

















6.5 ROBUSTNESS TO LIMITED DATA
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Figure 6.10: The effect of document representation and Machine learning algorithm on per-
formance in data size experiments in 8-way ABC_NL1. Data size is interpreted as in EXP1.

In this section, we discussed two crucial external factors that affect performance in author-
ship attribution: document representation and learning algorithm. More specifically, when
applied to short text attribution, the various document representation approaches (instance-
based or profile-based) and Machine Learning algorithm (eager SvMs or lazy MBL) show
different behavior. Our comparison of the different approaches has shown that instance-
based+MBL — our baseline — is often the worst performing combination. Applying a profile-
based approach (combined with MBL for classification) increases performance substantially,
but not to the extent that it outperforms svMs. svMms are currently the method of choice in
authorship attribution research, and our results indicate that they are able to deal with short
text data better than MBL is able to. MBL shows some robustness to sparse data in lexical
and syntactic features, but the differences are too small and inconsistent to claim superiority
to svms.
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6.6 Conclusions

Most studies in authorship attribution are able to reliable identify the author of a text while
relying on large amounts of training data per candidate author. However, when applying au-
thorship attribution on a large scale, often only limited data per candidate author is available.
This situation requires an approach that scales towards these smaller sets of textual data. In
this chapter, we investigated the scalability of our text categorization approach to authorship
attribution in terms of data size. We systematically decreased the number of text samples
used for training and presented results in learning curves. We also investigated two types of
document representation approaches and two types of learning algorithms for robustness to
limited data. The following research questions were addressed in this chapter:

Q1 How scalable is the text categorization approach towards smaller sets of textual data?
Do we find robustness of specific feature types?

Q2 What is the effect of document representation on the ability of the approach to deal with
(extremely) limited data? Is the profile-based approach more robust to limited data
than the instance-based approach?

Q3 What is the effect of the Machine Learning algorithm on the ability of the approach to deal
with (extremely) sparse data? How do MBL and SVMs compare in terms of robustness
to sparse data?

We implemented two interpretations of ‘data size’. In a first set of experiments (ExP1), data
size was interpreted as the number of variable-length text samples per topic and author used
for training. This set-up ensures an equal distribution of instances over authorship classes.
In a second set of experiments (ExP2), data size was interpreted as the number of fixed-
length training samples per author. In this set-up, the original distribution of instances over
classes is preserved over the data size experiments. In both sets of experiments, we are
dealing with short text samples that approximate the length of an e-mail.

The learning curves presented in EXP1 show a dramatic decrease in performance as data
size is reduced to 10% of the data available per candidate author. Overall, character n-
grams dominate the other feature types in terms of performance with reducing data size.
In a few cases, with only a single sample per topic used for training, lexical and syntactic
features outperform character n-grams. In EXP2, where the distribution of instances over
classes shows substantial variation, the results exhibit very little consistency. Again, charac-
ter n-grams show the highest degree of robustness to limited data. We performed analyses
of the precision results per authorship class in in order to evaluate whether an authorship
class represented by more data than other classes also leads to higher performance. The
results show that, apart from the size of the authorial set, other internal factors play a role.
The fact that some classes score better than others, although they are represented by fewer
instances, indicates a role for the inherent complexity of a task, given a data set. The im-
portance of some of these inherent factors — such as inter-topic and intra-topic variation (cf.
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Chapter 4) — can be estimated, but the field has not seen a lot of effort invested in estimating
the ‘strength’ of an authorial set.

Performance is also affected by a number of external factors, such as the document repre-
sentation and the Machine Learning algorithm used for classification. We have shown that
the profile-based document representation leads to higher performance than the instance-
based approach (both with MBL as a learner). In terms of learning algorithm, eager learner
SVM shows more robustness to sparse data than lazy learner MBL. There is no real difference
in performance when combining SVMs with instance-based or profile-based document rep-
resentation. Our results confirm the observation that SvMs are good at dealing with sparse
data. When combined with lexical or syntactic features, lazy learner MBL shows some degree
of robustness to sparse data, but not to the extent that we can claim superiority.

