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Abstract. As the number of users and locations has increased dramat-
ically in location-based social networks, it becomes a big challenge to
recommend point-of-interests (POIs) meeting users’ preference. In tra-
ditional recommendation tasks, personalized recommendations performs
well, however, these methods also have many disadvantages such as the
long-tailed problem and the strong assumption. Further, in general sce-
narios, a group of users (e.g., colleagues, friends, and family members)
often visit a specific location to enjoy time together (e.g., meal and
shopping). Thus, it is more meaningful to recommend locations to the
group than to individuals. However, the existing group recommendation
approaches also have some limitations that hardly capture the prefer-
ences of a group of users effectively. To make full use of the users’ pref-
erences and improve the effectiveness of group recommendation, in this
paper, we propose a multi-layer ensemble framework which has a two-
step fusion process. For the first step, we employ several personalized
recommendation methods to generate the recommendations for individ-
uals, and the recommendation list is obtained using the proposed fusion
approach based on the supervised learning. For the second step, we utilize
several ranking aggregation algorithms to fuse the recommendations list
of individuals in the group and propose an unsupervised learning based
ranking algorithm (URank) to further fuse the results of ranking aggre-
gations to obtain the final group recommendation list. The experiments
are conducted on a real-world dataset, and the results demonstrate the
effectiveness of our proposed general framework.

Keywords: Group recommendation + Ranking aggregation -
Unsupervised learning - General ensemble model

1 Introduction

In the era of information explosion, recommender systems (RSs) are widely used
to address the problem of information overload, where the users can efficiently
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obtain the valuable information. Recently, the development of smartphones and
the location positioning service boosts the emergence of the location-based social
networks (LBSNs), such as Foursquare and Gowalla. Using Foursquare APP,
users can post check-in records while visiting the locations, and share the expe-
rience with friends. These check-in data provide the opportunities to analyze
users’ preferences and recommend point-of-interests (POIs) for each individual.
With the variety of personalized recommendation services, our daily lives become
more convenient; hence the location-based recommender system has become one
of the hot research topics such as [21,22].

For the personalized recommendations, the major works are divided into
many domains, such as: content-based, collaborative filtering, model-based, asso-
ciation rule-based, and hybrid recommendation. The most representative and
effective approach is the matrix factorization which is a collaborative filter-
ing based algorithm, such as Biased Matrix Factorization (BMF), Probabilistic
Matrix Factorization (PMF), and Neural Collaborative Filtering (NCF), BMF
is effective to address the bias of rating from different users, however, it cannot
overcome the problem of long-tailed data where the unpopular objects may be
hardly recommended. In addition, PMF combines the traditional matrix factor-
ization with the theory of probability and statistics, and predicts users’ prefer-
ences based on Gaussian distribution. However, the assumption is strong that the
data cannot strictly obey the standard normal distribution. Furthermore, NCF,
which is a neural network based algorithm, is proposed to solve the problem of
the generalized matrix factorization, however, the over-fitting problem affects
the performance of recommendation. These state-of-the-art matrix factorization
approaches address some significant problems in the personalized recommenda-
tion tasks. Meanwhile, each approach has its own disadvantage that decreases
the performance of recommendations.

In practical scenarios, the personalized recommendations have some limita-
tions, such as cold-start. If users can be clustered properly, the group recommen-
dations can effectively overcome the problem of missing data and provide fair
and appropriate suggestions for group activities. Therefore, ranking aggregation
is applied to fuse the personalized recommendation lists to generate group rec-
ommendations. Ranking aggregation is mainly categorized into the score-based
and order-based aggregation. In the score-based aggregation, each item in a spe-
cific recommendation list is given a particular score based on its rank. Fagin’s
Algorithm (Fagin), which is a classical score-based algorithm, scans the sorted
lists in parallel to generate the final aggregation list. However, the effectiveness
of the algorithm decreases as the group size increases. Different from the score-
based aggregation, the order-based method adopts the order of each item to
generate the ranking aggregation list instead of using the score. MedRank has
been admitted that is extremely efficient. The rule of MedRank algorithm picks
the group’s preference that has the best median rank. However, the output of the
algorithm is not satisfactory, because the order is used instead of the score for
aggregation. Inspired by PageRank, M C, algorithm applies the Markov chain to
aggregate rankings.
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In this paper, we propose a multi-layer ensemble framework which has a
two-step fusion process for the group location recommendation. In the person-
alized recommendation (i.e., the first step), we employ BMF, PMF, and NCF
to generate the recommendations, and fuse the recommendations of these mod-
els to obtain the personalized recommendation list for each user. In this step,
we calculate the weights of each algorithm by the gradient descent method, and
re-predict the missing values in the interaction matrix based on these weights. In
the group recommendation (i.e., the second step), we propose an unsupervised
learning based ranking algorithm (URank), which can be used in the ranking
aggregation for the group recommendation and models fusion. Then, we use
four ranking aggregation approaches (i.e., Fagin, MedRank, M C}, and URank)
to merge the personalized recommendation lists in the group, respectively. Then,
we further fuse the results of these four approaches to obtain the unique rec-
ommendation list for the group using URank. In the TopN recommendation
problem, experimental results based on the real-world dataset show that our
proposed multi-layer ensemble framework has better performance in group rec-
ommendation than traditional algorithms.

