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Abstract—The objective of this article is to make a 

bibliographic study on the recommendation of learning 

activities that can integrate user mobility. This type of 

recommendation makes it possible to exploit the history 

of previous visits in order to offer adaptive learning 

according to the instantaneous position of the learner and 

the pedagogy of the guide. To achieve this objective, we 

review the existing literature on the recommendation 

systems that integrate contexts such as geographic 

location and training profile. Next, we are interested in 

the social relationships that users can have between 

themselves. Finally, we focus on the work of 

recommending mobile learning activities in the context of 

scenarios of field trips. 

 

Index Terms—Mobile learning, field trip, mobile 

learning activities, collaborative filtering, 

recommendation system, Point of Interest, ACO 

algorithm. 

 

I.  INTRODUCTION 

The Computer science has a major role in the 

emergence of collective intelligence phenomena. In this 

perspective, the recommendations include systems based 

on collaborative filtering are important elements of this 

evolution because they can exploit various forms of 

cooperation between individuals [1]. Indeed, the goal of a 

recommendation system is to provide a user with relevant 

resources according to their preferences. This reduces the 

search time and receive personalized suggestions from 

the system.  

The development of Web and its popularity has 

notably contributed to the setting up of such systems as 

the recommendation of the items in the Amazon1 Web 

site that is specialized in the field of e-commerce. 

Recommender systems can be seen initially as a response 

to users with difficulty in taking a decision in the context 

of use of an information search system [2]. Indeed, the 

goal of a recommendation system is to help users make 

                                                           
1 http://www.amazon.com/ 

their choice in an area where they have little information 

to sort for the evaluation of possible alternatives. 

 

 

Fig.1. General architecture of a recommendation system. 

According to Resnick and Varian, a referral system 

may consist of three basic entities: (a) the producers of 

recommendations, (b) the calculation of 

recommendations and (c) the consumers of 

recommendations as shown in Figure 1 [3].  

In this context, the major challenge in the field of 

design recommendations systems is: "How to generate 

personalized and high quality recommendations while 

minimizing the effort required on the part of producers 

and consumers?" [4].  

Currently, there are two approaches to extract relevant 

information [5]: (a) filtering based on content and (b) 

collaborative filtering. 

Filtering based on content is based on document 

content (themes) for comparison with a profile that 

consists of subjects; in this case, the recommended 

documents should be nearest to this profile [6]. For 

example, the user can evaluate explicitly documents by 

assigning a score to each of them so that the system 

deducts from these actions the importance of the 

document. The profile update is done by integrating the 

themes of the documents deemed relevant. This profile 

can take many forms, but it usually relies on the terms 

(keywords) to be compared to the terms that index 

documents [7]. 
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However, filtering based on content suffers from some 

problem such as: (1) the difficulty of indexing the 

multimedia documents related to the identification of 

relevant content or (2) the funnel effect where the user 

profile is evolving by progressive restriction on the 

searched subjects [6] [7]. 

The motivation of collaborative filtering is to extend 

the concept of sharing between friends to thousands of 

people on the Internet: friends (some people) can 

recommend what they liked; Internet thousands of people 

are likely to give you their opinion. The objects for which 

you want to evaluate the interest of Internet users can be 

of any kind: movies, music, restaurants, games, jokes, 

articles, etc. [8] [9] [10]. 

According to Bechet, we can distinguish two types of 

collaborative filtering: (1) the active collaborative 

filtering based on evaluations (notes, reviews) provided 

explicitly by users and (2) passive collaborative filtering 

based on an analysis of user behavior made in the 

background. We thus establish a constructive relationship 

between the activity of the user and preferences [11]. 

In this context, we are particularly interested in the 

recommendation of learning activities to places that 

others have already visited and evaluated explicitly or 

implicitly. Indeed, the collaborative filtering takes into 

account the proximity between learners, this proximity 

reflects the similarity of interests in order to emerge the 

concept of group or community [12]. For example, if two 

students A and B have evaluated a number of educational 

activities similarly there are chances that learners A and 

B share the same interests in the learning scenario [7]. 

