
Using User Contextual Profile for Recommendation in 

Collaborations 

Siying Li1, Marie-Hélène Abel1 and Elsa Negre2 

1 Sorbonne universités, Université de technologie de Compiègne, CNRS UMR 7253, 

HEUDIASYC, 60203 Compiègne, France 

{siying.li, marie-helene.abel}@utc.fr 
2 Paris-Dauphine University, PSL Research University, CNRS UMR 7243, LAMSADE, 75016 

Paris, France 

elsa.negre@dauphine.fr 

Abstract. Nowadays, many digital technologies are developed to support col-

laboration and facilitate its efficiency. When using them, users will leave con-

textual information explicitly and implicitly, which could contribute to identify-

ing users’ situations and thus enabling systems to generate corresponding rec-

ommendations. In the framework of collaborations, we are interested in consid-

ering user context with user contextual profile to suggest appropriate collabora-

tors. In this article, we present the user contextual profile that we established 

and how it can be used to generate recommendations for collaborations in digi-

tal environments. 

Keywords: Context-aware recommendations, Contextual profile, Collabora-

tion. 

1 Introduction 

Nowadays, more and more people consider collaborations as an effective way to work 

[3], particularly with the rapid development of digital technologies, such as blogs [5], 

wiki [5] and digital ecosystems [6]. These bring great convenience to collaborations 

from the term of tools [4] and environments [3]. However, at the same time, these 

technologies also pose problems in acquiring relevant information about collabora-

tors, which are caused by information overload [8]. Thus, finding appropriate collabo-

rators remains an urgent problem to be solved [12]. In order to tackle it, many re-

searchers have dedicated great effort to recommend collaborators [8, 9, 12]. As part of 

our research, we focus on recommending collaborators to a user of a digital collabora-

tive environment. We aim at developing a recommender system based on the infor-

mation collected from this digital environment.   

In order to generate recommendations, many traditional approaches have been already 

used in many applications and have excellent performances, such as content-based, 

collaborative filtering and hybrid approaches [14]. Others have also been proposed 

and studied recently, such as link prediction in graphs/networks [8] and topic model-

ing [9]. Among them, what attract our attention are context-aware approaches, which 
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allows to generate more relevant recommendations through considering the specific 

contextual situations of the user [15]. Such situations are described by user context, 

which could be explicit or implicit [13]. To record user’s contextual information, the 

user profile has been introduced and applied [19]. Therefore, we are interested in 

analyzing user contextual information and integrate it with user profile into user con-

textual profile to propose collaborator recommendations in collaborations. 

The remainder of this paper is constructed as follows. Section 2 discusses user context 

and user profile, and studies context-aware recommender systems. Our user contextu-

al profile is presented in Section 3. We apply a scenario to illustrate how to use our 

user contextual profile on recommending collaborators to a given user in the frame-

work of collaborations in Section 4. We then discuss our collaborator recommenda-

tions and the proposed user contextual profile in Section 5. Finally, some conclusions 

and future work are put forward in Section 6. 

2 Related work 

In this section, we analyze two notions: user context and user profile. Moreover, we 

conduct a survey on context-aware recommender systems (CARSs).  

2.1 User context and user profile 

User context is a widely addressed concept in CARS since it matters in better predict-

ing users’ behaviors [17]. Usually, such contextual information can be collected from 

two approaches: requiring explicitly to the user and being learned implicitly from the 

user’s behaviors [7]. However, user context remains dependent on applied domains 

and applications, such as user’s intent [17], user’s research topics [9]. According to 

the definition of context proposed by Dey [21], user context can be defined as any 

information that can be used to characterize the situation of a user who is considered 

relevant to the interaction with an application, including the user and applications 

themselves. Based on the properties of contextual information, it can be divided into 

static/dynamic context, long-term/short-term context [13]. 