The main contribution of this paper is summarized below:

1. We propose an unsupervised learning based ranking algorithm (URank). It
can be applied not only to the group recommendation task, but also to fuse
models.

2. In this paper, we propose a multi-layer ensemble framework which has a
two-step fusion process (the personalized recommendation and the group
recommendation). In different recommendation processes, we fuse the results
of sub-algorithms to remedy disadvantages of them.

3. The experimental results show the effectiveness of our proposed models
which outperform other state-of-the-art methods in topN recommendation.

2 Related Work

2.1 Personalized Recommendation

RSs, which play a crucial role to overcome the information overload, have been
widely applied in many domains (e.g., news, e-commerce, and social networks).
With the development of RSs, a large number of experiments and theories have
shown that the matrix factorization (MF') outperforms other algorithms and has
become the baseline method to extract the latent feature of users and items. Koren
et al. proposed the PMF method, which adopts a probabilistic linear model with
Gaussian observation noise to predict the result [8]. It can handle large datasets
and deal with users who have few interaction information. Salakhutdinov pre-
sented a fully Bayesian treatment of Probabilistic Matrix Factorization (BPMF)
by placing hyperpriors over the hyper-parameters to perform approximate infer-
ence [18]. Rendle et al. proposed a Bayesian Personalized Ranking (BPR) crite-
rion [17], which is the maximum posterior estimator from a Bayesian analysis and
measures the difference between the rankings of user-purchased items and the rest
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items. With the development of deep neural networks, the algorithm based on neu-
ral network has been used in RSs. He et al. proposes a general framework to give the
model non-linearities [7]. In other field, Xu et al. designed incentive mechanisms
to minimize social costs [23,24].

2.2 Group Recommendation

In the recommendation system, we often encounter such problems: recommend
items to a group of users. The method used in most studies is ranking aggrega-
tion [4]. Although ranking aggregation is recently being used in a broad range,
the origin of it was in the eighteenth century. The two methods popularized
at that time was Borda’s method and Condorcet method. In many methods
based on Borda, Argentini et al. proposed the method which is perhaps the
most representative one [1]. It works based on the objects’ positions in input
rankings directly. Condorcet vote is another popular traditional method, which
works based on the pairwise comparisons of items. Dwork et al. used the Locally
Kemeny optimal ranking as the fused ranking [3], it is implemented by finding a
Hamiltonian path. Moreover, some other methods apply stochastic optimization
algorithms such as the cross-entropy Monte Carlo algorithm for searching the
optimal ranking [13]. In 2010, Qin et al. proposed a probabilistic model (CPS)
[15], which was defined with a coset-permutation distance, and models the gen-
eration of a permutation as a stagewise process. In 2015, Ding et al. proposed
an instant-runoff ranking fusion method (IRRF) using the result of traditional
batch mode ranking fusion methods and a top-2 comparison based instant-runoff
ranking fusion method (T2-IRRF), which is an improved IRRF by introducing
more local comparison information into the selection of the best item in each
round.