We can conclude from this chapter that the text categorization approach shows little reliabil-
ity when dealing with limited data. The fact that performance is difficult to predict and that
the approach scores low, has important consequences. When applied to authorship attribu-
tion ‘in the wild’, a situation with a lot of text samples available for some authors and only
limited data for others, performance will be unpredictable. Our text categorization approach
to authorship attribution is not scalable when confronted with limited data.
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Chapter 7

Conclusions and Further Research

Even though the last decades of research — from both Digital Humanities and Computational
Linguistics perspectives — have brought substantial innovation to the field of authorship attri-
bution, most studies only scratch the surface of the task. The field is dominated by studies
performing authorship attribution on small sets of candidate authors supported by large sets
of training data and a set of topic-neutral features (often function words). As a result, it is
uncertain how the proposed approaches will perform when confronted with different types of
data. In addition, the often vague descriptions of experimental design and the underuse of
objective evaluation criteria and of benchmark data sets, cause problems for the replicability
and evaluation of reliability of some studies. As far as interpretability of features is con-
cerned, most studies either restrict their analysis to function words or focus on quantitative
evaluation of results.

This dissertation addressed these issues in a systematic study of the scalability of a text
categorization approach to authorship attribution. We studied the behavior of the approach
when confronted with multi-topic data, large author set sizes, and limited training data. Our
goal was to identify robust and scalable features and feature types, and to determine whether
the approach is viable for application on a large scale. The approach was tested on three
evaluation data sets that exhibit distinct characteristics in terms of the number of topics,
author set size, and data size.

The dissertation was set up as follows. In Chapter 2, we described the state of the art in
authorship attribution and introduced the most widespread discriminative methods, feature
types, and feature selection methods in authorship attribution research. Chapter 3 introduced
our text categorization approach and described the background and structure of the three
evaluation data sets. Chapters 4 to 6 studied the behavior of our approach when confronted
with scalability issues, both in isolation and in interaction with other factors.

In this concluding chapter, we discuss the most important insights obtained from our study
and indicate how these insights contribute to our understanding of the approach and to estab-
lishing benchmark approaches for authorship attribution (Section 7.1). Finally, we formulate
limitations of this dissertation and describe perspectives for further research (Section 7.2).
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7.1 Conclusions

In this dissertation, we stress-tested a text categorization approach to authorship attribution
in order to investigate its scalability. Application of authorship attribution on a large scale,
for instance in social networks, requires an approach that performs consistently under var-
ious uncontrolled settings. These settings can be variations in topic, genre, the number of
candidate authors (the author set size), and the amount of data available per author (the
data size). A scalable approach performs reliably and above baseline, irrespective of these
variations.

Although each of these variations has a substantial influence on performance and on the
individual features selected to form the attribution model, most contemporary studies in au-
thorship attribution ignore the issue of scalability. Scalability has only recently emerged as a
research topic in authorship attribution. The studies that do focus on the effect of author set
size and data size often use relatively longer texts than we did in this dissertation. The short
texts used in our study are a challenge and require a reliable and robust representation of
those texts as well as a discriminative approach that is able to deal with sparse data.

We attempted to join the strengths of Digital Humanities and Computational Linguistics stud-
ies by combining a systematic approach and focus on performance with a thorough eval-
uation of features and their viability for the task. The main objectives in this dissertation
were three-fold. First of all, we provided an account of the scalability of the discriminative
approach and of a variety of feature types. While doing that, we focused on thorough exper-
imental design and used freely available evaluation data sets in order to ensure replicability.
A final objective was to provide an in-depth feature analysis to allow for interpretability of the
results.

Our approach was stress-tested by confronting it with multi-topic data, substantially larger
author set sizes than we usually find in the field, and considerably smaller sets of training
data than typically used. Our analysis of the behavior of the approach when challenged with
data similar to data found online, allows us to evaluate its scalability. Essentially, this study is
a showcase for the complexity of an authorship attribution task given a data set. Below, we
go into detail on each of the scalability issues and the insights resulting from our study. We
conclude by evaluating the scalability of the text categorization approach as we implemented
it in this dissertation.