As for user profile, its main features are user interests and preferences [16]. It depends 

on demographics or online user behaviors [7]. Based on the properties of different 

information in user profile, it is divided into two parts: static (e.g. user identity) and 

dynamic (e.g. current activities) [2]. While in [11], it is separated into short-term and 

long-term user profile depending on whether such information deals with users' cur-

rent behaviors or not. In addition, the two main ways of collecting information for 

user profiles are also explicit and implicit [11, 16]. 

From these researches, it is obvious that user context and user profile have many fea-

tures in common, such as collecting approaches, classifications. However, not any 

user contextual information could be included in user profile to express users’ inter-

ests or preferences. For example, in a movie recommender system, user’s companions 

[20] is critical contextual information that does not need to be recorded in the user’s 

profile. In other words, user context is a larger concept than user profile. Conversely, 
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user profile is included in user context. Since any information in user profile focuses 

only on users themselves, which definitely also belongs to user context. 

Furthermore, a joint analysis of user context and user profile would provide a stronger 

comprehension of users. [17] uses a dataset of demographic, transactional and contex-

tual information about the users to analyze users’ behaviors. According to our discus-

sions above, the first two parts belong to user profile, while the last one is under user 

context. Therefore, in our research, we are interested in integrating user context with 

user profile in order to construct user contextual profile, which could be used to pre-

dict users’ behaviors in the framework of collaborations and thus generate corre-

sponding recommendations. 

2.2 Context-aware recommender system 

Traditionally, recommender system (RS) deals with two types of entities: users and 

items [10]. Using a known set of users’ ratings about items, these RSs are capable to 

predict those unknown ratings of users and thus recommend items based on the fore-

casted ratings. For these RSs, their rating function 𝑅𝑅𝑆 is  

 𝑅𝑅𝑆: Users × Items → Ratings [15] (1) 

As for CARSs, they apply at least three types of information: users, items and context. 

Sometimes, it is even possible to construct a multi-dimensional CARS. In [10], con-

text of a movie CARS is separated into 3 dimensions: Place, Time, and Companion. 

Thus, for an n-dimensional CARS, its rating function 𝑅𝐶𝐴𝑅𝑆 is 

 𝑅𝐶𝐴𝑅𝑆: 𝐷1 × 𝐷2 × … × 𝐷𝑛 → Ratings [10] (2) 

where 𝐷1 , 𝐷2, … , 𝐷𝑛 represent its n dimensions (including Users, Items, ..). 

To compare the different performances of CARS and RS, [17] demonstrates that 

knowing the context could help RS to perform better. Therefore, in order to generate 

more relevant recommendations, we are interested in constructing a CARS to recom-

mend collaborators to a given user in the framework of collaborations. A similar re-

search has been carried out in [9]: a first context-aware academic collaborator rec-

ommender system is built, where the context is referred to a set of topics that users 

will jointly work on. However, contextual information collected from users’ historical 

collaborations is not utilized, such as users’ historical interactions with others. There-

fore, in our research, the context is referred to the contextual information obtained 

from users' historical collaborations in digital environments. We focus on utilizing 

such user context and integrating it into user contextual profile to predict unknown 

ratings of users on collaborators to generate collaborator recommendations in collabo-

rations. 

3 User contextual profile in our CARS 

In this section, we introduce user contextual profile we built for collaborations in 

digital environments. Then the formalized elements of our CARS are presented. 
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3.1 User contextual profile 

We first introduce the relations between user profile and user context in collabora-

tions. We discuss how to express users’ interests and preferences properly and what 

contextual information could be collected from their historical collaborations. Finally, 

we propose a user contextual profile in a digital collaborative environment. In this 

profile, we retain demographic information and activity traces related to collabora-

tions and discuss privacy protection of users’ personal data.  

3.1.1. Relations between user profile and user context 

Based on the discussions in Section 2.1, user profile belongs to user context (as 

shown in Fig. 1). Besides, some of contextual information of users could be derived 

from their historical collaborations, as we discussed before in Section 2.2. In other 

words, user context is crossing with collaborations (as shown in Fig. 1). 

