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t. The exponential growth of Internet allowed the developmentof a market of online job sear
h sites. This work aims at presentingthe E-Gen system (Automati
 Job O�er Pro
essing system for HumanResour
es). E-Gen will implement several 
omplex tasks: an analysisand 
ategorization of jobs o�ers whi
h are unstru
tured text do
uments(e-mails of job o�ers possibly with an atta
hed do
ument), an analysisand a relevan
e ranking of the 
andidate answers. We present a strategyto resolve the last task: After a pro
ess of �ltering and lemmatisation,we use ve
torial representation and di�erent similarity measures. Thequality of ranking obtained is evaluated using ROC 
urves.1 Introdu
tionThe exponential growth of Internet allowed the developement of an online job-sear
h sites market [1, 2℄. The answers of 
andidates represent a lot of informationthat 
an not be managed e�
iently by 
ompanies [3, 4℄. It is therefore indispens-able to pro
ess this information by an automati
 or assisted way. Thus, wedevelop the E-Gen system to resolve this problem. It will be 
omposed of threemain modules:1. A module of information extra
tion from a 
orpus of e-mails of job o�ers.2. A module to analyse the 
andidate answers (splitting e-mails into CoverLetter and Curri
ulum Vitae).3. A module to analyse and 
ompute a relevan
e ranking of the 
andidateanswers.Our previous works present the �rst module [5℄, the identi�
ation of di�erentparts of a job o�er and the se
ond module [6℄ whi
h analyses the 
ontents of a
andidate e-mail with Support Ve
tor Ma
hine [7℄ and n-gramms approa
h. Wepresent in this paper a strategy to resolve the last module. The large numberof 
andidates answers for a job generates a hardly pro
ess of reading for the



2re
ruiting 
onsultant.In order to fa
ilitate this task, we propose a system 
apableof providing an initial evaluation of 
andidates answers a

ording to various
riteria. We will show whi
h do
ument (
urri
ulum vitae or 
over letter) 
ontainsthe most relevant information and the lo
ation of this relevant information inea
h do
ument. We use di�erent similarity measures between a job o�er and
andidates answers to rank them. Se
tion 2 shows a general system overview. Inse
tion 3, we des
ribe the pre-pro
essing task and the di�erent measures usedto rank the 
andidates answers. In se
tion 4, we present statisti
s about textual
orpus, examples (job o�er, 
over letter and 
urri
ulum vitae), experimentalproto
ol. Results and dis
ussions are presented in 5.2 System overviewThe main a
tivity of Aktor Intera
tive is the pro
essing of job o�ers on the Inter-net. As the Internet proposes new ways to the employment market, Aktor mod-i�es its pro
edures to integrate a system whi
h answers as fast and judi
iouslyas possible to this pro
essing. An e-mail-box re
eives messages 
ontaining theo�er. After language identi�
ation, E-Gen parses the e-mail, splits the o�er insegment, and retrieves relevant information (
ontra
t, salary, lo
ation, et
.) toput on line job o�er. During the publi
ation of jobs o�er, Aktor generates ane-mail address for applying to the job. Ea
h e-mail is so redire
ted to a Human

Fig. 1. System overview.Resour
es software, Gestmax1 to be read by a re
ruiting 
onsultant. At this step,E-Gen analyses the 
andidate's answers to identify ea
h part of the 
andida
yand extra
t text from e-mail and en
losed �les (resp. wvWare2 and pdftotext31 http://www.gestmax.fr2 http://wvware.sour
eforge.net3 http://www.bluem.net/downloads/pdftotext_en



