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Abstract. Applicant personality is a crucial criterion in many job positions. 
Choosing applicants whose personality traits are compatible with job positions 
has been shown to increase their satisfaction levels, as well as the rate of em-
ployee retention. However, the task of assessing candidates’ personality is not 
addressed in today’s online recruitment systems, but is typically handled during 
the interview process. The rapid deployment of social web services has made 
candidates’ social activity much more transparent, giving us the opportunity to 
infer features of candidate personality with web mining techniques. In this 
work, a novel approach is proposed and evaluated for automatically extracting 
candidates’ personality traits based on their social media use. 
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1 Introduction 

The amount of increased information at all levels of people’s electronic social envi-
ronment has rapidly in the last years due to the expansion of the social web user base 
and frequency of recorded user activity in the so called social media [1]. Among the 
reasons that bring people to the web is knowledge and skills improvement [2], as well 
as career development [3]. Lately, people seeking for a job are increasingly using web 
2.0 services like LinkedIn and job search sites [4], while a lot of companies also use 
web-based knowledge management systems to hire employees. These are termed e-
recruitment systems and automate the process of publishing open job positions and 
receiving candidates’ CVs. Online recruitment can be seeker-oriented or company-
oriented. In the first case the e-recruitment system recommends to the candidate a list 
of job positions that better fit his profile. In the latter, recruiters publish the specifica-
tions of available job positions and the candidates can apply. 

Typically in on-line recruitment systems, candidates upload their CVs in the form 
of a document with a loose structure, which must be considered by an expert recruiter. 
However this incorporates a great asymmetry of resources required from candidates 
and recruiters and potentially increases the number of unqualified applicants. This 
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situation might be overwhelming to HR agencies that need to allocate human re-
sources for manually assessing the candidate resumes and evaluating their suitability 
for the positions at hand. Several e-recruitment systems have been pro-posed with an 
objective to automate and speed-up the recruitment process, leading to a better overall 
user experience and increasing efficiency. For example, after deploying an e-
recruitment system SAT telecom reported 44% cost savings and a drop in the average 
time needed to fill a vacancy from 70 to 37 days [5]. 

In practice though, the required skills of the applicant are not the only factor that 
determines the final decision about hiring him or not, as personality is also considered 
crucial in many job positions. Candidates’ personality is assessed by human recruiters 
at the interview stage, and is usually limited to candidates that passed the screening 
phase. However, it is known that the vast majority of recruiters perform a preliminary 
background check on applicants, based on their (social) web presence. This approach 
has limitations, as it is still a time consuming process and does not work well when 
the applicants use pseudonymous accounts or have a very common name and sur-
name. A better approach would be to automate this background check, so that this 
background check could be performed by the e-recruitment system.  

To this direction in [6] an integrated company oriented e-recruitment system is 
proposed. The system automates the candidate pre screening process providing an 
overall candidate ranking based on a combination of supervised learning and semantic 
skills matching. Applicant evaluation is based on a predefined set of objective criteria 
evaluated on the basis of applicant’s skills that are directly extracted from his Linke-
dIn profile, as well as his personality traits extracted by textually analyzing blog 
posts. One drawback of the aforementioned approach is that the popularity of the blog 
as medium of self-expression has been steadily declining. Instead, web users have 
turned to micro-blogging platforms that function with “status updates” instead of free 
text, such as Facebook, twitter, and Instagram.  

In this work, we propose a different approach to infer a candidate’s personality 
traits from his social web activity. More specifically, the personality characteristics 
that are assessed by the new system regard the candidate’s interests as expressed by 
his social presence, how collaborative he is, whether his interests are related to his 
line of work and if he demonstrates leadership skills and is an influential individual 
for his electronic social environment.  