Therefore, our user contextual profile is constructed based on user profile (represent-

ed by triangles) and user contextual information obtained from users’ historical col-

laborations (represented by the intersected parts of circles and squares). 

 

Fig. 1. User contextual profile in collaborations. 

3.1.2. User profile 

In our research, a user is a person who holds a user account in a digital environment 

that could provide digital support (such as tools and resources) to facilitate collabora-

tions. According to [7], we apply demographic attributes to express user’s personal 

characteristics in user profile (TABLE 1, part: Demographic attributes). Based on the 

values of these attributes, our CARS could predict users’ possible collaborators. For 

example, by checking whether there is a common value of ‘Spoken languages’ be-

tween users, our CARS could determine whether they have adequate communication 

skills in collaborations. Besides, in order to identify users, we use ‘Login’ as a unique 

authentication. 

3.1.3. User context 

According to [1], a collaboration involves at least two persons and comprises a set of 

human actors’ actions on behalf of the corresponding collaborator in order to achieve 
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a shared goal. Thus, in a digital environment, collaboration necessities at least two 

members and a shared goal among all the members. To represent properly collabora-

tions in digital environments, we use ‘user group’. A user group consists of at least 

two users with a shared objective. These users could communicate and interact with 

each other in the user group to advance their collaboration. Moreover, digital envi-

ronments facilitate to implicitly gather contextual information. User activity traces 

could be easily recorded [18], which are associated with the user and the correspond-

ing user group. 

Therefore, in a digital collaborative environment, users are related to user groups, 

their collaborators and their activity traces, which are their contextual information 

derived from their historical collaborations and will be used to calculate the contextu-

al attributes in user contextual profile (TABLE 1, part: Contextual attributes). 

3.1.4. User contextual profile in the framework of collaboration 

Based on the discussion above, our contextual profile contains two parts (shown in 

TABLE 1): demographics attributes, and contextual attributes.  

TABLE 1. User contextual profile. 

 Attributes 

Demographic 

attributes 

Login; Gender; Competencies; Age; Educational level;  

Spoken languages; Employment; Home Country; Home City 

Contextual 

attributes 
Historical collaborations; Diversity of collaborators; Activeness 

 

In particular, the contextual profile require collecting users’ personal information and 

activity traces, which raises our concerns about users’ personal data1 privacy protec-

tion. Europe has enforced General Data Protection Regulation (GDPR) since 25 May 

20182. Thus, following GDPR, we ask users for their consents to collect and process 

their personal data in our CARS. Under the authorizations of users, they allow us to 

use their personal information and activity traces gathered through their historical 

collaborations to generate collaborator recommendations. All the collected data is 

only kept for users themselves to improve their collaborations and will not be shared 

with any third party.    

3.2 Formalized elements 

This section presents the formalized terminologies that are used to formulate our col-

laborator recommendation problem. Then the definition and calculation of contextual 

attributes in user contextual profile are also explained. 

 

                                                           
1  According to [22], personal data in GDPR indicates information that can identify an indi-

vidual directly or indirectly, specifically including online identifiers (e.g., IP addresses, 

cookies and digital fingerprinting, and location data). 
2  https://eur-lex.europa.eu/legal-content/EN/TXT/PDF/?uri=CELEX:32016R0679&from=EN 
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3.2.1. Terminology 

For a user 𝑢, who is in a user group 𝑔(𝑢 ∈ 𝑔) at time 𝑡, the clarifications of terminol-

ogies are: 1) Collaborator: a collaborator 𝑐 of 𝑢 at time 𝑡 is another user 𝑐(≠ 𝑢) who 

is in the same user group 𝑔(𝑐 ∈ 𝑔) at time 𝑡; 2) Contact (possible collaborator): a 

contact 𝑐𝑝 of 𝑢 at time 𝑡 is another user 𝑐𝑝(≠ 𝑢) who is not in the user group 𝑔(𝑐𝑝 ∈

𝑔) at time 𝑡. 

