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Cold-start problems in Point of Interest (POI) recommendation systems pose significant
challenges due to a lack of user interaction with POIs, which limits the availability of
sufficient data for accurate recommendations. To address this issue, this paper proposes a
Multi-Agent Conciliation Model for POI Recommendation Algorithms (MCMAPRA), a
novel framework that incorporates three distinct recommendation agents based on Pearson
similarity, Jaccard similarity, and explicit trust relationships between users. These agents
generate separate lists of recommended POIs, which are then merged by two conciliation
agents—BordaAg and CondorcetAg—using the Borda and Condorcet voting methods,
respectively. Experimental results, derived from a real-world dataset from Yelp,
demonstrate that MCMAPRA outperforms traditional recommendation methods such as
Pearson and Jaccard similarity in terms of RMSE, accuracy, and recall. Furthermore,
MCMAPRA (Borda) achieves an improvement of approximately 1% in accuracy and a 7%
improvement in recall compared to the Condorcet variant. These findings underscore the
potential of multi-agent systems in effectively mitigating cold-start problems and enhancing
the quality of POI recommendations, even in environments with sparse data. This study
provides a new perspective on how multi-agent systems and voting-based conciliation can
be used to improve recommendation system performance, offering valuable insights for
future developments in the field of collaborative filtering and recommendation algorithms.

1. INTRODUCTION

Point of Interest (POI) Recommender Systems (RSs) are
important for helping users to explore places that may be
interest them [1], such as restaurants [2], tourist sites [3],
commercial spaces or cultural events [4]. POI
recommendation makes it possible to suggest places to users
based on their preferences and behaviors. To recommend
places, RSs use several recommendation techniques such as
Content-Based Filtering (CBF) [5], Collaborative Filtering
(CF) [6] and Hybrid Filtering (HF) [7].

CF techniques exploit ratings provided by users, which
serve as the starting point for the recommendation process [8,
9]. However, these techniques suffer from the problem of data
scarcity caused by user indifference and biased evaluations, as
the majority of users do not give great importance to the
ratings of places already visited [10]. One way to solving this
problem is to combine several recommendations algorithms
running in parallel, exploiting other types of data. To achieve
this goal, we have designed three recommendation agents,
each using three different similarities-based algorithms and
three different types of data. However, the conciliation of the
POl lists obtained by these three recommendation agents poses
a real challenge. To overcome this difficulty, the use of Multi-
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Agent Systems (MAS) [11] makes it possible to combine the
recommendation algorithms to obtain intelligent conciliation.

Several works in the literature have integrated multi-agent
systems into recommendation systems to makes them more
intelligent. These systems, called  Multi-Agent
Recommendation Systems (MARS), are SRs integrating
autonomous and cooperative agents to improve the quality of
recommendations [12]. The authors Sebastia et al. propose
MARS that recommends tourist locations in city of Valencia
(Spain) using an activity plan. However, this system requires
the intervention of the tourist at each stage to specify his needs
and rate the places he has visited [13]. In the same context,
authors Bedi et al. have proposed a MARS for e-tourism using
reputation-based collaborative filtering, which allows services
to be recommended, namely hotels, places and restaurants.
The system assigns an agent to each service, and each agent
returns a list of that service. However, although this processing
exploits the strength of SMAs in the distribution and
cooperation of recommendation tasks, this solution suffers
from the sparse matrix problem [14]. To address this type of
problem, a centralized MAS architecture was proposed in the
study [15] to recommend locations to users. The server agent
collects data from client agents to compute predictions of
ratings. Then, the list of most relevant locations is sent to the
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client agent, which in turn selects those with on a location
perimeter. On the other hand, a video SR based on MASs has
been proposed in the study [16]. Their system consists of seven
agents (location, age, financial, identity, personality, needs
and social) and an Information Center Agent (ICA) that
collects and processes the information. Each agent specifies
whether the POI is interesting or not, then the ICA ranks the
POIs. However, in this system, each agent does not classify
the films, but only expresses his or her interest or not over the
film. In the same context, and in order to build user loyalty to
Netflix platform, the authors Kaur et al. proposed a framework
in the form of an MARS that suggests Ads for shows and films
corresponding to user preferences. The system uses the K-
Nearest Neighbors (KNN) supervised learning algorithm with
cosine similarity. User ratings of films were used to calculate
predictions. However, this type of platform suffers from the
problem of data scarcity [17]. To support learners, MARS are
used as e-learning platforms that are increasingly in use by
students as the number of online courses increases day by day.
For this reason, the authors Amane et al. have proposed a
content-based SR using two agents. Their system works in two
stages (similarity computation and reclassification by
filtering). These two agents extract negative and positive
comments in order to reclassify the list of top-k courses [18].
To increase the accuracy of the recommendation, the authors
Alhejaili et al. [18] used an MARS consisting of six agents,
five of which are each based on a machine learning method.
The methods used are: Random forests, neural networks,
support vector machines, KNN and naive Bayes. The Contrat-
Net protocol was used to manage interaction and negotiation
between agents. Previous work emphasizes the importance of
agents’ autonomy and their ability to conciliate with each other
to accomplish global tasks. However no work in the literature
addresses the problem of cold start SRs caused by user
indifference to POI evaluation.