The proposed company oriented e-recruitment system provides automated appli-
cant ranking and personality mining with the purpose of restricting interviewing and 
background investigation of applicants to the top candidates identified by the system. 
This can lead to a major positive impact on the efficiency of the recruitment process 
and to significant cost savings. To showcase the effectiveness of the proposed 
scheme, a prototype has been implemented. The produced candidates’ listing combin-
ing character features automatically extracted  from each candidate’s social media 
activity  has been assessed against actual personality traits manually evaluated by 
human recruiters. The next sections provide details regarding the architecture of the 
proposed system comprising three main modules, followed by the description of the 
new personality module. The discussion moves to the pilot recruitment scenario that 
was used to evaluate the effectiveness of the proposed approach and the paper ends 
with the main conclusions reached.  
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2 Architecture 

Applicant personality is considered crucial in many job positions. It is assessed by 
human recruiters at the interview stage and is usually limited to candidates that passed 
the screening phase. However, it is a common practice among the majority of recrui-
ters to perform a preliminary background check on applicants, based on their (social) 
web presence. This approach has limitations, as it is still a time consuming process 
and does not work well when the applicants use pseudonymous accounts or have a 
very common name and surname. A better approach would be to automate this back-
ground check, so that it is performed by the e-recruitment system. In [7] the authors 
proposed a first approach to such a system that performs automated extraction of can-
didate personality traits based on linguistic analysis of blog posts and automates the 
candidate evaluation and pre-screening process. One drawback of this approach is that 
it relies on the LIWC system to perform a textual analysis of candidates’ blog posts to 
infer the “Big-5” personality directions. However the popularity of the blog as a me-
dium of self-expression has been steadily declining. Instead, web users have turned to 
micro-blogging platforms that use “status updates” instead of free text, such as Face-
book, Twitter and Instagram. Short “status” messages are typically accompanied with 
images and / or URLs to share information. Although a positive / negative tag can still 
be attributed to each status update [8] [9] [10], these lack the linguistic markers re-
quired by LIWC.  

In this work, we propose a different architecture for extracting candidates' perso-
nality traits based on their social media use. An overview of the proposed system 
architecture is depicted in Fig. 1, and consists of the following components: 

• Job Application Module: It implements the input forms that allow the candi-
dates to apply for a job position. The candidate is given the option to log into 
the system with the account credentials of his micro-blogging platform of 
choice (i.e., either Twitter of Facebook).   

• Personality Mining Module: If the candidate opts to log into the system with 
his Facebook or Twitter credentials, the system gains access to his “timeline” 
(i.e., stream of status updates) and interactions with other members of the 
community. 

• Applicant Grading Module: The applicant’s score in a set of predefined crite-
ria is calculated. Web mining techniques are employed and applied to the 
candidate's social activity. 

Although this is out of scope of this work, as can be seen in Fig. 1 a fully function-
al system is expected to also implement a ranking function that will assess the candi-
dates' overall relevance to a specific job position, based on the scores of individual 
selection criteria. Numerous ranking functions based on AHP [11] or Machine Learn-
ing techniques [12] can be found in the literature. 
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Table 1. Personality traits and the according activities 

The candidate is a team player Participation in a team sport or collabora- 
tive activity could translate to a person  
that is able to function in an activity that 
requires group interaction. 

The candidate has leadership skills Candidates that possess a leadership role  
in their social interactions are favored in 
management positions.  

Actively working to improve his skills Candidates that work on learning a new lan-
guage or participate in seminars about public 
speaking are viewed positively. 

The candidate is passionate Good candidates are passionate about  
their activities, whether inside or outside  
of the office. Leisure activities relative to  
the position are always a plus 

He is a well-rounded individual  Well-rounded personalities have an array  
of interests and are not merely focused on 
work. 

3.1 Method 

To assess personality we define the following criteria that quantify aspects of candi-
dates’ personality and can be mapped to real numbers in the interval [0, 1]. Their 
values can be calculated with web mining techniques, exploiting the candidates’ so-
cial presence with respect to the following four criteria: 

• well-rounded: quantifies in what degree a candidates' personality is fully devel-
oped, which is indicated by a number of non-work related leisure activities. 
Well-rounded candidates are persons with good social skills and are expected to 
function adequately in a team. 

• cooperative: indicates well-rounded individuals with a demonstrated capacity to 
cooperate, as indicated by their participation in social after-work activities. 