Considering that collaborators and contacts are definitely users, we consider profile 

and context of collaborators and contacts are equal to user profile and user context. 

Besides, we use CCU to represent Contact/Collaborator/User in the following: 1) 

CCU profile consists of CCU’s demographic information; 2) CCU context includes 

all the information that can be used to characterize the situation of a CCU. For the 

time being, in our research, CCU context is limited to the contextual information that 

is obtained from historical collaborations and CCU profile (shown in Fig. 1); 3) CCU 

contextual profile merges the information in CCU profile and CCU context derived 

from historical collaborations, including demographic attributes and contextual attrib-

utes (shown in TABLE 1). 

Thus, our context-aware collaborator recommendation problem is formulated as: Giv-

en a user 𝒖 and his/her current user groups3 𝑮 = {𝒈𝟏, 𝒈𝟐, … , 𝒈𝒎𝒖
}, K (specified 

by user 𝒖 ) contacts (possible collaborators) 𝒄𝒑  from all candidates Rp={cp ∉

𝒈𝒊, cp ≠ 𝒖}(𝒊 ∈ {𝟏, 𝟐, … , 𝒎𝒖}), who will collaborate with 𝒖 with the highest prob-

abilities. 𝒎𝒖 represents the number of current user groups that user 𝒖 is in. Be-

sides, in our CARS, the recommended items to a given user are his/her contacts (pos-

sible collaborators). Then the rating function 𝑅𝑐𝑜𝑙 of our CARS is: 

 𝑅𝑐𝑜𝑙: User contextual profile × Contact contextual profiles → Ratings (3) 

3.2.2. Contextual attributes 

The three contextual attributes are defined and calculated using contextual infor-

mation derived from users’ historical collaborations. 

For the first attribute 'historical collaborations', its values are a list of all historical 

user groups in which the user has participated. Here, historical user groups mean that 

the represented collaborations are already terminated, no longer in progress. 

Then, the diversity of collaborators of a user 𝑢 is measured by the entropy of histori-

cal collaborators4 (denoted by 𝐻𝑢). According to [9], a large 𝐻𝑢 indicates a user pre-

fers to collaborate with different collaborators. In our research, 𝐻𝑢 represents a loga-

rithmic measure of the number of historical collaborators with a significant probabil-

ity of working together, which follows: 

 𝐻𝑢 = − ∑ 𝑝𝑢′ ln 𝑝𝑢′𝑢′ (∑ 𝑝𝑢′𝑢′ = 1, 𝑢′ ≠ 𝑢) (4) 

                                                           
3  Current user groups mean that represented collaborations have not finished yet, still in pro-

gress. 
4  Historical collaborators represent the contacts that user 𝑢 has collaborated with in his/her 

historical collaborations.   
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where 𝑝𝑢′ =
𝑁𝑢,𝑢′

𝑁𝑢
 represents the probability of collaborating with 𝑢′ according to user 

𝑢’s historical collaborations records; 𝑁𝑢,𝑢′ is the number of collaborations that user 𝑢 

collaborated with user 𝑢′; 𝑁𝑢 indicates the number of collaborations that user 𝑢 col-

laborated with others in all historical collaborations; the interval of  𝐻𝑢 is (0, ln 𝑁𝑢]. 
Finally, the activeness of a user in collaborations aims at analyzing the willingness of 

the user to take actions and contribute to the collaboration itself. The activeness is 

measured by the average activity rate of the user 𝑢 in historical user groups (denoted 

by 𝐴𝑢
̅̅̅̅ ): 

 𝐴𝑢
̅̅̅̅ =

1

𝑛𝑢
∑ 𝐴𝑢,𝑔𝑗

𝑛𝑢
𝑗=1  (5) 

where 𝐴𝑢,𝑔𝑗
 is the number of activities that user 𝑢 effected in the historical group 𝑔𝑗; 

𝑛𝑢 indicates the number of historical user groups that user 𝑢 was in; the interval of  

𝐴𝑢
̅̅̅̅  is [0, +∞). 