For these reasons, we have proposed in this paper a Model
of Conciliation Multi-Agent of POI Recommendation
Algorithms (MCMAPRA). This model includes five agents:
(1) three recommendation agents (ReclAg, Rec2Ag and
Rec3Ag), each of them returns an ordered list of POIs, and (2)
two conciliations agents named BordaAg and CondorcetAg,
which merge these three lists and return a global list of the
most relevant POIs using the voting technique [19] Borda [20]
and Condorcet [21] respectively.

To evaluate the performance of our MCMAPRA model, we
carried out experiments on a real dataset from Yelp dataset.
The results show that the proposed model outperforms

conventional methods in terms of RMSE, Precision and Recall.

These methods rely solely Pearson similarity, Jaccard
similarity and the trust measure.

The remainder of the paper is structured as follows: Section
2 describes our recommendation model; Section 3 details the
experimentation phases, including an analysis and discussion
of the results; finally, the conclusion provides a summary of
our contributions and future perspectives.

2. PROPOSED MODEL

Cold start is a major issue in recommender systems. To
mitigate this problem, which is linked to user indifference and
biased POI ratings, we propose in this section a Model of
Conciliation ~ Multi-Agent of POI Recommendation
Algorithms (MCMAPRA). This model consists of five
intelligent, autonomous and cooperative agents: (1) the
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ReclAg agent, which uses Pearson similarity [22] to suggest
the first list of recommended POlIs; (2) the Rec2Ag agent,
which relies on Jaccard similarity to provide the second list;
(3) the Rec3Ag agent, which produces the third list based on
the trust level between users; (4) the BordaAg agent, the first
conciliation agent, which merges the three POlIs lists into a
final list of the most relevant POIs using the Borda method;
and (5) the CondorcetAg agent, the second conciliation agent,
which uses the Condorcet method for the fusion (see Figure 1).

ReclAg Agent ReclAg Agent

Matrix Trust/POT Matrix
(L) (TIL1)
&t Pearson ‘r-:—“]}??} Trust
i Method v Method
i 1.2 (IIL.2)
Mt
(13) (IIL3)
| as (IIL4)
K recommended | recommended K recommended

“ Y

Condorcet Agent

Borda Agent

K recommended FOI

Figure 1. Functional architecture of our model
2.1 ReclAg agent

The agent named “ReclAg” is based on collaborative
filtering to recommend POIs to a given user, relying on similar
users who have rated common POIs [23]. To generate the list
of POIs, the Recl Ag agent proceeds as follows:

(1) Calculate the similarity between two users a and b (see
arrows I.1 and 1.2 in Figure 1), denoted SP(a, b), using Pearson
correlation [24], as shown in Eq. (1):