In this article, we will make a state of the art on 

different recommendation techniques of learning 

activities focusing on their strengths and weaknesses in 

the context of the design and implementation of mobile 

learning scenarios. In section 2 of this article, we make an 

overview on using recommendation systems where users 

are mobile. Then, in section 3 we focus on the 

recommendation of training content according to 

previous actions of learners. In section 4 of this article, 

we explain how social networks can be used in the 

recommendation process of learning activities.  

Finally, in the last section, we present the various 

recommendation systems that can be used in the domain 

of field trips. 

 

II.  RECOMMENDATION SYSTEMS AND MOBILITY 

In the context of mobility, the user's geographical 

location is the first filter that will be added to the 

traditional filter of the user's profile. The first location 

services were developed in car navigation systems that 

are widely available. The driver can receive an advice 

guide throughout its path with visual or audio messages 

indicating the route to follow. These councils use the 

knowledge of the previously calculated route and the 

current position of the vehicle. More recently, "Location-

based Services" or LBS, using the position of mobile 

obtained by triangulation allow considering the same type 

of services for pedestrians [13].  

In this context, applications are many and varied, we 

can mention tourism for example [15] [14] where the 

recommendation is used in the field of restoration. This 

type of application can help tourists during their visits to 

the region during one or more days. However, sometimes 

it is not possible to visit all the tourist attractions and 

historical sites during a limited period. The tourist must 

make a selection of Points Of Interest (POI) to visit. 

Niaraki and Kim have developed a method to 

customize the route planning. They evaluate several 

criteria, which are defined in an ontology describing the 

road segments to follow. The user declares the number of 

POIs to visit and the shortest path algorithms such as 

Dijkstra’s2 algorithm can be used to calculate personal 

routes from the starting point to the end based on these 

declarations [16]. 

Yu and Zhang have developed a framework for a 

personalized recommendation of hotels, restaurants and 

POIs. They combined these three functionality in a 

touring recommendation process that recommends a 

personalized visit based on the current time and location 

of the user and its interests [17]. 

City trip planner 2 allows making city tours adapted to 

the context of the user and his personal interests. This 

system includes visits over several days for each POI by 

offering multiple time slots that can change daily. In 

addition, lunch breaks can be programmed and the local 

tourist office can suggest a few POIs to include in the 

initial trip. On the other hand, City trip planner 2 includes 

path selection and routing between these POIs [18].  

Another more recent example of this type of 

application named "Aurigo" also allows planning routes 

for a personalized visit. This application is based on a 

recommendation algorithm and a display interface using 

an interactive map [19]. 

 

 

Fig.2. The exploration page of Aurigo describes a touring composed of 

(a) the total distance, (b) the filter bar, (c) the radius, (d) the description 

panel, (e) the card and (f) the road. 

                                                           
2 https://en.wikipedia.org/wiki/Dijkstra%27s_algorithm 
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These works are part of LBS because they use the 

recommendation in the context of mobility. In addition, 

they include a number of areas such as m-commerce or 

m-tourism exploiting a location service and the profiles 

declared by users.  

In this section, we analyzed works on m-tourism and 

m-commerce that use the location of the point of interest 

in their scenarios of field trip. These works integrate 

some specific functionality of LBS. For example, they 

can recommend POI according to the planning of the visit 

and the enrichment of POIs by tourist office. However, 

this type of recommendation does not include all the 

elements necessary to the orientation of learning with an 

educational objective. 

 

III.  RECOMMENDATION SYSTEMS AND TRAINING 

Recommendation systems can generate suggestions on 

new items or predict the usefulness of an item for a given 

user. In the domain of intelligent tutoring (EIAH in 

French), these systems allow to estimate the interest of a 

user for a given resource or learning activity from certain 

information about other similar users. 