• passionate: candidates who are involved in activities related to the job position, 
or actively working in sharpening their skills after work. 

• influential: candidates that others tend to use as a source of information or argu-
ments. They tend to receive a high number of social interactions (e.g., re-shares, 
comments, etc.). 

It is evident that these four criteria are not independent from each other. Rather, 
cooperative individuals are actually a subset of well-rounded personalities, while 
influential individuals are typically passionate persons that have the tendency to re-
veal information about their passions and promote them to other people. 

The first step required to calculate the abovementioned selection criteria is to de-
fine a set of leisure activities that are supported by the system. These were selected 
from the categories of the Open Directory Project (ODP20) [14] and are shown in the 
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following table (Table 2). Activities shown in bold are the collaborative activities that 
can indicate social and pleasant candidates. 

Table 2. Activities that show a candidates' personality 

1. Science  2. Sports 
5. Travel 4. Computers 
7. News  6. Computer-Board Games 
9. Arts  8. Business 

 
The second step is to create a corpus of words which are representative for each 

category. To create the corpus we used the Open Directory Project predetermined 
hierarchy of categories so as to access websites of a specific topic that respond to 
specific information needs. Then, we parsed these websites to make a corpus of words 
for each topic. Specifically, we used features extracted from the HTML code of the 
webpage including the pure text contained in it and the specific tag values as headings 
(<title>, <h1>) and meta information (<meta>). By discarding terms that appear less 
than 100 times (process only adjectives, verbs and nouns) we form a vocabulary that 
represents each category. 

To find which categories are mentioned by the candidate often we analyze not only 
the hashtags that can directly give the information we need, but also the raw text of 
tweets and Facebook posts. We process the text in the tweets and Facebook posts and 
compute daily unigram frequencies. By discarding terms that appear less than 100 
times, we form a vocabulary of size |V | = 71, 555. We then form a user term-
frequency matrix with the mean term frequencies per user during the time interval ∆t. 
All term frequencies are normalized with the total number of tweets and Facebook 
posts posted by the user. The final step is to compute a topic score for each user-topic 
pair to assign the interest categories to the candidates. For that reason, we used 
the Jaccard index, also known as the Jaccard similarity coefficient [15]. The Jaccard 
coefficient measures similarity between finite sample sets and is defined as the size of 
the intersection divided by the size of the union of the sample sets: 

 JሺA, Bሻ ൌ |AתB||A׫B| (1) 

Clearly, 

 0 ൑ ,ܣሺܬ ሻܤ ൑ 1 (2) 

To calculate the “well-rounded” metric we calculate the Jaccard coefficient for 
every pair of {activity words, candidate words} and the score is the greatest of the 
calculated values. In the same way we calculate the “cooperative score” and the “pas-
sionate score” using the corresponding activity words.     
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3.2 Identification of User Impact 

As mentioned in previous sections, candidates that demonstrate passion for their lei-
sure activities are also regarded more likely to be passionate in the workplace. One 
special category of passionate individuals are the ones that tend to influence others, 
attracting interest for their hobbies and leisure activities. In the social web, this is 
translated in a high degree of interactions with others. The most significant form of 
endorsement in the social media is the “share” or “retweet” function, in Facebook and 
Twitter platforms respectively. Influential users receive a high number of shares (i.e. 
other users repeat influential users’ status updates on their own timelines). It must be 
noted that a high number of friends or followers is not a reliable metric of user im-
pact, as shown in [16]. On the other hand, interactions (and especially shares) are 
indicative of a person that attracts interest and is viewed by others as a source of in-
teresting information. 

In order to quantify the user impact, we only take into account “status updates” (or 
“tweets”) that fall into one of the categories illustrated in Table 2. The methodology 
detailed in Section 3.1 is employed to filter-out status updates or tweets that are not 
relevant to candidate interests. The rationale is that we are not interested in the candi-
date's impact as a whole in the social web, but rather on how successful he is in dis-
seminating information about his leisure activities. This will generally imply that they 
are influential individuals. Thus, candidates' influence score is defined as the percen-
tage of relevant status updates or tweets that their friends or followers interacted with 
(i.e., shared or retweeted). Notice that in the proposed method there is no dependency 
with the overall number of friends or followers, as would be the case if we counted 
the aggregate number of shares or retweets. 