2.3 Fusing Recommendation Models

Fusing recommendation models have been well studied to improve the predic-
tion performance; a method combines the predictions of different algorithms, or
the same algorithm with different parameters to obtain a final prediction. These
algorithms have been successfully used, for instance, in the Netflix Prize con-
test consisting of the majority of the top performing solutions [14]. The most
basic strategy is to acquire the final prediction based on the mean over all the
prediction results or the majority votes, such as: Burnham and Anderson [2].
Meanwhile, most of the related works in the literature point out that ensem-
ble learning has been used in recommender system as a way of combining the
prediction of multiple algorithms to create a stronger rank, such as linear regres-
sion, restricted boltzmann machines (RBM), and gradient boosted decision trees
(GBDT), Jahrer et al. propose a fusion model to apply the adaptive learning
rate [11], with a modest performance increase. However, the methods mentioned
above all have their optimization direction, so the performance improvement of
the model is one-sided.
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3 Multi-layer Ensemble Framework

3.1 Preliminaries

In this paper, we assume that there exist a set of users U = {uq,uq,...} and a
set of locations V' = {v1,vs,...}, #u and #v denotes the number of users and
locations respectively. Therefore, the user-location interaction matrix based on
the check-in records is defined as below:

iy, ug visited v;
Yis = { 0, otherwise (1)

where r;; represents the times the user u; has been to the location v;. In this
paper, the major recommendation algorithms are based on the technique of
matrix factorization. Therefore, we employ p; and g; to represent the predefined
latent features of users and locations, respectively and the preferences of users
Y (i-e., user-location interaction matrix) are predicted using the latent features.

3.2 Model Framework

Figurel illustrates the multi-layer ensemble framework for the group rec-
ommendation. The framework is divided into two parts: the personalized
recommendation and the group recommendation. For the personalized recommen-
dation part, we consider the interaction matrix of users and locations as the input,

Personalized Recommendation
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and three model-based recommendation algorithms (i.e., Biased Matrix Factoriza-
tion, Probabilistic Matrix Factorization, and Neural Collaborative Filtering) are
used to generate recommendations for individuals. Then, we propose an ensemble
model that fuses the results of the model-based algorithms to obtain a recommen-
dation list for each user. For the second part, we fuse the recommendation list of
individuals in the group using four ranking aggregation approaches (i.e., Fagin,
MedRank, M C}, and URank) to obtain the group recommendation lists. Then we
employ URank, which is our proposed unsupervised learning based ranking algo-
rithm, to further fuse the results of four ranking aggregations for providing the final
recommendation list for each group. Due to the multi-layer ensemble of personal-
ized and group recommendation approaches, the effects of disadvantage of each
approach will be decreased and users’ preferences can be captured effectively.

3.3 Personalized Recommendation

For the personalized recommendation part, Biased Matrix Factorization (BMF),
Probabilistic Matrix Factorization (PMF), and Neural Collaborative Filtering
(NCF) are applied to generate the recommendation list for individuals.

BMF is a traditional matrix factorization approach considering the rating
bias of each user [8]. In other words, due to the characteristics of individuals,
the distribution and preference of rating (or check-in) will be totally different.
For a user, 3 (the range of rating is 0-5) may be a general rate, but for another
user, 3 may be a high rate. Therefore, the consideration of rating (or check-in)
bias will decrease the effect according to the characteristics of individuals. The
biased matrix factorization can be defined as follows:

bij = p + b; + by, (2)
Grij = p+b; + b +plqj, (3)
miny ~ (yi; — i) + A0l (4)

where b;; represents the rating (or check-in) bias of the user u; in the location
v;. Then we minimize the error between the actual value y;; and the predicted
value ¢1;; using gradient descent to obtain b; and b; for predicting the unbiased
rating (or check-in).

PMF is a matrix factorization approach considering the perspective of proba-
bility [12]. PMF has two assumptions: (1) the prediction error (between the actual
value and the predicted value) obeys the Gaussian distribution, and (2) the latent
features of users and locations also obey Gaussian distributions. Therefore, the
distribution of prediction error and latent features can be defined as follows:

#Hu #Hv
p(Y|P,Q,0%) = H H [N (yislpf aj,07)] (5)
#u
p(Plop) = [[ N(p:l0,031), (6)

i=1
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#Huv
p(Qlod) = [] N(g;10,081). (7)

Jj=1

Then, the latent features of users and locations will be obtained by minimizing
the loss function as below:

s A A
. ~ P 2 2
minE = 23 " Lij(yij — feig) + 5 1P+ 2 1QI7, (8)

i=1 j=1

Goij = P7 4 (9)
where I;; denotes whether the user u; has been to the location v;, and Ap and
Aqg are regularization parameters.