7.1.1 Experimental Design in Multi-Topic Data

Multi-topic authorship attribution requires careful experimental design in order to keep topic
out of the attribution model. Including topic-specific words in the attribution model can either
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aid classification, affect performance in a negative way, or confuse the discriminative method.
This results in a model unreliable when tested on other topics, in other words, a model that
fails to scale. However, topic is a difficult factor to ‘separate’ from authorship since both are
intertwined to a large extent. The field of authorship attribution clearly struggles with topic.

A commonly applied solution to avoiding topic influence in the attribution model, is the re-
striction to using only function words, as these are considered insensitive to topic shifts.
Although function words are robust to limited data and provide good indicators of authorship,
we see at least two reasons to consider the integration of content words. First of all, it has
been shown that stylistic features work well for topic identification, and that hardly any of the
so-called topic-neutral features are in fact topic-neutral. Secondly, a lot of useful predictive
information is disregarded by excluding content words without consideration.

In Chapter 4, we investigated the effect of various feature selection methods and cross-
validation schemes on the scalability of the resulting model. Our aim was to integrate content
words into the model, without including topic-specific words, as these affect scalability.

First, we focused on feature selection and evaluated techniques to include topic-neutral con-
tent words into the model. We implemented a number of commonly applied methods and
compared their ability to scale towards the test set. We did that by tracking unique identifiers
of an authorship label between the train and test data. We showed that information gain
(1G) scores low accuracy, but does not introduce any scalability issues. Chi-squared (x2), in
contrast, performs better, but potentially leads to a lot of scalability problems. However, the
absence of scalability issues does not imply a model that is scalable towards other topics.
We provided an in-depth analysis of the different types of features influencing scalability and
found that combining x? with a topic frequency threshold — although an aggressive feature
selection method — allows us to exclude topic-specific words without sacrificing scalability.

A second factor was the choice of cross-validation (Cv) scheme. We compared the effect of
applying stratified cv against that of applying held-out-topic cross-validation. A third scheme,
the single-topic scheme, redefines a multi-topic task as a set of single-topic tasks, hereby
disregarding the multi-topic nature of the task at hand. In terms of performance, the single-
topic scheme was overall the best performing scheme, whereas held-out topic proved to
be the most challenging one. While these schemes are impractical to apply in large-scale
authorship attribution, because they require topic information, they allow for unique insight
into the challenge of working with multi-topic data. We observed a large amount of variation
between the various topics in an authorial set (cf. intra-topic variation) as well as between
the topics over the different authors (cf. inter-topic variation). Because of the substantial
variation, it is not straightforward to evaluate the scalability of our approach. In fact, the
approach behaves unpredictably when a held-out topic scheme is adapted, implying it is not
stable enough to apply on a large scale.
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From our study in Chapter 4, we can conclude that small decisions in experimental design
indeed have a large effect on performance and on the scalability of the model. Combining
the stratified cv scheme with chi-squared with topic frequency threshold was shown to be
the best technique to allow for content words in the attribution model without sacrificing
scalability.

7.1.2 Author Set Size

In Chapter 5, we investigated the effect of author set size on performance and on the scala-
bility of the attribution model. Since most studies in authorship attribution focus on small sets
of candidate authors, it is impossible to assess the viability of the approaches when applied
to larger author set sizes. By systematically increasing the number of candidate authors, we
can zoom in on performance and on the (types of) features performing well. Since we wanted
to investigate the interaction between author set size and data size as well, we reported on
two sets of experiments: one with the original data sets, and a second one where the data
size was balanced over the three data sets.

Both sets of experiments indicated a substantial decrease in performance with increasing
author set size. Character n-grams and lexical features showed more robustness to the
effect of author set size than other feature types. However, there are variations in the results
of the first experiment that are not caused by author set size, but could be accounted for
by differences in training data size or an unbalanced distribution of topics. In a second
set of experiments, we limited the training data to the same amount for the three data sets
and ensured topic balance. However, we observed the same variations after applying this
balanced set-up. This suggests that data size and topic (variation) are important factors, but
that there is another important factor affecting performance. The inherent complexity of a
task given a data set, joins a group of factors that relate to the strength of an authorial set.
How all of these factors interact with each other, is not clear.