According to Drachsler, the recommendation of 

learning content from a potentially very broad set of 

choices can be done using the experiences of a 

community of learners [20]. Indeed, in the literature, 

many learning systems can offer individual 

recommendations to learners. These systems rely on 

technologies such as metadata and ontologies to define 

relationships, conditions, and dependencies between 

learning resources and learners' models [21]. These 

systems are mainly used in closed-corpus applications 

where learning resources can be described by the scenario 

designer. This description integrate semantic 

relationships to provide formal learning for learners. [22]. 

In institutional educational settings such as universities, 

the learning scenario is well structured through formal 

relationships (metadata) that integrate accreditation 

procedures and learner profiles [23]. These metadata can 

be used to recommend courses through the adaptation of 

the resources to be consulted and the activities to be 

realized in relation to the different profiles of the learners. 

In this context, Educational Hypermedia Systems 

(EHS) can be used to personalize learning based on (1) 

the learner model described from its interests and (2) a 

mechanism for adapting the hypermedia according to the 

state of the user's model [24]. 

However, in these systems, many design activities are 

required before execution and during maintenance of the 

learning environment. In addition, knowledge domains in 

the learning environment must be described in detail. For 

this reason, these adaptive hypermedia techniques are less 

applied in the context of the recommendation of learning 

activities [21].To solve this design problem, informal 

learning networks offer an interesting solution because 

they can help build a first representation of the domain of 

knowledge. This type of network is populated by many 

learners and offers activities planned by the "facilitators" 

of learning. Under the learning scenario, each learner is 

allowed to add, modify, delete or evaluate learning 

resources at any time [25]. Then, data extraction 

techniques must be able to create a representation of the 

user or domain model. However, this representation is 

sometimes significant because it is based on information 

provided by the learners without any standardization (no 

profile information). 

On the other hand, according to Brusilovsky and Henze, 

the absence of maintenance of the structure in informal 

learning is called the "open corpus problem". This 

problem arises when learning resources provided by 

learners can not be indexed with domain concepts or 

community metadata [26]. 

As a result, recommendation techniques such as 

collaborative filtering are more appropriate because they 

require little maintenance and improve the community's 

emerging behavior. Drachsler et al. Analyzed how 

different types of collaborative filtering techniques can be 

used to assist learners in informal learning networks [27]. 

Finally, we can consider that the recommendation 

systems provide contextual help that helps guide learners 

during the course of their learning. For this reason, 

several learning recommendation systems have exploited 

collaborative filtering techniques during the last decade. 

We cite as examples of projects: Altered Vista (2003), 

RACOFI (2003) and QSIA (2004). 

Altered Vista is an educational system that supports a 

form of contextual collaborative learning. Its design 

integrates a form of collaborative filtering that uses the 

work of individuals for the benefit of a group of users. 

Altered Vista is designed to provide, upon request, 

recommendations from custom websites or contacts. This 

makes it possible to spread word-of-mouth opinions in 

educational settings in order to recommend a network of 

potentially interesting people [27]. 

The RACOFI Musique project allows learners to 

become familiar with contemporary Canadian music. 

This system helps online users in the classification and 

recommendation of audio objects. It allows users to 

evaluate contemporary Canadian music in five 

dimensions: (1) printing, (2) lyrics, (3) music, (4) 

originality, and (5) production. Collaborative filtering 

algorithms are then used to recommend musical objects 

close to the interest expressed by users' requests in order 

to guarantee a good understanding of the characteristics 

of contemporary Canadian music [29]. 

The QSIA (Questions Sharing and Interactive 

Assignment) project is a distributed web-based system 

that describes an environment for learning, assessment 

and knowledge sharing. Indeed, this project allows 

collaborations through online recommendations and 

generates new communities of teachers and learners. At 

the same time, the QSIA project promotes individual 

learning and could promote the capitalization of learners' 

collective intelligence [30]. 