SP(a,b) =

Yjepanpy,(ratgj—ratg).(ratpj-raty)

—\2 —2
JngPanPb(rafaj—Tafa) -\/ZjePanPb(ratbj_Tafb)

where:
e ratg;: Rating given by user a to POI ;.
e Tat,: Average ratings of user a.
e P, N Py: The set of POISs rated by both a and b.
(2) Predict the ratings that the user might assign to unrated
POIs (see arrow 1.3 in Figure 1) using Eq. (2):

a(ratp;—ratyp) .SP(a,b)

N | Thew
Pr(a,i) = Tat
r(a i) = rate + =0 ]

2

where:
e  Pr(a,i): Predicted rating of user a for POI i.

e U,: The set of users similar to user a.
e raty;: Rating given by a similar user b to POI .
(3) Select the top-k POI list (denoted Pr;) after calculating
the similarity matrix and prediction matrix.
(4) Send the Pg; list to the conciliation agents “BordaAg”
and “CondorcetAg” to generate a global recommendation.



2.2 Rec2Ag agent

The agent named “Rec2Ag” is based on the idea that users’
social behavior is influenced by their friendships [25]. Indeed,
a given user’s friends can be a relevant source of
recommendations. Therefore, the agent leverages friendship
links to identify similar users, assuming that those who share
the same friends have close preferences. To provide the list of
POIs, the Rec2Ag agent proceeds as follows:

(1) Calculate the similarity between two users a and b (see
the arrows 11.1 and I1.2 in the Figure 1), denoted SJ(a,b), using
Jaccard similarity [26], as shown in Eq. (3) bellow:

|LfaﬂLfb|
|LfaULfp |

Sj(a,b) = 3)

where:
e Lf,: User’s friends list a.
e Lfy: User’s friends list b.
(2) Predict the ratings that the user might assign to unrated
POIs (see the arrow I1.3 in the Figure 1) using Eq. (4) bellow:

__ Zbeua(ratpi—raty) .Sj(a,b)
ZbevalSI(ab)]

Pr(a,i) = rat,

(4)

(3) Select the top-k POIs list (denoted Pr») after calculating
the similarity matrix and prediction matrix.

(4) Forward the Pg; list to the conciliation agents "BordaAg"
and “CondorcetAg” to generate a global recommendation.

2.3 Rec3Ag agent

The agent named “Rec3Ag” generates recommendations
based on the explicit trust that a user expresses towards other
users [27]. This trust, inferred from friendship relationships,
can be used to fulfill the user-user similarity matrix. To

provide the list of POIs, the Rec3Ag agent proceeds as follows:

(1) Predict the ratings that the user ¢ might assign to POIs
that have not yet been rated (see the arrow I11.3 in the Figure
1) based on the similarity matrix (see arrows III.1 and II1.2 in
the Figure 1), using Eq. (5) below:

ZbeTa(ratbp) -dgap

Pr(a,i) =
( ) ZYbeTa d8ab

)

where:
e T,: The list of user a’s friends whom they trust.
e dg,p: Trust degree between user a and b.
(2) Select the top-k POIs list (denoted Pr3) after calculating
the similarity matrix and prediction matrix.
(3) Send Pr3 to the conciliation agents “BordaAg” and
“CondorcetAg” to generate a global recommendation.

2.4 BordaAg agent

In our model, the ReclAg, Rec2Ag and Rec3Ag agents
provide three lists of recommended POIs (Pri, Pro and Pr3).
The role of the BordaAg agent is to provide a final “PF” list
that merges the three lists. For this reason, the BordaAg agent
uses the Borda method, which is a weighted voting method. It
consists of raking the POIs in order of preferences, assigning
the first POI in the list a positive number n of points, the
second POI in the list “n-1” points and the last POI in the list
“0” point (the number n must be less than or equal to the
number of POIs) [28].
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For example, suppose that the agents Recl Ag, Rec2Ag and
Rec3Ag have sent their respective top@5 recommended POIs
lists (Pri1, Pr2 and Pr3) to the BordaAg agent. This information
is shown in the following Table 1:

Table 1. Example of Borda Score Calculation (BSC)

Pr1 Pr2 Pr3 N PF BSC
POl POl POI; 4 POIyo POI=4+3=7
POL4 POLip POl 3 POI POL=1+2=3
POl POI; PO 2 POI; POIs=1=1
POI3 POl; POILis 1 POl POI=4+2=6
POLis POLi POLi O POI; POI10=3+3+2=8
POI;1  POLis PO / / POI15=0+0+1=1
POl POI;3 POl / / POI1=4+0=4

Table 1 above explains how the BordaAg agent calculates
the score of each POI from the lists (Pri, Pr2 and Pr3) in order
to merge them into a global recommendation (PF). The
following Algorithm 1 outlines the method used by the
BordaAg agent:

Algorithm 1: Conciliation using the Borda method
Input:
RM: Users/POlIs rating matrix,
FM: Users/Users friendship Matrix,
TM: Users/Users Trust Matrix;
Output:
Pri: POI list returned by Rec1 Ag agent,
Pro: POI list returned by Rec2Ag agent,
Prs: POI list returned by agent Rec3Ag,
PF: list merging from Pri, Pro and Pgr3 returned by
BordaAg agent,
Points_per list: Points matrix per POI and per the Pri,
Pry and Pgr3 and PF List;
Var
K: integer // number of recommended POls,
Uc: integer // current user index.
R: integer // item rank in the list
Begin
// Pri1, Pro and Prs calculation: for each current user.
For each Uc in RM:
Pri= Result of ReclAg Agent()
Pro = Result of Rec2Ag Agent()
Pr3 = Result of Rec3Ag Agent()
End For
//calculating Borda scores for each POI of: Pri, Pro and Pr3
For each L in lists Pri, Pr2 and Pgs:
For each POI in the list L:
Points_per list [L, POI]=K —-R
End For
End For
/I Calculation of the sum of the POI scores from the lists
Pri1, Pr2 and Pg;3 into PF list.
For each POI in Points_per list Matrix:
For each L in lists Pri, Pr2 and Pgs:
Points_per list [PF, POI] = Points per list [PF,
POI] + Points_ per list [L, POI]
End For
End For
/I Sort POIs from the PF list based on their Borda scores
PF = descending_sorting(PF)
End




2.5 CondorcetAg agent

The agent nomed “CondorcetAg”, like the BordaAg agent,
merge the Pri, Pro and Prs lists received from ReclAg,
Rec2Ag and Rec3Ag agents into a global recommendation list.
The CondorcetAg agent uses a different voting method,
namely the Condorcet method, which is a raking-based voting
method. It involves dual comparisons of POlIs, and the POI
that surpasses all others is selected as the best POI [29].

Let’s take the following example: we assume that
CondorectAg agent receives the lists Pri, Pro and Prs, from the
three agents Recl1Ag, Rec2Ag and Rec3Ag, each containing
the top@5 POIs to recommend, as shown in the following
Table 2.

Table 2. Example illustrating the Condorcet ranking

principle
Pr1 Pr2 Pr3
POI; POl POI;
POIL POl POl
POlio POI; POI3
POI3 POIl4 POIis
POI 5 POIy; POl

The POIs ranking according to the Condorcet principle
involves the following steps:
e (Calculate the dual matrix: (see Table 3)
e Calculate the victory scores and generate the final
list: (see Table 4)

Tables 3 and 4 explain how the Condorcet ranking of POI
is used by the CondorcetAg agent to obtain the final list. In
what follows, Algorithm 2 outlines the conciliation method
used by CondorcetAg to merge the three lists Pri, Pro and Prs3
into the final list PF.