Because performance is consistent with increasing author set size, we can simulate the point
of view of studies that are limited to experiments using a small set of candidate authors and
report on good classification results. We forecasted performance in authorship attribution
with a large author set size by calculating a decay function from results of two-way to five-way
authorship attribution and projecting it on larger author set sizes. This analysis has shown
that actual performance is substantially lower than predicted performance, implying our text
categorization approach is not scalable towards larger author set sizes. Nevertheless, it can
be applied reliably to cases with limited sets of candidate authors.

As far as scalability of features and feature types is concerned, we see that character n-
grams and lexical features scale towards larger author set sizes. The individual features,
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however, are tailored to the data set in such a way that they fail to scale to other author pairs
or larger sets of candidate authors. We can conclude from this study that our approach is
not reliable and stable enough to apply it on cases entailing large author set sizes. In order
to thoroughly evaluate the scalability of an approach, error analysis is essential.

7.1.3 Data Size

A third scalability issue is training data size. Reducing the amount of data used for train-
ing, allows us to evaluate the behavior of our approach when confronted with limited data.
Another aim was to identify robust and scalable feature types, and to explore robustness to
data size in terms of document representation and Machine Learning algorithm. We ran two
types of experiments, following two interpretations of ‘data size’.

In a first set of experiments, we ensured an equal distribution of instances over classes so
that none of the classes would be at an advantage in that respect. The results showed a
significant decrease in accuracy as data size was reduced. Although data size is one of
the main factors explaining these variations, it is clearly not the only one. For that reason,
we did a second set of experiments, where we interpreted data size in such a way that
the original distribution of instances over classes is kept intact over the different data size
experiments. The short text samples used for training are an approximation of the length
of an e-mail. Adopting that interpretation of data size leads to uncontrolled fluctuations in
performance, implying that the approach is not able to reliably deal with these imbalances
when only limited data is available.

Apart from data size and the distribution of instances over classes, the inherent complexity of
a task given a data set is an important factor explaining fluctuations in the results. However,
the complexity is difficult to measure since no techniques exist to quantify the strength of an
authorial set. We can investigate robustness to the effect of data size of a number of external
factors, such as the document representation approach and the Machine Learning algorithm.
Since profile-based approaches are less sensitive to fluctuations in the data than instance-
based approaches, they could be more robust to data size. Eager learners such as svMs
have been suggested as robust to sparse data, whereas the organization of a lazy learner
such as MBL suggests that it does not abstract away from exceptions in the data and could
deal with sparse data in a reliable way. Applying a profile-based approach, in combination
with MBL, does not improve over SVM performance. SVMs are currently the algorithm of
choice in the field. Our study has confirmed that SvMs outperform MBL. The results did not
show superiority of profile-based over instance-based approaches.

In our study of the effect of data size, we have shown that the amount of data used for training
has a large effect on performance. We see a downward trend, but character n-grams and

127



Conclusions and Further Research

lexical features show more robustness to that effect than the other feature types we tested.
Our text categorization is not reliable when confronted with limited data. It is clear that data
size is one of the most important challenges of large-scale authorship attribution.

7.1.4 Scalability of a Text Categorization Approach to Authorship Attribution

In this dissertation, we studied the behavior of our text categorization approach to authorship
attribution when confronted with multi-topic data with larger author set sizes than usual or
data sizes smaller than typical in the field. In cases where the data entails a limited set of
candidate authors, (to some extent) controlled distribution of topics over authors, and ample
training data, the approach is reliable. However, our approach is not scalable to large-scale
applications of authorship attribution, for a number of reasons. First of all, its performance
cannot be predicted or forecasted since it is sensitive to variations in author set size and data
size, and to author or topic imbalances. In fact, all studies that claim reliability of an approach
may be overestimating. Secondly, it does not score high enough in controlled experiments
to allow for reliable performance on a large scale. A last reason is the fact that the features
resulting from its application cause the model to overfit the training data in all cases, hence
making it unfit to use on a large scale.