In this section, we explained that recommendation 

systems use hyperlinks to provide resources to learners. 

However, some resources may not be available as part of 

a field trip scenario. 
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For example, to access the description of a given place, 

the learner must mark on the map the link or the POI 

associated with it. 

 

IV.  RECOMMENDATION SYSTEMS AND SOCIAL 

NETWORKS 

Recommendation techniques that use data from social 

networks are named SNBLs (Social Network-Based 

Recommendation). The majority of these techniques are 

based on traditional approaches to filtering content or 

collaborative filtering with improvements and extensions 

that enable easy integration of social data [31]. In the 

following, we present the three main approaches 

associated with this type of recommendation. 

A. Recommendation based on trust  

In recent years, the growth of social networks has 

enabled the development of techniques based on trust 

(trust-based recommendation). For example, we can cite 

"FilmTrust" or "TrustedOpion" that recommends 

restaurants, cafes, bars and movies through a website. 

These social recommendation forms are organized into 

two main steps: (1) the construction of a model of 

confidence and (2) use of a computational model to 

estimate the level of interest of an object to an individual 

[32] [33]. 

In literature, the notion of "trust" can be defined 

through the friendship described using the social graph. 

Indeed, in a social network, the common elements 

between two individuals (belonging to the same 

community, the objects they like ...) can be used to 

calculate a confidence value. Recommender systems are 

adopting this definition to do a conventional collaborative 

filtering based on the relationship of similarity between 

individuals [32] [33]. 

On the other hand, O'Donovan and Smyth incorporate 

the notion of "reputation" in the implementation of 

recommendation systems. This concept is indicative of 

the overall confidence gained by a user based on his past 

behavior. However, to improve the quality of 

recommendations, the notion of "trust" is introduced at 

the object (item-level trust) to exploit precisely the 

knowledge of each individual on a domain or a class of 

objects to recommend [34]. 

B. Exploitation of Textual Data in the Social Web 

Among the textual data generated by the users in the 

social Web, the tags are the most used for the 

recommendation. A tag is a term associated with 

information such as an image, an article, or a video clip. 

The creator or consumer of the object usually chooses 

tags personally. Many social networks allow users to add 

tags to objects for a later retrieval. For example, we cite a 

work that has shown that tags are good representations of 

users' interests and that they can be used to spot their 

preferences [31]. 

The notion of folksonomy is considered a classification 

system of tags representing a view of the user on all the 

contents of a system [35]. 

In this context, the authors present a method for the 

automatic consolidation of the profiles of the users, 

according to their tags through several folksonomies. 

This method allows the construction of a semantic profile 

of interest through four steps: (1) identification of the 

accounts held by a particular individual on different 

social networks (2) harvesting the complete history of 

tags relating to that individual within (3) filtering tags by 

eliminating spelling errors, synonyms, etc. and (4) 

semantic generation of user profiles from filtered tags 

[31]. 

Carmagnola et al. have used a knowledge-based model 

where the user's interest profile is represented by an 

ontology. The objective of this model is to use "social" 

annotations (comments and tags) as a means to deduce 

knowledge about users [33]. 

On the other hand, some recommendation systems use 

tags without considering the semantic aspect. In this case, 

only the tags on the recommended objects are used. The 

method proposed by Liu is based on the graph named 

user-object-tag (Figure 3) to calculate the level of interest 

of a user for an object from this graph [36]. 

 

 

Fig.3. The graph user-item-tag [36] 

The recommendation system of Bank and Franke uses 

consumer evaluations to discover the level of satisfaction 

of a consumer on a characteristic of the product. This 

analysis is carried out in three stages: (1) pre-processing 

based on a syntactic and linguistic analysis (2) detection 

of the aspect of the product to be evaluated and (3) an 

analysis of the feeling to obtain the level of satisfaction of 

the consumer [37]. 