From the perspective of neural networks, NCF introduces non-linearity to
learn the interaction information, rather than a handcraft that has been done
by the traditional matrix factorization model [7]. The prediction function of NCF
model is defined as follows:

3ij = aout (KT (pi ® q5)) (10)

where a,,;+ and h denotes the activation function and edge weights of the output
layers, respectively. Intuitively, if we allow h to be learned from data without
the uniform constraint, it will result in a variant of MF that allows varying
importance of latent dimensions. If we use a non-linear function for @y, it will
generalize MF to a nonlinear setting which might be more expressive than the
linear MF model. In this paper, we implement a generalized version of MF under
NCF that considers the sigmoid function o (z) = 1/(e™") as aout and learns h
from data with the log of loss.

BMF, PMF, and NCF have good performance in general scenarios, however,
these approaches also have their disadvantages. For example, BMF doesn’t work
well if the dataset has the long-tailed problem; PMF works based on the strong
assumptions; NCF, as a neural network based approach, will overfit the dataset.
Therefore, we propose an approach to fuse the results of three basic models
(Yl, Ys, Y;) to decrease the effects of these disadvantages. In this paper, we fuse
the recommendations lists based on RMSE between the ground truth and the
predicted value. The loss function (i.e., RMSE) is defined as below:

#u #v 3 2
1
RMSE = . E E <yij - E dk@kij) (11)
Husfv =1 j=1 k=1

where di(k = 1,2,3) denotes the weight of each basic algorithm. Equation 11
is a continuously derivable function, so the parameter d; can be deduced using
the gradient descent method, and the obtained weights dj(k = 1,2, 3) determine
the impact of each basic model on the final recommendation list. The gradient
direction of dj, is defined as below:
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#Hu #Hv 3 2
ORMSE 1 [ 1 )
Vdy = “od, 2 o ;:1 ;:1 (yij - E: dkykij>

1

(NI

#u Fv 3
N2 (yij -y dk@kij) (=Dniz) » (12)
=1 j=1 k=1

and the update formula of dj, is:
dip = dj, — ’7de (13)

where v denotes the learning rate of the method. When Eq. 11 coverages, the
final recommendation list for individuals will be obtained based on the ensemble
model considering the learned weights di(k = 1,2, 3).

3.4 Group Recommendation

The group recommendation part aims to aggregate recommendation lists of
group members into a unique recommendation list for the group. In this part,
we employ four ranking aggregation approaches (i.e., MedRank, Fagin, MCy,
and URank) to fuse the recommendation lists. These approaches will be briefly
introduced in the following sections.

MedRank is an order-based rank aggregation algorithm [6]. The main idea
of MedRank is: the item, which appeared in more than half of the number of
ranking lists, will be remained in the final aggregated ranking. For example,
given three rankings Ry : [A,B,C,D], Ry : [B,A,D,C|, Rs : [B,C, A, D]. To
count the elements in the first position of each ranking list, we find that the
number of B is 2, which is more than half of the number of rankings (2 > 1.5).
Therefore, B is considered as the first position in the aggregated ranking list.
Then, B is removed from the three ranking lists and the elements in the first
position will be counted and selected. In this way, we will obtain the aggregated
ranking [B, A, C, D].

Different from MedRank, Fagin is a score-based rank aggregation algorithm
and is well-suited for the group recommendations [5]. For example, there are
three rankings: Ry : [A:1.0,B:0.8,C : 0.5,D :0.3,E : 0.1], Ry : [B:0.8,C :
0.7,A:03,D:02,FE:0.1], R3 : [D:08,C :06,A:02,E:01,B:0].If
a top-2 recommendation is demanded, then we take the top-2 elements from
these rankings into a new list until all values of k elements in the new list
are taken in the original three lists, and C : [0.5,0.7,0.6], B : [0.8,0.8,0], A :
[1.0,0.3,0.2], D : [0.3,0.2,0.8] are the generated. Therefore, the aggregated list
is [C:0.6,B:0.53,4:0.5,D :0.43].

Because the ranking aggregation is similar to traditional page rank, Dwork et
al. creatively applies the Markov chain (MC) to aggregate rankings, and proposes
MC series algorithm [4]. These algorithms calculate their transition probability
matrix by different rules, then get a new sort according to the smooth distri-
bution of the transition matrix. The rule followed by the M}, algorithm is as
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follows: choose the candidate a, then pick another candidate b uniformly from
the union of all candidates ranked by vectors. If most voters ranked b higher
than a, go to b. Otherwise, stay in a.