Since our approach is a combination of many small decisions in experimental design, it is
important to disentangle the various components of the approach and their impact on the
failure of the approach to scale. In short, we perform supervised multi-class classification
and take an instance-based approach to document representation. We extracted various
feature types and experimented with Memory-Based Learning for classification.

In this dissertation, experiments have shown that taking a profile-based instead of an instan-
ce-based approach does affect performance in a positive way, but that the downward trend in
performance remains the same. Using eager learner svMs instead of a lazy learner results
in better performance, but does not improve the scalability of the approach. Considering the
complexity of the task and the many interacting factors, using a different ML algorithm may
affect performance, but the trends will remain the same.

If we were to consider how humans identify the author of a text, we could say that they do
not perform multi-class classification. In fact, they would more likely contrast each potential
author with each author in their memory, a situation we would refer to as binary classification.
This works for closed cases, for instance when the task is to decide who is the author of an
essay within a group of students. In other cases, humans would construct a model of an
author’s writing style without contrasting it with a group of others, a situation we refer to as
one-class learning for authorship verification. It is likely that most people have a notion of
Shakespeare’s writing style, without having contrasted it to a set of contemporary playwrights
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or to all potential authors. Authorship verification is actually the real task of which authorship
attribution is a simplification. In the next section (cf. Section 7.2), we will elaborate on this.

In addition, humans do not necessarily need authorship labels to learn a model of writing
style, implying they do not perform supervised classification. In most cases, they will know
the author of some of the texts in their model, but be unaware of the authors of other texts.
In the field, we would refer to this as semi-supervised classification. They are also likely to
combine models of genre with (semi-supervised) models of authorship. So far, computers
are unable to compete with their world knowledge.

As far as features are concerned, we used feature types of a specific class, without com-
bining it with different feature types. Although this is common practice in the field — often, a
single feature type is chosen for an entire study — humans use all the information they find
useful in the text and combine it into a model of authorship. Providing a heterogeneous set
of features would allow for more reliable computational authorship attribution, but the overall
trends will remain the same.

7.2 Further Research

Our ideas for further research are inspired by the limitations of our current study and by the
observations made above. First of all, authorship verification is a more realistic interpretation
of the task since it approximates better what humans do than authorship attribution as we im-
plemented it. One-class learning overcomes the issue of providing representative ‘negative’
instances of authorship and effectively deals with imbalanced data (Raskutti & Kowalczyk,
2004), but the absence of negative instances does entail a loss of performance (Manevitz
& Yousef, 2001). Essentially, the task is to define a boundary around the target class that
leaves out the outliers.

One-class learning, in most cases with SVMs as a learning algorithm (Manevitz & Yousef,
2001; Scholkopf et al., 2001; Tax, 2001), has been applied to categorization tasks such as
topic detection (e.g. Manevitz & Yousef, 2001) and fraud detection (e.g. Fawcett & Provost,
1999). The Koppel & Schler (2004) study was among the first to test one-class learning
for authorship verification and provide an alternative that takes into account the negative
information available. The unmasking approach is a meta-learning approach to authorship
verification where the central idea is to build a classifier per candidate author that compares
an unseen text with the training data for that author. Iteratively removing predictive features
from each classifier shows a larger drop with the correct author than with the other authors.
The underlying idea is that train and test samples by the same author will show similar
characteristics, even when various (sizes of) feature sets are used (over several iterations).
Unmasking scores an overall accuracy of 95.7% (Koppel et al., 2007). The technique has
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been picked up in Sanderson & Guenter (2006), where it was shown that unmasking is less
useful when applied to short texts than when applied to long texts. Still, it is an interesting al-
ternative to one-class learning that scores significantly better and makes use of the negative
examples of an author’s writing style. It is clear that investing research effort into approaches
— one-class learning as well as unmasking — to authorship verification will provide the field
with a more intuitive and reliable solution than supervised authorship attribution does.

Providing a set of heterogeneous features is a second essential step in investigating the
behavior of an approach when confronted with scalability issues. Several studies have shown
that combining features of several types has a positive impact on performance (Gamon,
2004; Grieve, 2007; Luyckx & Daelemans, 2008a). Providing a more heterogeneous feature
set — by using lexical as well as syntactic features, for instance — gives a less restricted
representation of the authorial set. We expect performance to increase, but trends to remain
intact.