The studies presented above show the possibility of 

using textual data to enrich the preferences profile. These 

studies do not encounter the problem of cold start but are 

limited by their complexities (textual analysis, linguistics, 

knowledge model, ontologies ...). 

C. Exploitation of declarative profile 

Most Web sites allow users during their registration, to 

report a profile, which is made up of demographics and 

interests. This information can be used to populate the 

user preference profile in a recommendation system. 

However, there are no existing recommendation systems 

that rely solely on demographics. 
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A system can hardly give relevant recommendations 

because there is not a significant correlation between the 

taste of an individual and demographic information. 

Nevertheless, we can use this data as an additional source 

to improve the performance of the system [38] [39]. 

For example, we can mention the project presented in 

[40]. In this one, the authors propose a collaborative 

filtering demographic information to recommend music 

from ratings (ratings) assigned to each song. 

On the other hand, this type of recommendation is 

sketchy due to declarative user profiles, but it presents a 

good solution for the cold start problem because the 

demographics are still available and can be collected 

easily. 

The works presented in this section shows that the 

exponential growth of the social web presents exciting 

opportunities but poses real challenges to improve the 

quality of  recommendations. 

In addition, social network users are no longer just 

consumers of information but also producers of large data 

volumes that can be: (1) explicit introduced by the 

declaration of profile users, or (2) implicit deduced from 

interactions between participants.  

In this context, the recommendation techniques 

previously presented use these two types of data sources 

to develop new strategies to reduce information overload. 

These strategies sort and filter information to recommend 

friends, places and services thanks to the social 

relationships. However, social networks can also be 

difficult because the nature of interaction between people 

is sometimes complicated to analyze. 

 

V.  RECOMMENDATIONS SYSTEM AND FIELD TRIPS 

Many systems based on automatic recommendation of 

POIs can facilitate learning during field trips. These 

systems are based on algorithms that make the 

orchestration of mobile activities to provide a learning 

path adapted to the geographical context of each learner. 

In the following, we will classify the different 

recommendation techniques of POIs into three categories: 

(1) collaborative filtering techniques, (2) social 

recommendation techniques and (3) chronologic 

techniques. 

A. Collaborative filtering techniques 

According to Candillier, methods by collaborative 

filtering usually give better results than the content 

filtering [41]. Their uses to recommend POIs within this 

mobile learning scenario can be classified into two 

categories: 

A.1.  Implicit collaborative filtering techniques: 

This kind of POIs recommendation technique is based 

on intelligent models swarm, especially the ant colony 

optimization algorithms [42] or ACO (Ant Colony 

Optimization) to guide learners during the course of their 

field trips [43]. These techniques can recommend 

learning paths adapted to the context of each learner. To 

achieve this objective, the structure of the learning 

scenario is described as a graph where the lessons are 

nodes and edges represent HTML links between them as 

shown in the figure 4. 

 

Fig.4. Description of the learning scenario as a graph or each node is a 

lesson and each arc is an HTML link [44]. 

These recommendation systems as well allow the 

orchestration of learning activities according to the value 

of the educational importance of an arc relative to other 

neighboring arcs. This value varies depending on the use 

of these links by learners who are represented by virtual 

agents (ants).  

According Valigiani, the ant colony algorithm can be 

applied in a learning environment described using a graph 

of links between POIs. The structure of this graph can be 

optimized to facilitate the learning process through the 

participation of learners during the course of the field trip 

[44].  

T. Wang proposes a different approach based on the 

ACO algorithm to help learners to to progress in their 

individualized learning using an adaptive learning path. 

This type of recommendation identifies POIs that are 

most likely to be chosen to form an optimal path based on 

different learning styles [45]. 

E. Kurilova presents a new approach to recommend 

learning paths adapted to different groups of learners. The 

ACO algorithm is used for the selection and combination 

of sequences of POIs according to learner preferences. 

This recommendation allows rearrange the POIs using 

the marking of learners in order to individualize and 

optimize the learning path [46]. 