URank, which is our proposed unsupervised ranking aggregation method,
considers normalized Discounted Cumulative Gain (nDCG) as the ranking met-
ric, specifically as follows: 7, represents the actual rating of the item ¢; (ranked
in position j, i,e., o(t;) = j). DCG and nDCG at Top-n are defined as:

n 27~,
DCG =1y, + Z s, () (14)
DCG
nDCG = —--5 (15)

where IDCG is the maximum possible gain value that is obtained with the
optimal re-order of the n items in tq, ..., t,.

If nDCG is considered as the metric to fuse the multiple ranking lists, there
exist two significant problem: a. nDCG is often applied to evaluate the order-
ing performance with labels. However, the current scenario is an unsupervised
problem, we cannot utilize nDCG according to the traditional point of view. b.
Because the ranking list is ordered by a series of discrete values, it is non-trivial
to learn weights using the gradient descent. To overcome the problem a, we
propose a strategy instead of the traditional way: (1) initialize the weights of
different models; (2) get the integrated order by the weighted results and cal-
culate nDCG between integrated order and the order of each basic model; (3)
calculate the accumulation of nDCG. The formula is defined as below:

9%k — 1
1
ZIDCG;,CX:ng 1+7(5))’ (16)

where I DCG), denotes the normalization parameter and k£ denotes the index of
the models. 7 (5) is a symbolic function and denotes the ranking position of the
location v;:

R =1t S 1) = f ), (17)
m=1,m#j

where > denotes the order relationship of the rank, and f,, (j) is a linear function
that represents the sort score of the location v;. I is a 0—1 recognition function:

Therefore, Eq. 16 can be rewritten as:

o 2% — 1
E(w) =
I;IDCGkZIIOg2 (2+Zm 1,m#j [fw( )>'fw( )D

#v

(19)
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Note that, Eq.19 is not a continuous function, so we cannot calculate the
optimal w by partial derivatives, this is the problem b mentioned above. To
overcome the problem b, a natural way for the approximation is to approximate
the indicator function I using a logistic function [16]. Therefore, 7 (j) can be
replaced using 7 (5):

#v .
ar exp(—a (fuw () = fw (m)))
PD=1E Y Tremnale @ - fe ) 2

Table 1 shows the comparison between 7 (j) and 7 (§). When « > 0 is a scaling
constant(e.g., 50, 100, 150), 7 (j) is a continuous and differentiable function.
Thus, Eq. 19 can be rewritten as:

Table 1. Examples of position approximation

object |s; m(2) | 7 (z)(a = 100)
object; |4.20074 2 | 2.00118
objects | 3.12378 | 4 4.00000
objects | 4.40918 | 1 1.00000
objects | 155258 |5 | 5.00000
objects | 4.13330 | 3 2.99882
L1 & 2% — 1
E(w)*;]DCsz:llogQ (2+Zm Ly TG G) fw(m)))) (21)
i Treap(=a(fu ()~ Fulm)

It can be proved that Eq.21 is a convex function. To solve Eq. 21, we use the
gradient ascent based on the chain derivation rule:

3 #v 2°kj —1

_OE(w) log, (117 (7)) 7 (J)
Vug =5 =D IDCGk Z 07 (j) Ouwby (22)

k=1

The updated wy, is defined as below:
wk = wg + nVwy (23)

Therefore, in this paper, we use the aforementioned approaches (i.e., MedRank,
Fagin, M Cy, and URank) to fuse the recommendation lists of group members
to generate a recommendation list for the group respectively. Then URank is
applied to fuse the results from each ranking aggregation approach to obtain the
unique ranks for the group.
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4 Experimental Evaluation

4.1 Experimental Setup

Check-In Dataset. We evaluated the performance of our method on LBSN
datasets. Foursquare is a famous LBSN that allows people to post check-in
records in Twitter when they visit a specific venue based on the location infor-
mation. We collected user’s check-in data by calling Twitter and Foursquare’s
API interface. The dataset contains 419,509 tweets published by 49,823 users
among 18,899 locations from August 2012 to July 2013 in Manhattan [19].

