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Abstract. Authorship verification has gained a lot of attention during the last
years mainly due to the focus of PAN@CLEF shared tasks. A verification method
called Impostors, based on a set of external (impostor) documents and a random
subspace ensemble, is one of the most successful approaches. Variations of this
method gained top-performing positions in recent PAN evaluation campaigns.
In this paper, we propose a modification of the Impostors method that focuses
on both appropriate selection of impostor documents and enhanced comparison
of impostor documents with the documents under investigation. Our approach
achieves competitive performance on PAN corpora, outperforming previous versions of the Impostors method.
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Introduction

Authorship verification is the task of examining whether two (or more) documents are
written by the same author [10, 11, 13]. It is a fundamental task in authorship analysis
since any authorship attribution problem can be decomposed into a series of verification
problems [9]. In comparison to closed-set attribution, the verification task is more challenging since it focuses on whether the candidate author and the text under investigation
have a similar enough style rather than what candidate author is the most similar. On
the other hand, an advantage of verification over closed-set attribution is that the performance of a verification method is affected by less factors since the candidate set size
is always singleton and the distribution of training texts over the authors is not so important. Authorship verification methods have been applied in several applications in
humanities [18, 7] and forensics [5]. Recently, a series of related PAN@CLEF shared
tasks were organized attracting multiple submissions [17, 16].
The Impostors method was introduced by Koppel & Winter [11] and so far, it is one
of the most successful approaches. Variations of this method won first places in PAN2013 and PAN-2014 shared tasks in authorship verification [14, 8]. This method uses a
set of external documents by other authors (with respect to the ones under investigation)
and builds a simple random subspace ensemble. Essentially, it attempts to transform the
verification problem from a one-class classification task to a binary classification task

since it calculates whether the texts by the candidate author or the impostors are closer
to the disputed texts.
In this paper, we propose a modified version of the Impostors method that enhances
its performance. Rather than selecting the impostor texts randomly, we propose to use
the texts with the highest min-max similarity to the texts under investigation. To use
a metaphor, in a police lineup it doesn’t make sense to draw the suspects from the
general population. Rather, all the suspects should have similar characteristics. Another
weakness of the original method is that it disregards cases where at least one impostor
text is found more similar to the disputed text in comparison to the texts of the candidate
author. To compensate, we propose to rank similarities in decreasing order and take into
account the position of the candidate author’s text. The proposed approach is evaluated
on several PAN corpora and achieves very competitive results.
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Previous Work

There are two main paradigms in authorship verification. Intrinsic methods perform
analysis only on the documents under investigation and handle the verification problem
as a one-class classification task. They are robust since they do not require external
resources and fast since they analyse a few documents [13, 6, 4]. On the other hand,
extrinsic methods analyse an additional set of external documents and transform the
verification problem to a binary classification task [11, 19, 1]. They are usually more
effective [17, 16]. From another perspective, a set of verification approaches consider
verification problems as instances of a binary classification task and attempt to train a
classifier that can distinguish between positive (same-author) and negative (differentauthor) problems [2, 12]. Such methods heavily depend on the properties of the training
corpus.
A modified version of the Impostors method, called General Impostors (GI) was introduced by Seidman [14]. Since the original method only handles pairs of documents,
GI considers the case where multiple documents by the candidate author are available
(following the guidelines of PAN shared tasks). Another modification is proposed by
Khonji & Iraqi [8]. They focus on the GI weakness of disregarding cases where at least
one impostor document is found more similar to the disputed text than the candidate
author’s text and they utilise the similarity information from those cases. However, the
absolute similarity score may significantly differ when different sets of documents are
used. Based on that, in this paper we introduce the use of the ranking information. Yet
another modification of the Impostors method is described by Gutierrez et al. [3]. They
propose an aggregate function that iterates over document pairs and applies homotopybased classification.
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The Proposed Method

The GI method accepts as input data a set of documents by the same author (known
documents) and exactly one document of disputed authorship (unknown document)
and provides a score in [0,1] indicating whether the unknown and known documents
are by the same author [14]. This score can be viewed as the probability of a positive

answer and can be transformed to a binary answer given an appropriate threshold. GI
requires a set of external documents by other authors (with respect to the ones included
in the documents under investigation). It randomly selects a subset of these external
documents to serve as impostors. Then, it builds a random subspace ensemble by selecting randomly in each repetition a subset of features and a subset of impostors and
calculates the similarity of (both known and unknown) documents with impostors [14].
The main idea is that if the known and unknown documents are by the same author,
then the known documents will outperform impostors in terms of similarity with the
unknown document.
In this paper, we propose a modification of GI (see Algorithm 1) that attempts to
improve the following points:
1. Impostor selection: Instead of selecting the impostor documents for each verification problem randomly, we propose to select the external documents with the
highest min-max similarity [11] score with respect to the known documents. That
way, we increase the probability to consider challenging impostor documents that
have at thematic or stylistic similarity with the known documents.
2. Ranking information: We only compare the impostor document with the unknown
document (rather than with both the known and unknown documents). We consider the impostor document as a direct competitor of the known document and
therefore we want to know what of these two is more similar to the unknown document. Moreover, instead of taking into account only the cases where the known
document is found more similar to the unknown document than all the impostors,
we rank (decreasingly) the similarities of both known document and the impostors
and consider the ranking position of the known document. For example, if a known
document is found to be more similar to the unknown document than all but one
impostor across all repetitions (not necessarily the same impostor each time), the
original GI method will return a score of 0 while our method will provide a score
of 0.5.
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4.1

Experiments
Setup

To evaluate the proposed approach and compare it with the original GI method and its
most important variations, we use the corpora developed at PAN evaluation campaign
on authorship verification in 2014 and 2015. These corpora include multiple verification problems in four languages (Dutch, English, Greek, and Spanish) and cover several genres (newspaper articles, essays, reviews, literary texts, etc.) Separate training
and evaluation parts are provided for each corpus. In PAN-2014, known and unknown
documents within a verification problem have thematic similarities and belong to the
same genre. On the other hand, in PAN-2015, known and unknown documents within a
problem may belong to different genres and their thematic areas may be distinct which
make the task even harder. More details about these corpora as well as evaluation results
of PAN participants are provided in [17, 16].