Algorithm 2: Conciliation using Condorcet method
Input:
RM: Users/POIS rating matrix,
FM: Users/Users friendship matrix,
MT: Users/Users trust matrix,
Lpor: POIs list.
Output:
Pri: POI list returned by Recl Ag agent,
Pr2: POI list returned by Rec2Ag agent,
Pr3: POI list returned by agent Rec3Ag,
PF: the resulting list.
Var
K: integer//number of POIs to recommender
Uc: integer // current user index.
DM: duels matrix of dimension m, m
Score: Dictionary // victory scores dictionary for each
POL.
Begin
// calculate Pr1, Pro and Prs lists for each current user.
For each Uc in RM matrix:
Pri= Result of Rec1Ag_ Agent ()
Pro = Result of Rec2Ag Agent ()
Pr3 = Result of Rec3Ag Agent ()
End For
DM[m] [m] =0 //initialize the duels matrix

// calculate the duels matrix between POIs of Pri, Pr2 and
Prs.
For each L in Pri, Pr2 and Prs list:
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For each POI; in list L:
For each POI; ranked after POI;in list L:
DM[POL][POL]+=1
End For
End For
End For
//calculate the victory scores for each POIs of Pry, Pr2 and
Pr3 lists in the PF list
Score[Lpor]=0
For each POI; in DM matrix:
For each POI; in DM matrix:
IF DM [POIL][POL;]>DM[POI;][POI;] then:
Score [POIi] + =1
End IF
End For
End For
//Sort the POIs in PF list based on their victory scores.
PF = descending_sort(Lpor, Score[Lpoi])

End
Table 3. Example of dual matrix calculation
POIs POIL; POI; POL; POI; POl POLs POIx
POl - 1 1 1 2 1 1
POI; 1 - 0 0 0 2 0
POL, 0 0 - 0 0 0 1
POI; 1 1 1 - 1 1 1
POl 1 2 1 1 - 2 1
POIis 1 0 0 0 0 - 0
POl 1 1 0 0 1 1 -

Table 4. Example of victory score calculation

POIs List Victory Score PF
POL Score=0+1+0+1+0+0=2 POI7
POI; Score=0+0+0+0+1+0=1 POl
POL4 Score=0+0+0+0+0+1=1 POl
POI; Score=0+1+1+0+1+1=4  POIx
POlio Score=0+1+1+0+1+0=3  POl4
POl Score=0+0+0+0+0+0=0  POI3
POl Score=0+1+0+0+1+0=2  POI;s

3. EXPERIMENT AND RESULTS

In this section, we present the experimentation and results
of our recommendation model. We begin with a description of
the dataset. Then, we detail the evaluation procedure. Finally,
we present the results and the discussion.

3.1 The dataset

For the evaluation of our model, we used the public Yelp
dataset instead of our own dataset initially collected during the
test phase of our prototype Point of Interest (POI)
recommendation system in the city of Mostaganem, Algeria.
The Yelp dataset contains information similar to that in our
dataset, including a set of users, POIs (restaurants,
entertainment venues, etc.), ratings assigned by users to POls,
as well as friendship relationships between users enabling an
implicit or explicit degree of trust to be estimated. The
collected data relates to the state of Nevada (NV) for the period
2005 to 2022. Table 5 gives a detailed description of the main
features of the Yelp
(https://business.yelp.com/data/resources/open-dataset)
dataset used in our experiments.

Table 5. Description of the colunns in our dataset



Column Type/ Description
Names Values
User ID String The identifier of each user.
POIL ID String The identifier of each POL
Rating {1,2,3,4, The rating assigned by a user to a
5} give POL
Friend String The identifier of the direct friend
of a given user.
Trust degree  {1,2,3,4, The trust degree that a given user
5} assigns to their friend.