This dissertation has only shown the tip of the iceberg in terms of scalability issues. Our
analyses of the effects of topic, author set size, and data size show only a fraction of the
issues to be dealt with in large-scale applications of authorship attribution. Expanding the
stress-test to even larger sets of topics, genres, author set sizes is an evident perspective
for further research. An issue unexplored so far is the effect of class imbalance. Our study
included short text fragments and a class balance. In authorship attribution in the wild, there
will be large as well as small authorial sets, a situation that requires a stable approach that
deals with this class imbalance.

In this dissertation, we explored the various interacting factors, both internal and external,
that affect performance and scalability. As a future research goal, we want to gain insight into
the inherent complexity of the task. As we have indicated, no techniques exist to evaluate the
strength of an authorial set. Yet it is likely that some authors exhibit a more distinct writing
style than others, for reasons of maturity or interest. It is clear that authorship attribution is
not a linear problem. More data does not necessarily lead to higher performance. Similarly,
having multi-topic data does not always lead to better scores since too much or too little
variation can confuse the learner.

This dissertation demonstrated the complexity of the authorship attribution task as well as
the challenges of large-scale application. In both aspects, the field has only seen the tip
of the iceberg and would benefit from more transparency in terms of experimental design,
performance, and features.
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Appendix A

Features Below the Topic Frequency Threshold

This Appendix contains the list of LEX1 features processed with chi-squared (x?) that were
removed when applying the topic frequency threshold (x2+TOPICF) because they did not
occur in more than one topic. Most of them are proper nouns, topic markers, and typos.

In ABC_NL1, the following features were removed by applying the topic frequency threshold:

‘Adriana’, ‘agenten’, ‘agressie’, ‘alchemisten’, ‘Alex’, ‘anatoompatholoog’, ‘Anita’, ‘Anneke’,
‘artiesten’, ‘avondje’, ‘baby’, ‘Baldini’, ‘basketbal’, ‘Beckman’, ‘behandschoende’, ‘beleid’,
‘beschaving’, ‘besturen’, ‘bewakers’, ‘bewoners’, ‘Bianca’, ‘bisschop’, ‘bloesje’, ‘bode’, ‘bos-
pad’, ‘boze’, ‘Brigitte’, ‘bril’, ‘Brussel’, ‘buik’, ‘buurvrouw’, ‘Casper’, ‘club’, ‘comissaris’, ‘com-
merciele’, ‘conducteur’, ‘conflict’, ‘cyclus’, ‘Delft’, ‘des’, ‘Emmy’, ‘Ernst-Jan’, ‘EU’, ‘Europa-
een’, ‘Europarlementariers’, ‘fabrikant’, ‘fabrikanten’, fin’, ‘gebaat’, ‘gemene’, ‘gevierd’, ‘goals’
‘graaf’, ‘Grasse’, ‘Grenouille’, ‘grietje’, ‘grootmoeder’, ‘helm’, ‘Henk’, ‘heroine’, "ho-mo’s”,
‘hoofdpersoon’, ‘huisje’, ‘Hustinx’, ‘idool’, ‘lerland’, ‘inspraak’, ‘Jacques’, ‘jager’, ‘jatte’, ‘Je-
fimytsj’, ‘jongeling’, jonkheer’, jonkvrouw’, ‘jonkvrouwe’, ‘Jurian’, ‘kampen’, ‘kandidaat’, ‘Kap-
pie’, ‘kasteel’, ‘Kerstfeest’, ‘Kerstverhaal’, ‘kinder’, ‘kinderboek’, ‘kindje’, kitsch’, ‘Klaas’, ‘klan-
ten’, ‘kloostertuin’, ‘koekjes’, ‘koeltjes’, ‘konijnen’, ‘konijntje’, ‘Kooten’, ‘krokodil’, ‘Kuijper’,
‘Lettica’, ‘Lisa’, ‘Lisette’, ‘Maarten’, ‘madame’, ‘Mariken’, ‘Merel’, ‘millenium’, ‘millenniumwis-
seling’, ‘mogelijkheden’, ‘Mona’, ‘monnik’, ‘moorden’, ‘moreel’, ‘Mourik’, ‘Muskulan’, ‘neef’,
‘noem’, ‘ns’, ‘onoverwinnelijk’, ‘ontroerend’, ‘cordeels’, ‘paard’, ‘parfumeur’, ‘pestte’, ‘Peter’,
‘poetsvrouw’, ‘popmuziek’, ‘prijzen’, ‘professor’, ‘Pruysen’, ‘Pullaert’, ‘Quintiabella’, ‘rage’,
‘Richard’, ‘ridder’, ‘ridders’, ‘Rob’, ‘Robin’, ‘roker’, ‘Roodcapje’, ‘Roodkapje’, ‘schrijft’, ‘sci-
ecle’, ‘scooter’, ‘Sebastiaan’, ‘sekten’, ‘Sesamstraat’, ‘Simon’, ‘Sjoerd’, ‘slag-veld’, ‘snol’,
‘snor’, ‘sportieve’, ‘staten’, ‘stenen’, ‘ster’, ‘stoffen’, ‘stopte’, ‘strijdperk’, ‘Suze’, ‘Sydney’,
‘Tara’, ‘tas’, ‘team’, ‘tekeningen’, ‘thema’, ‘Tienhuizen’, ‘Tjenkov’, ‘toernooi’, ‘touw’, ‘Tsje-
chov’, ‘twenty’, ‘ultra-sonique-clean’, ‘valuta’, ‘Veldkamp’, ‘Veldkamps’, ‘vergaan’, ‘versla-
vende’, ‘verzorgingshuis’, ‘viool’, ‘vliegveld’, ‘vogel’, ‘volleybal’, ‘voorbereiden’, ‘w., ‘wapen’,
‘wedstrijdkarakter’, ‘weduwe’, ‘weiland’, ‘wetgeving’, ‘Wijnand’, ‘Wijnands’, ‘wolf’, ‘Worst’,
‘wortelen’, ‘wraak’, ‘zuster’, ‘zwaardmeester’
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In AAAC_A, the following features were removed by applying the topic frequency threshold:

r, 1, 1165, 1880, ‘1960’, ‘529’, ‘a9’, ‘advances’, ‘adventure’, ‘airport’, ‘allegiance’, ‘ambi-
tious’, ‘anthem’, ‘assignment’, ‘benefited’, ‘book’, ‘branch’, ‘Bush’, ‘callings’, ‘careful’, ‘clout-
man’, ‘club’, ‘collected’, ‘compromised’, ‘Cong’, ‘constitutional’, ‘continents’, ‘criticize’, ‘crossed’,
‘crow’, ‘customers’, ‘cyberspace’, ‘decades’, ‘degrees’, ‘denying’, ‘describes’, ‘detector’, ‘dif-
ficulties’, ‘discoveries’, ‘domestic’, ‘duties’, ‘economics’, ‘effort’, ‘elements’, ‘employed’, ‘en-
hances’, ‘enjoyment’, ‘essay’, ‘executive’, ‘expansion’, ‘explains’, ‘exploration’, ‘FAA’, ‘far-
ther’, ‘Fitzgerald’, ‘frontier’, ‘frontiers’, ‘frontiersman’, ‘global’, ‘grandfathers’, ‘granite’, ‘guide’,
‘heads’, ‘hobbies’, ‘Hofstader’, ‘Hofstadter’, ‘horizons’, ‘inward’, ‘issued’, ‘Japanese-Americans’,
Jim’, Jr., ‘Katie’, ‘Kevin’, ‘king’, ‘leader’, ‘liberties’, ‘lifeline’, ‘Lincoln’, ‘livelihood’, ‘lucky’,
‘market’, ‘measures’, ‘message’, ‘metal’, ‘non-citizens’, ‘orders’, ‘outer’, ‘percent’, ‘person-
ally’, ‘plan’, ‘pledge’, ‘privacy’, ‘production’, ‘protect’, ‘puts’, ‘residents’, ‘retaliation’, ‘revision’,
‘rewards’, ‘Richard’, ‘ring’, ‘sea’, ‘seriously’, ‘sit’, ‘strike’, ‘stripped’, ‘subjects’, ‘tax’, ‘tech-
nological’, ‘terroristic’, ‘thesis’, ‘threat’, ‘trial’, “Turner’, “Turners’, ‘unity’, ‘unknown’, ‘unwill-
ingly’, ‘viewed’, ‘violated’, ‘watermark’, ‘weapons’, ‘western’, ‘wild’, ‘willingly’, ‘win’, ‘workers’,
‘would-be’
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Appendix B