4 Using user contextual profile for collaborator 

recommendations 

In this section, we illustrate a scenario of Emma to discuss how to predict users' pref-

erences on collaborators through user contextual profile: Emma is a Ph.D. student in 

X laboratory. Her thesis is about data mining and user modeling, supervised by Elsa 

and Marie. During her thesis, Emma has collaborated with several people on three 

projects. Moreover, there are two other persons in X laboratory: Marinela and Jack. 

However, both of them never collaborate with Emma before. Now, Emma is looking 

for several partners to develop an application in order to analyze users’ behaviors in 

her laboratory. However, she doesn’t know who she will collaborate. To help Emma, 

our CARS uses her contextual profile to predict a ranked list of all possible collabora-

tors and recommend the top 3 (K=3, specified by herself) collaborators to her. She 

can choose appropriate ones from the recommended collaborators to collaborate with. 

TABLE 2. Emma's contextual profile. 

Attributes Example of Emma 

Login Emma_account 

Gender Female 

Competencies User modeling, Data mining 

Age 25 

Educational level Ph.D. student 

Spoken languages French, English, Chinese 

Employment X laboratory 

Home Country France 

Home City Compiègne 
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Historical collaborations (IDs) 𝑔1, 𝑔2, 𝑔3 

Diversity of collaborators 𝐻𝑢 (𝐻𝑢 ∈ (0, ln 𝑁𝑢]) 1.332 

Activeness 𝐴𝑢
̅̅̅̅  (𝐴𝑢

̅̅̅̅ ∈ [0, +∞)) 6 

 

In our scenario, suppose Emma’s historical collaborations are represented by three 

user groups: 𝑔1, 𝑔2 and 𝑔3. According to the recorded traces in the groups, she has 

acted 7 times in 𝑔1, 6 times in 𝑔2 and 5 times in 𝑔3. 

Then, Emma gets 𝑔1, 𝑔2, 𝑔3 for the first contextual attribute. Besides, Emma has col-

laborated 2 times with Marie (in  𝑔1, 𝑔2), 1 time with Oriane (in 𝑔1), 1 time with 

Nathalie (in 𝑔2), and 1 time with John (in 𝑔3), then we have 𝑁𝐸𝑚𝑚𝑎 = 2 + 1 + 1 +

1 = 5  and 𝐻𝐸𝑚𝑚𝑎 = (
2

5
ln

2

5
+

1

5
𝑙𝑛

1

5
+

1

5
𝑙𝑛

1

5
+

1

5
𝑙𝑛

1

5
) = 1.332 . Considering 

 ln 𝑁𝐸𝑚𝑚𝑎 = ln 5 = 1.609, Emma gets a large 𝐻𝐸𝑚𝑚𝑎  (0 ≪ 1.332 < 1.609)  . As for 

the third one, Emma has acted separately 7 times (in 𝑔1), 6 times (in 𝑔2) and 5 times 

(in 𝑔3), then her activeness is 𝐴𝐸𝑚𝑚𝑎
̅̅ ̅̅ ̅̅ ̅̅ ̅ =

7+6+5

3
= 6, which means that Emma performs 

6 activities in a single collaboration on average. Finally, Emma’s contextual profile is 

shown in TABLE 2.  

Once Emma's contextual profile is complete, we need her contacts’ contextual pro-

files. All her contacts work in X laboratory. And suppose that from their contextual 

profiles, we can know the following information (presented in TABLE 3). 

TABLE 3. Information from Emma's contacts' contextual profiles. 