3.2 Experimental procedure

To evaluate our recommendation model, we divide our
dataset into a training set and a test set. We use 80% of dataset
as the training set and the 20% remaining as the ground truth
for test. The model then predicts the ratings for unrated POIs
and returns the Top@K (K = 5, 10, 15) POIs. Finally, we
evaluate the model’s performance using the following metrics:
RMSE [30], Precison@K [31] and Recall@K [32]. The main
steps of our experimental procedure of the MCMAPRA model
are described below:

e Split the Users/POIs matrix into a training set and a
test set.

e [Each agent (ReclAg, Rec2Ag and Rec3Ag)
calculates the similarities, according to its respective
method, between the current user and other users. It
then selects the top N (1, 2, ..., 20) most similar users
to predict ratings.

e  After receiving the Pri, Prz and Prs lists, the BordaAg
agent merges them into the global list (PF) using the
conciliation principle of Borda method.

e Similarly, the CondorectAg conciliation agent
merges the three lists (Pr1, Pr2 and Pr3) into the global
list (PF) according to the principle of the Condorcet
method.

e The BordaAg and CondorectAg agent ignore the
conciliation principle and retain the three lists Pri,
PRz and PR3,

e Calculate Precison@K, Racall@K and RSME based
on the Pri, Pro and Prs lists, the PF list, and the test
dataset.

3.3 Results and discussion

To assess the contribution of agent conciliation in our
MCMAPRA model for POIs recommendation, we compared
the results obtained by our model using the Borda and
Condorcet methods separately with classical similarity
methods: Pearson similarity, denoted SimPear, and Jaccard
similarity, denoted SimJacc, as well as another explicit trust-
based method, denoted ExpTrust. Evaluation was carried out
using standard metrics such us Recall@K, Precision@K and
RMSE.

3.3.1 Comparison of the result quality of the MCMAPRA
model

To evaluate the quality of POI recommendations, we
calculated Recall@K and Precision@K for the methods
(Pearson similarity, Jaccard similarity, and Trust), as well as
for the two MCMAPRA variants, MCMAPRA (Borda) and
MCMAPRA (Condorcet) as shown in Figures 2 and 3.

Figure 2 and Figure 3 show that the MCMAPRA model
outperforms the SimPear, SimJacc and ExptTrust methods in
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terms of Precision, Recall. We can observe that MCMAPRA
(Borda) provides better results than MCMAPRA (Condorcet)
in terms of both Precision and Recall.

EMCMAPRA
Precision (Borda)
038 = MCMAPRA
(Condorcet)
0.7 SimPear
0.6 .
05 | SimJacc
0.4 - m ExpTrust
0.3 -
0.2
0.1
0 4
Top@5 Top@10 Top@15

Figure 2. Comparison of SimPear, SimJacc and ExpTrust
methods with MCMAPRA (Borda) and MCMAPRA
(Condorcet) using the precision metric

Recall " MCMAPRA

(Borda

0.80 » MCMAPRA
Condorcet

0.70 gimPear )

0.60

0.50 - SimJacc

0.40 - m ExpTrust

0.30 -

0.20 -

0.10 -

0.00 -

Top@5 Top@10 Top@15

Figure 3. Comparison of SimPear, SimJacc and ExpTrust
method with MCMAPRA (Borda) and MCMAPRA
(Condorcet) using recall metric

B MCMAPRA(
RMSE Borda)
2.00 B MCMAPRA(
Gomores
1.60 +——
1.40 +——g— SimJacc
1.20 —
1.00 | m ExpTrust
0.80 -
0.60 -
0.40 -
0.20 -
0.00 -

10 20 30 40 50 60 70 80 90 100User

Figure 4. Comparison of SimPear, SimJacc and ExpTrust
with MCMAPRA (Borda) and MCMAPRA (Condorcet)

3.3.2 Comparison of the accuracy of results MCMAPRA
model

To evaluate the accuracy of POIs recommendations, we
compared our MCMAPRA model (Borda and Condorcet) with
the SimPear, SimJacc and ExpTrust methods in terms of
RMSE, as shown in Figure 4.