4 Pilot Scenario 

In this section we evaluate the effectiveness of the proposed personality mining ap-
proach as detailed in Section 3, in a pilot recruitment scenario. The system’s perfor-
mance is assessed based on how effective it is in assigning consistent personality 
scores to the candidates, compared to the ones assigned by human recruiters. In our 
pilot scenario we compiled a corpus of 100 random twitter users, that reported to be 
working in the financial sector in their twitter bio. We subsequently derived their 
personality scores using the methodology detailed in Section 3. These scores were 
cross-compared with scores assigned by an expert recruiter, who had access to the 
same tweets. 

The performance of the proposed system is evaluated based on how effective it is 
in discriminating the top candidates of each category, and providing a rank that is 
consistent with the one provided by the human recruiters. Three metrics were used for 
comparing rankings; the simplest one is the overlap size of the top-k list selected by 
the system and the human recruiter for each job position, where k=25 corresponds to 
25% of overall applicants. The second metric is the correlation coefficient (Spear-
man’s rho) of the top-k candidates per category. The third metric is the mean absolute 
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difference (ranking error) of top-k candidate’s ranks. The performance metrics for all 
three positions can be seen in Table 3. 

Table 3. Performance evaluation metrics per job position 

 Top-k Correlation Ranking error 
Well-rounded 16 (64%) 0.66 4,8 
Social 18 (72%) 0.68 4,1 
Passionate 19 (76%) 0.71 3,9 
Influential 22 (88%) 0.79 3,1 

 
The calculation of the influential score was based on more objective criteria and 

thus this metric performed better than the others, with a correlation coefficient of 
0.79. On the other hand the metrics that are based on the candidate’s social presence 
had the lowest performance. Nevertheless, our method was able to output a top-25 list 
that overlapped at least 64% (for the well-rounded metric) and the correlation reached 
0,71 (for the passionate metric). 

Finally, in Fig. 2 we represent the candidates with circles positioned in a 2D plane 
based on the two most important personality scores (social and influential), while the 
circle radius is proportional to the candidate overall score, assigned by the recruiter. It 
is evident that most highly ranked candidates are clustered in the top right quadrant 
(i.e. with high social and influential scores), which attests that our tool assigned high 
ranks to candidates with the desired personality. 

 

 

Fig. 2. The candidates’ personality and overall scores 
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5 Conclusions  

An inherent limitation of automated recruitment systems is their over-reliance on 
formal qualifications. Hiring managers are able to see beyond skill-sets, and assess 
candidates’ personality and how they would fit in the corporate culture. Judging ap-
plicants’ creativity, inspiration or their ability to work with people is a hard problem 
to solve for automated systems (assuming that it can be solved at all). This paper pro-
posed a new approach in company-oriented recruitment by means of a system that 
provides automated candidates ranking and personality mining with the purpose of 
restricting interviewing and background investigation of applicants to the top candi-
dates identified by the system. The proposed system is able to assess the applicants’ 
suitability for a specific position, by inferring his personality traits based on his social 
media use. More specifically each candidate is evaluated based on how well-rounded, 
social, passionate and influential he is according to information collected by his social 
media activity. The performance of the system has been evaluated on the basis of how 
effective it is in discriminating the top candidates of each category, and outputting a 
ranking that is consistent with the one provided by the human recruiters. Among the 
four personality scores, the influential score obtained the highest accuracy, while the 
more subjective social score had the lowest. Regardless though of the partial scoring, 
it is quite positive that the system managed to output a top-25 list that overlapped with 
the corresponding ranking of the human recruiters at least 64% (for the well-rounded 
metric) and the correlation reached 0,71 (for the passionate metric). We plan to expe-
riment with the system in full scale in order to investigate potentially better fine-
tuning in the algorithm that assesses the four personality scores and set up recruitment 
scenarios in various domains.  
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