These three works may be used in a mobile learning 

scenario because they can guide the path of learners 

globally. However, these studies take little interest in 

managing the context of the learner as they are based on 

the principle of implicit collaborative filtering of POIs 

that neglects the profile declared by the learners. 

Therefore, the orientation of the learning process can be 

done according to the most dominant profile, which 

handicap the specific context consideration of each 

learner. 
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A.2.  Explicit collaborative filtering techniques: 

In [47], the authors present a technique that allows an 

explicit collaborative filtering to better personalize the 

recommendation of POIs. This method is essentially 

based on all assessments made by the owner of the 

mobile device as well as the ratings of other users.  

According to W-V. Zheng, the analysis of the history 

of GPS traces on ancient visitors, also allows to make a 

recommendation on some POIs activities [48]. Indeed, 

this analysis reinforces certain paths compared to others 

because it relies mainly on the rate of attendance of a 

course during the visit as shown in figure 5. 

 

 

Fig. 5. Interface relative to the recommendation of the POIs according 

to the history of the GPS trajectories [48]. 

On the other hand, Phitchaya-Anutarat offers technical 

recommendation to assist the user to select the 

appropriate POIs according to their preferences and 

interests. This approach uses demographic techniques as 

the score of personal interest and profile of users 

available in the system database [49]. 

These three works are based on explicit collaborative 

filtering based on historical available after several visits 

to provide personalized recommendations. For this reason, 

the little collection system relevant information from 

traces of visited sites and user profiles. However, this 

kind of system suffer from the cold start problem for the 

first recommendations to be made. Ultimately, such a 

recommendation does not seem adapted to the learning 

objectives because it uses the history of the visit without 

worrying about the educational dimension of mobile 

learning scenario. 

B. Social recommendation techniques 

In the context of mobile learning scenarios, Ye has 

developed an algorithm based on the Naive Bayes 

classifier to recommend POIs based on user preferences, 

location and social influence. This algorithm uses the 

LBSN (Location-Based Social Networks) allowing users 

to establish trust between friends or other users to share 

tips and experiences of their visits. This recommendation 

service aims to recommend POIs to new visitors to help 

them to explore new places to better know a city 

(restaurant, cinema, theater, museum ...) as shown in 

figure 6 [50]. 

 

Fig.6. Graphical representation of the influence of friendship between 

users and their locations for the choice of activities in a LBSN [50]. 

On the other hand, "Biancalana" describes a 

recommendation system based on social relations that can 

identify user preferences and information needs. These 

parameters can be used in an information filtering process 

to suggest a personal recommendation from a number of 

POIs related to the current location of the user [51].The 

proposed approach allows the use of LBSN to identify 

user preferences by filtering information. It also allows to 

exploit the increasing quantity of information from social 

networks through user reviews to allow a 

recommendation of quality of POIs. 

There are several works on LBSN, however we cite, as 

an example this two works because they can recommend 

POIs through social relationships that can exist between 

learners. However, the scenario of field trip starts without 

historical because it has no social interactions of learners. 

For this reason, this kind of recommendation seems 

unsuited to start a first visit because it will not provide 

POIs that are close to the spatio-temporal context of the 

learner. 

C. Chronologic recommendation techniques 

To ensure a personalized recommendation of POIs, 

various research has been done in the literature (LBSNs, 

ACO ...). However, these studies neglect the temporal 

relationship in the recommendation of POIs, for example 

if a user wants to participate in the scenario of the field 

trip tomorrow or in the coming days. In this context, the 

work of Sang [52] recommend a series of activities 

associated with a set of relevant POIs relative to user 

location and time of the visit taking into account the 

history of activities already performed. This approach 
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allows users to schedule consecutive activities based on 

the probability of transition from one POI to another and 

the history in a Markov chain. Although the existing 

research focuses mainly on the recommendation of one 

step (the next activity to do in the current context) this 

work goes further by recommending a series of sequential 

activities [52]. 