Baseline. To evaluate the effectiveness of our proposed model, in the person-
alized recommendation part, we consider the traditional recommendation algo-
rithms (i.e., BMF, PMF, and NCF) as the baseline method, respectively. In the
group recommendation part, we use three ranking aggregation algorithms (i.e.,
Fagin, MedRank, and M Cj) and the proposed algorithm (i.e., URank) to gener-
ate the final group recommendation results based on the personalized recommen-
dations using BMF, PMF, and NCF, respectively. Therefore, the combination of
a personalized recommendation algorithm and a ranking aggregation algorithm
is considered as a baseline model. Based on different combinations of person-
alized recommendation algorithms and ranking aggregations, we conducted 20
models on the real-world dataset.

Evaluation Metrics. To assess our proposed framework, we use well-known
criteria for TopN recommendation, such as Recall, Precision, and F1-score. The
criteria are defined as below:

2uer [B(W) NT (u)]

Recall =
> ueu T (u)]
R(u)NT
Precision = Lueu 1B Ol
>uev |1 R (u)]
Fl — score — 2 X preciston X recall

precision + recall

where U is the set of all users, R(u) is the recommendation list based on the
preference of user u in the training dataset, and T'(u) is the set of user u’s
behaviors in the test dataset.

4.2 Results and Discussion

In this section, we aim to evaluate the effectiveness of the multi-layer fusion
framework for the group location recommendation and answer the following
questions:

— Which is the best combination for the recommendation framework?
— What is the performance of proposed framework on different types of groups?
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Effectiveness. In this section, we compare the 20 combinations of personal-
ized and group recommendation approaches, and the experimental results are
shown in the Table2. We analyze the experimental results from two aspects:
personalized recommendations and group recommendations. For personalized
recommendation, we compare the three traditional recommendation algorithms
(i.e., BMF, PMF, NCF) with the fusion algorithm we proposed. As observed in
Table 2, our proposed fusion model outperforms other traditional personalized
recommendation approaches in RMSE. It means that the model we proposed has
more strong ability to fit data than the other three models. In addition, the per-
formance of our framework at TopN (N=20, 40, 60) location recommendations
for the group also outperforms other models. We also compare the ensemble
model with each ranking aggregation (i.e., Fagin, MedRank, and M Cj). From
the Table2, we can see that the proposed framework has better performance
in the group recommendation than each ranking aggregation algorithm. The
experimental results show that the multi-layer ensemble framework effectively
decrease the effect of disadvantages in each approach.

Table 2. Performance comparison

Method Person | Fusea | N=20 N=40 N=60
RMSE | nDCG | Pre Rec F1 Pre Rec F1 Pre Rec F1

BMF-Fagin 0.897 null 0.086 | 0.088 | 0.087 | 0.079 | 0.135 | 0.097 | 0.072 | 0.182 | 0.103
BMF-MedRank | 0.897 null 0.087 | 0.091 | 0.089 | 0.072 | 0.131 | 0.093 | 0.071 | 0.180 | 0.102
BMF-MCy 0.897 null 0.082 | 0.096 | 0.091 | 0.078 | 0.133 | 0.098 | 0.073 | 0.181 | 0.104
BMF-U Rank 0.897 null 0.089 | 0.087 | 0.088 | 0.082 | 0.140 | 0.103 | 0.074 | 0.181 | 0.105
BMF- fuseg 0.897 0.891 0.090 | 0.087 | 0.088 | 0.080 | 0.137 |0.101 | 0.076 | 0.179 | 0.107
PMF-Fagin 0.879 null 0.102 | 0.081 | 0.090 | 0.091 | 0.130 | 0.107 | 0.082 | 0.181 | 0.113
PMF-MedRank | 0.879 null 0.098 | 0.083 | 0.090 | 0.093 | 0.128 | 0.108 | 0.083 | 0.187 | 0.115
PMF-MCy 0.879 null 0.091 | 0.079 | 0.085 | 0.083 | 0.121 | 0.098 | 0.077 | 0.166 | 0.105
PMF-U Rank 0.879 null 0.099 | 0.086 | 0.092 | 0.096 | 0.131 |0.111 | 0.085 | 0.179 | 0.115
PMF- fuses 0.879 0.887 | 0.103 | 0.085 | 0.093 | 0.101 | 0.131 |0.114 | 0.084 | 0.183 | 0.115
NCF-Fagin 0.872 null 0.108 | 0.075 | 0.089 | 0.092 | 0.123 | 0.105 | 0.083 | 0.166 | 0.111
NCF-MedRank | 0.872 null 0.103 | 0.073 | 0.085 | 0.093 | 0.127 | 0.107 | 0.085 | 0.172 | 0.114
NCF-MCy 0.872 null 0.096 | 0.071 | 0.082 | 0.082 | 0.109 | 0.094 | 0.075 | 0.154 | 0.101
NCF-U Rank 0.872 null 0.107 | 0.073 | 0.087 | 0.090 | 0.121 | 0.103 | 0.082 | 0.174 | 0.111
NCF-fusea 0.872 0.902 | 0.111 | 0.074 | 0.089 | 0.104 | 0.129 |0.115 | 0.086 | 0.170 | 0.114
fusej-Fagin 0.853 null 0.120 | 0.082 | 0.097 | 0.104 | 0.142 | 0.120 | 0.093 | 0.192 | 0.126
fusej-MedRank | 0.853 null 0.118 | 0.080 | 0.096 | 0.105 | 0.143 | 0.121 | 0.096 | 0.195 | 0.128
fuse1-MCy 0.853 null 0.110 | 0.075 | 0.089 | 0.088 | 0.120 | 0.102 | 0.083 | 0.169 | 0.111
fuse1-URank 0.853 null 0.122 | 0.081 | 0.097 | 0.103 | 0.142 | 0.119 | 0.089 | 0.187 | 0.121
fusei-fuses 0.853 0.893 | 0.125 | 0.085 | 0.101 | 0.103 | 0.147 | 0.121 | 0.103 | 0.208 | 0.138

