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ABSTRACT

To ensure the fairness, journal reviewers use blind-review system which hides the author information of the journal. Even
though the author information is blinded, we could identify the author by looking at the field of the journal or containing words
and phrases in the text. In this paper, we collected 315 journals of 20 authors and extracted text data. Bag-of-words were
generated after preprocessing and used as an input of artificial neural network. The experiment shows the possibility of
circumventing the blind review through identifying the author of the journal. By the experiment, we demonstrate the limitation
of the current blind-review system and emphasize the necessity of robust blind-review system.
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Table 1. Fields of 20 authors used in experiment
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Author Fields

Author A Computer Security, Computer Forensics, Intrusion Detection

Author B Computer Security, Usable Security

Author C Computer Security, Networks, Systems

Author D Information Security, Cyper Physical Systems, Intrusion Detection
Author E Computer Security, Privacy, Trust

Author F Web Security, Web Browsers, Security and Privacy

Author G Access Control and Trust Management, Information Assurance

Author H Security, Privacy, Multi-Criteria Decision Making

Author 1 Wireless Network Security, Mobile Security, Mobile and Wireless networks
Author J Cloud Computing Security, Cognitive Radio Network, Network Security
Author K Security and Privacy, Databases, Formal Methods

Author L Information Security & Privacy, Cloud Computing, Usable Security and Privacy
Author M Cloud Computing Security, Cryptography

Author N Systems Security, Web Security

Author O IT-Security, IT-Sicherheit

Author P Computer Security, Online Privacy, Usable Privacy and Security
Author Q Computer Security, Cryptography

Author R Network Security, Measurement, Architecture

Author S Computer Security, Security

Author T Computer Security
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Fig. 5. Comparison between author pattern and

term frequency of paper: Thick blue line in each graph

represents the author's pattern and green line is the term frequency of an author's random paper.
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Fig. 6. Accuracy comparison for different threshold hidden layers: The x-axis shows the threshold and

Y-axis shows an accuracy of the classification.
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