On the other hand, the Work of Cheng aims to explore 

user preferences, social influence (the relationship 

between friends) and geographical influence (spatial 

grouping) to make POIs recommendations using a 

collaborative filtering. This approach propose a 

personalization of the Markov chain to predict the visit of 

POIs from a historical relating to a geographical area [53].  

This system is powered by the behavior of users who 

share their locations, their advice and experiences as 

shown in Figure 7 

These two works can be used to allow a prediction of 

the POIs to visit. However, this type of recommendation 

relies only on the historic of learners and neglects the 

teacher's point of view. 

In the following, we classify in Table 1 the techniques 

of recommendation presented in this section 
 

 

Fig.7. Graphical representation of the influence of friendship between 

users and their locations [53]. 

Table 1. Comparison between the different recommendation approaches in the context of field trip 

 

 

Existing works 

[44] [45] [46] [47] [48] [49] [50] [51] [52]. [53]. 

C
h

ar
ac

te
ri

st
ic

s 

Supporting the  

spatial-temporal context 
Yes  Yes Yes Yes 

Interaction between 

participants 

Clicks on 

hyperlinks 
GPS Tracks and Ratings Social relations GPS Tracks and Ratings 

Scenario enrichment Learner Learner Learner Learner 

Real-time collaboration Implicit 

collaborative 

filtering 

Explicit collaborative 

filtering 

Social Collaborative 

Filtering 

Calculating the 

probabilities of predicting 

POIs 

Integration of the 3 phases 

of the field trip 

Only in the 

visit phase 
Only in the visit phase Only in the visit phase Only in the visit phase 

Supporting unexpected 

situations 
Yes Yes Yes Yes 

 

We find that all of the recommendation techniques 

presented in Table 1 can withstand situations not 

predicted by the instructor during the planning phase. 

This evolution of the learning scenario is based mainly on 

the participation of the learners in the enrichment of the 

activities to be carried out by adding the POIs during the 

course of the field trip. On the other hand, real-time 

collaboration between participants in the visit through 

mechanisms such as collaborative filtering (explicit, 

implicit, social ...) can help recommendation systems to 

propose POIs corresponding to the right context learning. 

These systems use learner interactions during the visit by 

(1) clicking on links, (2) doing evaluations, (3) collecting 

GPS traces and (4) exploiting social relationships to 

refine existing profiles and improve the quality of the 

POI recommendation. 

 

VI.  CONCLUSION 

This state of the art allows providing an overview of 

the work related to the places recommendation in the 

context of field trips. These techniques are based on 

collaborative filtering POIs to guide learners according to 

their preferences expressed during the visit. They can also 

use social or temporal relationships resulting from the 

interactions between learners to predict sequences of 

learning activities to realize. 

Furthermore, the real-time collaboration between tour 

participants through mechanisms such as collaborative 

filtering (explicit, implied, social, chronologic...) can help 

recommender systems to offer POIs corresponding to a 

personalized learning environment.  
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In this context, POI suggestions could come from 

different sources: instructors, communities of experts and 

learners. In addition, the selection of participants to the 

visit largely depends on their individual preferences. In 

this way, learners become more independent and 

responsible for their own learning pace. However, the 

POI recommendation must take into account all 

interactions between learners as well as the teacher's 

perspective. 

For this reason, field trip scenarios must be based on 

the teacher's work during the pre- and post-visit phase so 

thatlearners do not move away from the formal objectives 

of the field trip. 

In addition, participants in the learning scenario can 

create, share resources and implement learning activities 

to discover the new environment (Zoo, campus, city ...), 

and this generates a large amount of POIs [ 54] [55]. 

In this perspective, we believe that creating of a new 

approach for mobile learning scenario models is 

necessary to integrate the educational constraints and 

learners spatiotemporal profiles [56] [57]. 
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