Different Combination. To evaluate the combination of personalized recom-
mendation approaches and ranking aggregations for the group recommendation,
we divide the experiments into two categories: re-merge with unused approach
and re-merge with used approach. In the first category, we select three of the
ranking aggregation algorithms (i.e., Fagin, MedRank, MCy, URank) as sub-
algorithms, and the remaining one is used as the method of fusing models to
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Fig. 2. Triple combination. Fig. 3. Quadruple combination.

generate the final result. As observed in Fig. 2, we can find that the performance
of the group recommendation is worse than other combinations significantly
when the M Cy algorithm is applied to re-merge the results of models.

In addition, if URank is used to re-merge the recommendation lists aggre-
gated by Fagin, MedRank, and M Cj, the recommendations have better perfor-
mance. In the second category, we use all four ranking aggregation algorithms as
sub-algorithms, and apply an algorithm from them as the method to re-merge
the recommendation lists of models (See Fig.3). As observed in Fig.3, if we
re-merge the recommendation lists of four ranking aggregations using URank,
the performance is better than that of other combinations. Note that, com-
pared the experimental results in Figs. 2 and 3, the overall performance will be
decreased if we re-merge the recommendation lists with used approaches.

Group Method. To evaluate the performance of proposed framework on differ-
ent types of groups, we use two ways to group users and conduct the experiments
respectively. (I) Random grouping: divide all users into groups randomly; (IT)

Similar grouping: group similar users based on the interaction matrix.
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Fig. 5. Group similarity
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As observed in Figs. 4 and 5, our proposed framework has better performance
in the similar group at the small group size. In addition, compared with Preci-
sion, Recall, F1-score of similar groups and random groups, the performance of
similar groups is better than that of random groups. This is because that the
personalized recommendation lists in the similar group have many intersections.
Therefore, when performing TopN group recommendation, the ranking aggrega-
tion algorithm tends to select the same object meet members’ preference.

5 Conclusion and Future

In this paper, we propose the general multi-layer ensemble framework for the
group recommendation. We evaluate the framework on a real-world dataset and
the experimental results show the effectiveness of our approach. In addition, we
further evaluate the performance of the proposed framework in two aspects: (1)
different combinations of algorithms and (2) the effect of the grouping method.
For the first question, in the group recommendation part, the experimental
results show that if URank is used to further fuse the results of four ranking
aggregation methods, the two-step fusion will improve the performance of rec-
ommendations. For the second question, the performance of ensemble framework
also works better in the similar groups than the random groups.

In the future, we want to continue our research and explore the relationship
between group recommendation and personal recommendation; we also hope to
validate our findings through experiments with other datasets. Since the results
of personalized recommendations have a significant impact on the results of
group recommendations, we will try different personalized recommendation algo-
rithms and ranking aggregation algorithms to further improve our performance.
Meanwhile, according to life experience, the decision of the group is affected by
each member is different in some cases, so weighting the results of the members
in the group is also necessary for research. We also hope introduce methods in
other fields(event mining) to perfect our framework [9,10,20].
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