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Abstract: In the era of Internet, a lot of recruitments happen on online recruitment platforms.-These platforms recom-
mend jobs for applicants and meanwhile recommend resumes to corporations. However, it is"almost impossible for
the platforms to know whether the applicant has found a job. As a result, resumes are still'being recommended to
corporations even if the applicant has found a job, which leads to a waste of the platform resource as well as unsatis-
factory user experience. This paper formalizes the resume activeness:prediction problem in online recruitment sce-
narios, which aims to find highly active applicants so that the platform recommends the active ones and-discards the
inactive ones and therefore escalates user experience. Current'solutions for user activity level predication are often
restricted to certain scenarios like social networks;.and they utilize scenario-aware features. Unfortunately, these fea-
tures are not applicable in online recruitment scenarios. With a careful study of real-world recruitment data, this paper

summarizes four characteristics of online recruitment scenarios, which are hyper-dynamism, low user viscosity, bidi-
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rectional matching and the priority of recall over precision in the predication result. Based on these characteristics,
this paper proposes a model named RAP (resume activeness prediction), which carefully handles these characteris-
tics and also provides a parameter y to deal with the priority of recall. The extensive experiments on real-world data
from 58 Recruitment Website demonstrate that the AUC of RAP can achieve 0.817.

Key words: user activeness prediction; online recruitment; classification; data analysis
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Fig.1 Ratio of users that click or deliver on

different numbers of days
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Fig.3 Statistics of user activities of several sample users

in a month on 58 Recruitment website
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Table 1 Basic characteristics of 58 Recruitment data
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Table 2 Features extracted from 58 Recruitment data
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Fig.6 Relation between AUC and the number of
SGD iterations when training RAP
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Table 3 Accuracy of models using history

activeness information

A3 A I BORUAE T Y] D sl 06 BR A B 0 DR

Method AUC Precision Recall
LR 0.565 0.296 0.818
SVM 0.555 0.294 0.771
RF 0.571 0.951 0.142
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Table 4 Accuracy of models using bidirectional

matching information

A4 A IR JTDBL 1) DC fE A B 1) AR )2

Method AUC Precision Recall
LR 0.763 0.436 0.615
SVM 0.556 0.294 0.769
RF 0.538 0.628 0.096
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Fig.7 Influence of parameter y on prediction accuracy
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Table 5 Accuracy of models on activeness prediction

A5 A [IESERAE GG BR SE TN D8 (RRS

Method AUC Precision Recall
LR(Matching) 0.763 0.436 0.615
RF (History) 0.571 0.951 0.142
RAP(y=0) 0.801 0.653 0.641
RAP(y=0.1) 0.816 0.471 0.724
RAP(y=0.2) 0.817 0.438 0.741
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