Figure 4 shows that our MCMAPRA model provides



acceptable accuracy compared to SimPear, SimJacc and and (Condorcet)) outperformed the other methods.
ExpTrust methods in terms of RMSE. When comparing the Specifically, we observed that MCMAPRA (Borda) achieved

two variants, we observe that the MCMAPRA (Borda) a 6.39% improvement in Precision and a 5.5% improvement
achieves better results than MCMAPRA (Condorcet) in terms in Recall, while MCMAPRA (Condorcet) showed a 6.95%
of RMSE. improvement in Precision and a 7.29% improvement in Recall.
Similarly, regarding RMSE, both variants demonstrated better
3.3.3 Analysis and discussion of the results recommendation accuracy than the Pearson similarity, trust-
The results of two variants of our model are compared with based, and Jaccard similarity methods. This indicates that the
those of the methods using Pearson similarity, Jaccard fusion carried out by the CondorcetAg or BordaAg agents
similarity and the trust measure using Precision@K, successfully selected the most relevant POIs from the three
Recall@K and RMSE. A summary of the results from these lists provided by agents ReclAg, Rec2Ag and Rec3Ag.
comparisons is provided in Table 6 below, using the average Additionally, MCMAPRA (Borda) achieved a 1%
Precision (AvgPrec), the average Recall (AvgRec) and the improvement in Precision and a 7% improvement in Recall
average RMSE (AvgRMSE). compared to the MCMAPRA (Condorcet) model.

The results showed that both variants (MCMAPRA (Borda)

Table 6. Comparison of the MCMAPRA model variants with SimPear, SimJacc and ExpTrust methods using AvgPrec,
Avgrec and AvgRMSE

MCMAPRA (Borda) MCMAPRA (Condorcet) SimPear SimJacc ExpTrust

AvgRMSE 1.135 1.141 1.225 1.215 1.230

AvgPrec 0.570 0.567 0.541 0.531 0.527

AvgRec 0.540 0.530 0.500 0.506 0.503
This performance gap can be explained by the way each recommender systems caused by data sparsity, which reduces

voting method exploits the recommendation lists. The Borda recommendation quality.

method assigns a score to every POI across all lists, which Although our model significantly improves the overall
enables it to capture partial rankings and integrate more quality of recommendations, it also has several limitations.
nuanced preference information from the three First, while MCMAPRA improves performance during cold
recommenders. As a result, it tends to highlight POIs that starts, its effectiveness may decrease in environments where
appear consistently across all algorithms, thus reflecting a data is extremely scarce, and where even consensus merging
stronger overall consensus. In contrast, the Condorcet does not provide sufficient information to the recommendation
method relies on pairwise comparisons, favoring POIs that agents. Second, the model introduces additional computational
win the most direct confrontations. However, this approach complexity due to the parallel execution of multiple
may lead to ties or cycles and can overlook relevant POIs recommendation systems and the conciliation process—
when the recommenders disagree, particularly in contexts particularly for the Condorcet method—which may limit its
where lists are short or heterogeneous. Given that the most scalability for very large datasets. Third, the model encounters
relevant POIs in our experiments were those jointly identified difficulties in real-time application, as multi-agent
by all algorithms, the Borda method was better positioned to coordination and vote aggregation require additional
promote them, which explains its higher Precision (+1%) and processing that can hinder response speed. For future
Recall (+7%) compared to the Condorcet variant. development, it would be worthwhile to explore additional

data sources such as user reviews and POI check-ins, as well
as to investigate adaptive mechanisms capable of dynamically
4. CONCLUSION selecting the most appropriate conciliation strategy based on
the context [33].
In this paper, we designed a Model of Conciliation Mutli-
Agent for POIs Recommendation Algorithms (MCMAPRA).
Our model includes five agents: (1) three recommendations REFERENCES
agents (ReclAg, Rec2Ag and Rec3Ag) and (2) two
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NOMENCLATURE

POI
MCMAPRA

RS

CF
CBF
HF
MAS
MARS
ICA
KNN
BSC
NV

Point of Interest

Model of Conciliation Multi-Agent of POI
Recommendation Algorithms
Recommendation System
Collaborative Fettering

Content based Filtering

Hybrid Filtering

Multi-Agent System

Multi-Agent Recommendation Systems
Information Center Agent

K-Nearest Neighbors

Borda Score Calculation
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