3for MS-Word and PDF do
uments). At this last step, E-Gen analyses 
andi-date's answer for ranking 
andidates for the mission. The system ar
hite
ture ofE-Gen is represented in �gure 1.3 Ranking algorithms3.1 Corpus pre-pro
essingA pre-pro
essing task of the 
orpus is perfomed to obtain a suitable representa-tion in the Ve
tor Spa
e Model (VSM). In order to avoid introdu
tion of noisein the models, the following items are deleted: Verbs and fun
tional words (tobe, to have, to need,...), 
ommon expressions with a stoplist4(for example, thatis, ea
h of,...), numbers (in numeri
 and/or textual format), and symbols su
h as$,#, *, et
. Lemmatisation pro
essing is also performed to obtain an importantredu
tion of the lexi
on. It 
onsists in �nding the root of verbs and transformplural and/or feminine words to mas
uline singular form5. This pro
ess allows tode
rease the 
urse of dimensionality [8℄ whi
h raises severe problems of represen-tation of the huge dimensions [9℄. Other me
hanisms of redu
tion of the lexi
onare also used: Compounds words are identi�ed by a di
tionary, then transformedinto a unique term. All these pro
esses allow us to represent the 
olle
tion of do
-uments through the bag-of-words paradigm (a matrix of frequen
ies/absen
es ofsegment texts (rows) and a vo
abulary of terms (
olumns)).3.2 Measures of similarityWe use a number of similarity measures to determine whi
h is most e�e
tive. In�rst, we use Enertex. Textual energy measure was su

essfully used in di�erentNLP (Natural Language Pro
essing) tasks as automati
 summarization and topi
segmentation [10℄. Based on energy of the Ising magneti
 model, it 
onsiders ado
ument of n terms as a 
hain of n binary units 
alled spins. Up spins are thepresent words and down are the absentees. In our model, we are parti
ularlyinterested in textual energy between the job o�er and ea
h 
andidate as:
J i,j =

P
∑

µ=1

si
µsj

µ (1)
Eµ,ν = −1

2

N
∑

i=1

N
∑

j=1

si
µ J i,j sj

ν (2)With si
µ = term i of job o�er, sj

ν =term j of 
andidate, Jij intera
tion ofterms i, and j in the P do
uments.The next measure is the Needleman-Wuns
h algorithm, 
ommonly used inbioinformati
s to align sequen
es of proteins or nu
leotides. We 
onsider ve
tor4 http://sites.univ-proven
e.fr/�veronis/donnees/index.html5 So we 
on�ate terms sing, sang, sung, will sing and possibly singer into sing.



4of job o�er j and ve
tor of 
andidate answer d as sequen
e of terms and we
ompute the best s
ore H(j, d) between the two sequen
es with the Needleman-Wuns
h algorithm[11℄. We also tested di�erent similarity measures as de�ned in[12℄: cosine (3), whi
h allows us to 
al
ulate angle between job o�er and ea
h
andidate answer, the Minkowski distan
es (4) (p = 1 for Manhattan, p = 2 foreu
lid) and overlap (5).
simcosine(j, d) =

ji · di
√

∑n
i=1

|ji|2 ·
∑n

i=1
|di|2

(3)
simMinkowski(j, d) =

1

1 + (
∑n

i=1
|ji − di|p)

1

p

(4)
simOverlap(j, d) =

ji · di

Min
(

∑n
i=1

|ji|2 ,
∑n

i=1
|di|2

) (5)With j job o�er, d a 
andidate answer, i a term. The last measure used is Ok-abis[13℄. Based on okapi formula,a measure often used in Information Retrieval:
Okabis(j, d) =

∑

w∈d∩j

TFw,d

TFw,d +

√
|d|

MS

(6)With j job o�er, d a 
andidate answer, w a term, TFw,d o

urren
e of w in
S, N total numbers of 
andidates and MS their average size. To 
ombine thesemeasures, we use an Algorithm De
ision (AD) [14℄, whi
h will weigh the valuesobtained by ea
h measure of similarity. Two averages λ are 
al
ulated: Thepositive tenden
y, (that is λ > 0.5), and the negative tenden
y, for (λ < 0.5)and then a de
ision is 
al
ulated.4 ExperimentsWe have sele
ted a data subset from Aktor's database. This 
orpus, 
alled Ref-eren
e 
orpus, is a set of job o�ers with various themati
s (jobs in a

ountan
y,business enterprise, 
omputer s
ien
e, et
.) asso
iated with his 
andidates. Ea
h
andidates is tagged positive or negative. A positive value 
orrespond to apotential 
andidate for a given job by the re
ruiting 
onsultant. A negativevalue is for a irrelevant 
andidate for the job (de
ision of the 
ompany). Ini-tially we 
on
entrated our study on fren
h job o�ers be
ause the fren
h marketrepresents the main Aktor's a
tivity. Table 1 shows a few statisti
s about theReferen
e 
orpus.4.1 Example of job o�erEa
h job o�er is separated in four parts, as de�ned in [5℄ :1. 'Des
ription_of_the_
ompany': Brief abstra
t of the 
ompany that re
ruits.



