similarity measures (Collective Strength, Confidence, Con-
viction, Gini_index, Implication Index, Laplace, Least Contradiction, Lerman,
Sebag & Schoenauer, Jaccard, Support, Kappa, j-Measure, CausalSupport) for
the comparison.

Experiments were run on Jesterbk data set with three scenarios using impli-
cations nature-Independence, nature-Dependence, and nature-Equilibrium. The
obtained results show that the influence of the attributes on the recommender
system is apparent. Each recommender model is affected by private tendency.
In particular, Kappa has a tremendous influence on the recommender model
of Independence tendency. The recommendation systems with Dependence ten-
dency shows Support and Jaccard are feasible compared to other measures,
and confidence presents good influence with Equilibrium tendency. While Least
Contradiction shows bad recommendations for both the Dependence and Equi-
librium for the recommendation models, Gini_index is also bad for the consulting
model with Independence. Most of the cases with various similarity measures of
Independence tendency archives better than the others.
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