-

View metadata, citation and similar papers at core.ac.uk brought to you byf: CORE

provided by CiteSeerX

A personality mining system for automated applicant
ranking in onlinerecruitment systems

Evanthia Faliagka Lefteris Kozanidi§ Sofia Stamotf, Athanasios Tsakalidis
and Giannis Tzimas

'Computer Engineering and Informatics Departmentyensity of PatrasPatras, Greece
’Department of Applied Informatics in Management 8oBomy, Faculty of Management and
Economics, Technological Educational Institute afdglolonghi, Messolonghi, Greece
3 Department of Archives and Library Science, lorlimiversity, Greece

{faliagka, kozanid, stamou}@ceid.upatras.gr, tsak@g tzimas@cti.gr

Abstract. In the last decades the explosion of ICT has opepetew avenues
regarding peoples’ accessibility to new job oppuoittas. Current technological
advances in conjunction with people’s online preserprovide a great
opportunity to automate the recruitment processraakle it more effective. In
this paper, we propose a novel approach for impgthe efficiency of e-
recruitment systems. Our approach relies on thguigtic analysis of data
available for job applicants, in order to infer thgplicants’ personality traits
and rank them accordingly. To showcase the funatignof our method, we
employed it in a web based e-recruitment systetrvteamplemented.
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1 Introduction

E-recruitment systems have seen an explosive eipaits the past few years [1]

allowing HR agencies to target a very wide audienthe price paid is the

uncontrolled increase of unqualified applicantsis®ituation might be overwhelming

to HR agencies that need to allocate human reseuUaremanually assessing the
candidate resumes and evaluating the applicanitsitsiity for the positions at hand.

To alleviate this problem, several e-recruitmentthods have been proposed, the
majority of which rely on standard IR and web mgiapproaches for matching
candidates to open positions [2]. Existing methadhough useful, suffer from the

discrepancies associated with inconsistent CV ftsmatructure and contextual
information.

In this paper, we propose a novel approach in jjlieants ranking based on the
Analytic Hierarchy Process, AHP [3] and the autdmaxtraction of applicant
personality measures. The latter is based on tiguiktic analysis of textual data
pertaining to applicants’ profiles available on W) sites. Our approach is
implemented in a web based employer-oriented asiteoent system and tested in
real-world data, in a pilot scenario designed ittabmration with Novartis Hellas HR
department.
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2 Method

Applicants’ selection in the proposed e-recruitmeygtem is based on a predefined
set of criteria that are assessed on a numeriadg.s&Ve focus the present study on
the exploitation of 4 complementary criteria, naynéducation (in years of formal
academic training)Work Experience (in years),Loyalty (average number of years
spent per job) andPersonality. Each criterion has a distinct contribution in the
selection process, as dictated by Novartis Helles At the ranking process we use
the AHP, which allows diverse elements to be coegpdo one another in a rational
and consistent way. Objective selection criterie. @Il but candidate personality) are
directly extracted from the applicants’ Linkedlnofites. On the other hand, for
assessing the candidate’s personality, we explitual data available for the
candidate. To implement our method, we essent@lhsidered job applicants with a
LinkedIn account and an active blog. Our method field-tested in a pilot scenario,
which involved the recruitment of a set of applisarOur system was employed to
extract candidate rankings based on the aforemttiset of criteria, and identify the
top candidates to pass to the next phase of theittent process.
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Fig. 1. Social and emotion words’ frequency distribution.

2.1 Personality mining

Applicant personality traits are considered crltizga most job positions, but are
overlooked in existing e-recruitment systems. Im study extroversion is a crucial
personality characteristic for candidate select®revious work indicates that blogs
contain textual features reflecting the author'sspeality [4]. Specifically, it has been
established that extrovert people use many soaatisvand positive emotion words,
and few negative emotion words. Thus, to quantify ¢andidate extroversion we use
LIWC text analysis program, to measure the fractbmvords in a candidate’s blog
that fall in these categories (denoted as socieemo, negemo). It has been shown in
[5] that there are significant correlations betweend categories used in LIWC and
the corresponding personality traits. In ordem&intour system, we used a corpus of
100 Greek blogs, and extracted the LIWC scoreswmed category for each blog.
Then, we estimated the social word frequency digtion, as well as the emotion



word frequency distribution. The emotion categosyobtained as the difference
between posemo and negemo category, essentialglipieg the use of negative
emotion words. The distributions are shown in Bigwith LIWC scores clustered in
intervals with a length of 0.5 and representedhgyrtmid value. These distributions
serve as a basis to calculate stendard score of applicants’ personality dimensions
(social and emotion), based on the distance ofr th&V/C scores from the
corresponding mean value.

2.2 Applicant ranking

The overall applicant score is obtained from indijal scores in the selection criteria,
using the Analytical Hierarchy Process (AHP). Eadkerion has a different weight
in the candidate selection, according to the resuémts of the job position. Thus, the
first step in the AHP process is to make pairwismgarisons of the selection criteria,
forming the matrixA = (a;;),.,. Parameten;; expresses the relative importance of
criteria i and j and it is provided by an expertrigter. Then the normalized
eigenvector of the matrix is computed, which selag&the weight vector.

The next step is performing pairwise comparisonsafdidates with respect to
each criterion. Five matrices are computed, onecpiérion, with the ratio of the
criteria scores per candidate pair. Finally, themadized eigenvectors of the matrices
are calculated, obtaining five local priority verto The overall score of each
candidate (also termed global priority, or rankkdsnputed as a linear combination
between weight and local priority vectors.

3 Experimental results

The proposed e-recruitment method was implemergedveeb application and tested
in a real recruitment scenario. It uses LinkedIn f&gPextract the applicant’s objective

criteria. and LIWC system with a Greek dictionary &ssess the applicant’s
extroversion from his blog posts. Each applicantpdy logs to the system with his

LinkedIn account credentials and enters his blog URhe system then estimates the
applicants’ overall rank using AHP and outputs thye candidates. The system was
tested in a pilot scenario with 15 candidates dpglfor a sales position.

Tablel. Local and Global priorities

Social | Emotion | Education| Work | Loyalty Global
Weight vector | (0.33) | (0.33) (0.11) (0.17) (0.07) | priorities

Candidate 1 0.15 0.08 0.07 0.04 0.09 0.097
Candidate 2 0.03 0.04 0.11 0.07 0.08 0.05p
Candidate 15 0.06 0.08 0.09 0.0§ 0.0 0.074

The weight vector used is seen in the first rowalble 1. It is obvious that the first
two (personality related) criteria are the mostamiant, as indicated by the recruiter.



The rest of Table 1 shows the local and globalrjties for 3 of 15 candidates due to
space limitations, calculated with AHP. Finally,Rig. 2 we represent the candidates
with circles positioned in a 2D plane based onrtlpeirsonality scores, while the

circle radius is proportional to the candidate allescore. Average values of X and Y

axis are clearly marked in Fig. 2 and as expecdtied, to the significance of the

personality criteria, most highly ranked candidates clustered in the top right

guadrant.
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Fig. 2. The candidates’ personality and overall scores

4 Conclusions

In this paper we have presented a novel approachefiruiting and ranking job
applicants in online recruitment systems. The apfibn of our approach reveals that
it is effective in identifying personality profildsr job applicants and thus rank them
accordingly. We are currently improving our metheith additional personality
features as well as further sources of candidateidaedata and in the future we plan
to deploy it in a large-scale e-recruitment appiama
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