5Total number of jobs o�ers 25Number of jobs o�ers with less 10 
andidates 2Number of jobs o�ers with more 10 
andidates 8Number of jobs o�ers with more 50 
andidates 6Number of jobs o�ers with more 100 
andidates 9Total Number of 
andidates 2916Number of 
andidates with tagging positive 220Number of 
andidates with tagging negative 2696Table 1. Corpus statisti
s.2. 'Title': job title.3. 'Mission': a short job des
ription.4. 'Pro�le': required skills and knowledge for the position. Conta
ts are gener-ally in
luded in this part.

Fig. 2. Job o�er segmented.A job o�er example with its segmentation is presented in �gure 2, translatedin English. The 
ontent of the job o�er is free but we �nd a rather similarpresentation and vo
abulary a

ording to every part. This segmentation is usedfor ranking 
andidates as we shall see it afterwards in se
tion 5.4.2 Example of 
andidatureFigure 3 is a example of Fren
h 
urri
ulum vitae with a translation in Englishand �gure 4, a Fren
h 
over letter with a translation in English (do
uments werepreviously anonymized). A �rst analysis of CV and 
over letter shows that thedo
uments are very di�erent. Cover letter is a 
omplete text, 
ontaining refer-en
es to the job o�er while CV summarizes 
areer of 
andidates. The 
ontent of
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Fig. 3. Example of 
urri
ulum vitae in fren
h on left and in english on the right.CV are free but we �nd a rather similar presentation and vo
abulary a

ording toea
h blo
k ("Professional experien
e", "Edu
ational ba
kground","Personal in-terests",et
.) and some relevant 
ollo
ations [15℄ as "assistant dire
tor"', "Com-puter skills", "Driver li
en
e", et
.
Fig. 4. Example of 
over letter in fren
h on left and in english on the right.4.3 Experimental proto
olWe propose to measure the similarity of a job o�er and the 
andidates. Wehave 25 job o�ers asso
iated to at least 4 
andidates. We represented textual



7information in ve
tor spa
e model [16℄, then several similarity measures are ap-plied. These measures ranks the 
andidate answers by 
omputing a similaritybetween a job o�er and their asso
iated 
andidates answers. We apply severalsimilarity measures presented in se
tion 3.2: Enertex, 
osine, Minkowski, Man-hattan, Needleman-Wuns
h, and Overlap. Finally, we use De
ision Algorithmwhi
h 
ombines the previews ones. We use the ROC Curves to evaluate thequality of obtained ranking with tagging de�ned in 4. Initially the ROC 
urvesin [17℄, 
ome from the �eld of signal pro
essing. ROC 
urves are often used inmedi
ine to evaluate the validity of diagnosti
 tests. The ROC 
urves show inX-axis the rate of false positive (in our 
ase, rate of irrelevant 
andidate answers)and in Y-axis the rate of true positive (rate of relevant 
andidate answers). Thesurfa
e under the ROC 
urve (AUC - Area Under the Curve), 
an be interpre-tated as the e�e
tiveness of a measurement of interest. The 
riterion relatingto the surfa
e under the 
urve is equivalent to the statisti
al test of Wil
oxon-Mann-Whitney [18℄. In the 
ase of 
andidate answers ranking, a perfe
t ROC
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urve 
orresponds to obtain all relevant 
andidate answers at the beginning ofthe list and all irrelevant at the end. This situation 
orresponds to AUC = 1. Thediagonal line 
orresponds to the performan
e of a random system, progress of therate of true positive being a

ompanied by an equivalent degradation of the rateof false positive. This situation 
orresponds to AUC = 0.5. The �gure 5 is anexample of a ROC Curve with in diagonal a random system distribution. If the
andidate answers are ranked by de
reasing interest (i.e. all relevant 
andidateanswers are after the irrelevant ones) then AUC = 0. An e�e
tive measurementof interest to order 
andidate answers 
onsists in obtaining an AUC the highestpossible value. This is stri
tly equivalent to minimizing the sum of the rank ofthe positive examples. The advantage of ROC 
urves 
omes from its resistan
eto imbalan
e (for example, an imbalan
e in number of positive and negative ex-amples). For ea
h job o�er, we evaluated the quality of ranking obtained by ourmethod. We 
omputed AUC averages over 25 job o�ers.