Contact Information 

Jack Speaks French and English; 𝐴𝐽𝑎𝑐𝑘
̅̅ ̅̅ ̅̅ ̅ = 10, 𝐻𝐽𝑎𝑐𝑘 = 1.040. 

Marinela Speaks English; 𝐴𝑀𝑎𝑟𝑖𝑛𝑒𝑙𝑎
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ = 1,  𝐻𝑀𝑎𝑟𝑖𝑛𝑒𝑙𝑎 = 0.040. 

John 
Speaks French, English and Spanish; Has collaborated with Emma 

once in 𝑔3; 𝐴𝐽𝑜ℎ𝑛
̅̅ ̅̅ ̅̅ ̅ = 5, 𝐻𝐽𝑜ℎ𝑛 = 1.002. 

 

Based on TABLE 3, all Emma’s contacts are possible to collaborate with her since 

they all work in a same place and speak at least one common language. However, 

according to Emma’s contextual profile (shown in TABLE 2), she gets a large 

𝐻𝐸𝑚𝑚𝑎 which indicates that when compared to contacts that she has already collabo-

rated with, Emma prefers to work with other contacts. Thus, comparing with John, 

Emma would prefer to work together with Jack or Marinela. Besides, Emma is an 

active collaborator since she is willing to take actions in collaborations, averagely 6 

times in a single one. However, Marinela is not an active collaborator based on the 

value of 𝐴𝑀𝑎𝑟𝑖𝑛𝑒𝑙𝑎
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ . Then, Emma would rather not collaborate with Marinela. There-

fore, Emma’s top 3 possible collaborators is 𝑅𝑐𝑜𝑙(𝐽𝑎𝑐𝑘) > 𝑅𝑐𝑜𝑙(𝐽𝑜ℎ𝑛) >
𝑅𝑐𝑜𝑙(𝑀𝑎𝑟𝑖𝑛𝑒𝑙𝑎). 

In our scenario, user contextual profile contributes to generating collaborator recom-

mendations. On the one hand, Emma’s contextual profile concentrates on her personal 

preferences in collaborations. On the other hand, her contacts’ contextual profiles 

(Jack, John, Marinela) help our CARS to calculate Emma’s possible ratings for them.  
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5 Discussion 

The generated recommendations are directly related to the user contextual profile. 

More information we have in the user contextual profile, more accurate the recom-

mendation will be. We are therefore facing to two critical issues: how to improve the 

record of users’ activity traces from a digital collaborative environment; how to let 

users agree to share their personal information and activity traces in the environment 

according to GDPR.  

Using user contextual profile to generate recommendations offers diverse possibilities 

at research and practice level in future. The proposed user contextual profile could be 

broadened by widening the scope of collecting information in digital environments, 

such as specifying details of activity traces. Currently, we only apply the number of 

activities that user effected in historical collaborations, without any detailed infor-

mation of an activity. Thus, we could enrich the user contextual profile by specifying 

the details of an activity in a user group, such as: one or multiple actor(s), time, re-

sources used, and type of activity. Such profile could also be filled by the information 

coming from different software that users used for their collaborations. In addition, 

users need to give their agreements to apply this information to generate collaborator 

recommendations. 

6 Conclusion and future work 

In this paper, we focus on recommending possible collaborators to a given user in the 

framework of collaborations and propose a user contextual profile to generate rec-

ommendations. Based on the related literature in Section 2, we have explained why 

user contextual profile is needed to provide collaborator recommendations and justi-

fied the choice of building a CARS. We then presented the user contextual profile 

built for collaborations in digital environments and demonstrated how to use it in our 

CARS by illustrating a scenario. We finally discuss the issues of our recommenda-

tions and explore possibilities of the proposed user contextual profile in future.  

Our research perspectives include the exploration of the relations between user con-

text and collaboration context, as well as the implementation of the recommendation 

algorithms for collaborations in digital environments. 
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