Data: Dknown , dunknown , Dexternal
Parameters: repetitions,|Impostorsproblem |,|Impostorsrepetition |,rate
Result: F inalScore
for each dknown ∈ Dknown do
for each impostor ∈ Dexternal do
M inM ax(impostor) = minmaxSimilarity(impostor, dknown );
end
Select Impostorsproblem ⊂ Dexternal with highest M inM ax(:);
/* Select Impostorsproblem ⊂ Dexternal randomly
Set Score(dknown ) = 0;
repeat repetitions times
Select Impostorsrepetition ⊂ Impostorsproblem randomly;
Select rate% of features randomly;
for each impostor ∈ Impostorsrepetition do
Sim(impostor) = similarity(impostor, dunknown );
/* Sim(impostor) =
similarity(impostor, dknown ) ∗ similarity(impostor, dunknown )
end
Simknown = similarity(dknown , dunknown );
/* Simknown = similarity(dknown , dunknown )2
Rank S = Sim(:) ∪ Simknown in decreasing order;
pos = position of Simknown in S;
Score(dknown ) = Score(dknown ) + 1/(repetitions ∗ pos);
/* if Simknown > max(Sim(:)) then
Score(dknown ) = Score(dknown ) + 1/repetitions;
end

*/

*/

*/

*/
end;
F inalScore = aggregate(Score(:));
end

Algorithm 1: The proposed method. Changes with respect to the original GI are
shown in blue. Original GI is shown in comments.

The GI method and the proposed variation have several parameters that need to be
set. Previous studies attempted to fine-tune these parameters separately [14, 8]. To simplify this process, we focus on fine-tuning parameter a = |Impostorsproblem | and then
use repetitions = a/5 and |Impostorsrepetition | = a/10. Moreover, we use character
5-grams as features, a fix rate = 0.5 and the min-max similarity function. The aggregate
function is selected among min, max, and average for each training corpus separately.
Most of the times, average is selected [14]. Since GI is a stochastic algorithm, each
experiment is repeated five times and we report average Area Under the ROC curve
(AUROC) measures as used at PAN-2014 and PAN-2015 evaluation campaigns. The
set of external documents (Dexternal ) is constructed for each corpus separately. We
submit queries in Bing search engine using significant (with highest tf-idf ) words from
the set of known documents of the training corpus and download the first results. More
than 1,000 documents per corpus were downloaded and html tags were stripped off. No
further pre-processing is performed.
4.2

Results

For each one of the PAN-2014 and PAN-2015 authorship verification corpora, we report the performance of our implementation of the original GI method and the proposed
variation. To study the contribution of each proposed change described in Section 3 separately, we also report performances of taking into account only the impostor selection
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PAN14-SP

PAN14-GR
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Khonji & Iraqi (2014)
Gutierrez et al. (2015)
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Table 1. AUROC results of the proposed approach and other variations of the Impostors method.

0.592
0.667
0.662
0.595
0.709

0.739
0.803
0.765
0.786
0.798

0.802
0.656
0.811
0.742
0.844

0.755
0.785
0.825
0.802
0.851

0.913 0.736 0.590 0.750 0.889 0.898
0.947
0.970
0.901
0.976

0.660
0.704
0.698
0.685

0.618
0.565
0.655
0.762

0.649
0.738
0.634
0.767

0.772
0.520
0.860
0.929

0.604
0.540
0.772
0.878

change (Proposed-1) and only the ranking information change (Proposed-2). Additionally, we include the performance of other variations of the Impostors method as described by Khonji & Iraqi [8] and Gutierrez, et al. [3]. The AUROC evaluation results
are presented in Table 1. As can be seen, the proposed approach outperforms in all but
one case (PAN15-EN) the original GI method, in most of the cases by a large margin.
The proposed method is also very competitive with respect to Khonji & Iraqi [8], the
overall winner of PAN-2014. There is a mixed picture as concerns the contribution of
the impostor selection change and the ranking information change and it is not clear
which one of them is most important. However, their combination (proposed-full) is
better than each one of them in all but one case (PAN14-DR).

5

Conclusion

Two main changes of the Impostors method are proposed in this paper. The first change
makes the selection of impostor documents per verification problem a deterministic
procedure ensuring that impostors will have similar characteristics with the candidate
author’s texts. The second change attempts to enrich the information that is kept in
each repetition of the random subspace ensemble. Experiments in several authorship
verification corpora demonstrate that the combination of these changes significantly
enhance the performance and the proposed approach is competitive, if not better, than
another variation of GI that won the first place in PAN-2014 evaluation campaign [8].
The presented results further attest the effectiveness of the Impostors method and future
work can more thoroughly examine the use of alternative text representation schemes
and the profile-based paradigm [15].
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