85 ResultsFirst we propose to study the stru
ture of data (job o�er and 
andidate answer).A job o�er is 
omposed by a des
ription, a title, a mission, and a pro�le. We usetwo 
ombines of a job o�er 
ontent:- 
onserving only Title, Mission, Pro�le (
alled TMP)- 
onserving all information of a job o�er (
alled DTMP)A 
andidate answer is 
omposed by a CV and a CL.
Table 2. AUC obtained with our di�erent �lteringTable 2 presents the AUC results by studying the impa
t of the CV and CLin 
andidate answers with DTMP and TMP. We use the di�erent similaritymeasures presented in 4.3 to 
ompute ranking. The best AUC is obtained withthe 
osine measure, using the CV and CL of 
andidate answers and the TMPjob o�er. The 
osine measure gives best results for all approa
hes, ex
ept by

Table 3. AUC obtained with di�erent parts of CV and CL
onsidering CL only (with DTMP and TMP), whi
h is better with the De
i-sion similarity measure. We assume that the results obtained by the De
isionAlgorithm are noisy by the poor performan
e of 
ertain measures (Overlap orNeedleman-Wuns
h). The Enertex measure has strangely very similar results forall kind of data, we work to determine the reasons of these results. We observethat using CV is more relevant that CL. These results 
on�rm our intuition,the CV is the main do
ument and 
ontains the most important information ofa 
andidature. Globally, AUC s
ores are not very relevant. We 
an explain thisfa
t by the nature of data and the quality of the human expertise. Finally, wepropose to split CV and CL in three parts to identify the parts 
ontaining rele-vant knowledge. Table 3 presents AUC of splited CV and CL. Figure 6 presentsgraphi
al results of table 3 by using best similarity measures (Cosine, Minkowski,Manhattan, Overlap, and De
ision).



9

Fig. 6. Best similarity measures 
omparison with parts of CV and CLWe obtain irrelevant s
ores with the last part of CV and CL. We 
on
ludethat the relevant knowledge to determine a 
andidate adapted to an o�er, is
ontained in the 1/3 and 2/3 of the CV and CL. A
tually, the last part of CVis generally "Hobbies" or "Other" whi
h is rarely a 
ru
ial information. In thesame way, the last part of CL is generally as "Yours faithfully", "Yours sin
erely","best regards", whi
h are irrelevant informations. We are 
urrently working a�ner segmentation for ea
h do
ument.6 Con
lusion and Future workPro
essing job information is a di�
ult task be
ause the information �ow is stillstrongly unstru
tured. In this paper we show the ranking module, the last 
om-ponent of E-Gen, a modular system to analyse the 
andidate answers. We testeddi�erent measures of similarity and di�erent segmentation of the job o�er, 
ur-ri
ulum vitae and 
over letter. Cosine similarity seems o�er the best results inthis task (probably the IR representation favours this measure), but we prefer to
ombine several measures with a more stable AD. The �rst results obtained areinteresting and we are 
onsidering best segmentation to improve performan
e.We are 
urrently testing our system by using a part-of-spee
h tagger to im-prove performan
e of prepro
essing. The �rst and se
ond module of E-Gen are
urrently in test on Aktor's server and allows a 
onsiderable saving of time inthe daily treatment of job o�ers. E-Gen is database multilingual, independentand portable, be
ause it is a modular system with e-mail in input and XMLdo
uments as output. We are also setting up a system for evaluating CV onemployment portal jobmanager6 allowing internauts to �nd the jobs o�ers that6 http://www.jobmanager.fr



10better mat
h with their pro�le. In our future work, we propose to add domainknowledge as Human Resour
es ontologies [19℄ to improve the quality of theresults.Referen
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