Performance with Topic Frequency Threshold

This Appendix shows performance after applying the topic frequency threshold (+TOPICF)
to feature selection methods information gain (1G) and chi-squared (x?2), both with (IG4-TF
and x2+EXPTF) and without (1G and x?2) frequency threshold.

In ABC_NLT:

Feature type IG IG+TF IG+TOPICF‘ X2  X?+EXPTF  x2+TOPICF

cwd 1250 16.25 26.25 37.50 13.75 26.25
fwd 20.00 20.00 17.50 20.00 21.25 20.00
chri 36.25 36.25 36.25 36.25 36.25 36.25
chr2 11.25 32.50 26.25 33.75 33.75 32.50
chr3 6.25 37.50 18.75 43.75 43.75 43.75
lex1 1250 28.75 25.00 35.00 35.00 41.25
lex2 125 25.00 30.00 30.00 30.00 23.75
lex3 1250 18.75 22.50 30.00 30.00 32.50
lem1 1250 28.75 20.00 46.25 46.25 31.25
lem2 1256 17.50 33.75 25.00 25.00 25.00
lem3 12.50 20.00 27.50 28.75 28.75 36.25
pos1 21.25 21.25 21.25 21.25 21.25 21.25
pos2 11.25 30.00 17.50 36.25 36.25 38.75
pos3 12.50 20.00 31.25 16.25 16.25 17.50
lexpos1 1250 26.25 26.25 37.50 37.50 36.25
lexpos2 1250 21.25 28.75 37.50 37.50 21.25
lexpos3 11.25 20.00 22.50 28.75 28.75 36.25
Average 1259 24.41 25.00 ‘ 31.65 23.41 30.24

Table B.1: Comparison of performance before and after applying the frequency and topic
frequency thresholds to x? and IG in ABC_NL1 with eight candidate authors and nine topics
(baseline: 12.50%).
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Appendix B. Performance with Topic Frequency Threshold

In AAAC_A:

Feature type IG IG+TF  1IG+TOPICF | x%2  X2+EXPTF x%+TOPICF

cwd 6.92 23.85 14.62 31.54 15.38 20.77
fwd 22.31 27.69 24.62 22.31 25.38 22.31
chri 23.85 23.85 23.85 23.85 23.85 23.85
chr2 18.46 47.69 46.92 38.46 34.62 49.23
chr3 1.54 46.15 13.08 44.62 20.00 46.15
lex1 7.69 34.62 13.08 43.08 28.46 43.08
lex2 7.69 23.85 17.69 30.77 18.46 22.31
lex3 0.77 26.92 16.92 36.92 16.92 26.92
lem1 3.08 29.23 14.62 43.85 28.46 46.15
lem2 7.69 22.31 18.46 33.85 14.62 26.15
lem3 0.77 17.69 16.15 33.08 14.62 23.85
pos1 21.54 21.54 21.54 21.54 20.00 21.54
pos2 17.69 23.08 20.00 28.46 20.00 29.23
pos3 7.69 15.38 13.08 19.23 12.31 16.92
lexpos1 6.92 35.38 16.15 33.08 32.31 31.54
lexpos2 7.69 22.31 13.85 30.00 23.08 22.31
lexpos3 0.77 23.08 16.15 36.15 9.23 27.69
Average 8.94 26.82 18.41 ‘ 31.94 20.65 28.94

Table B.2: Comparison of performance before and after applying the frequency and topic
frequency thresholds to x? and 1G in AAAC_A with thirteen candidate authors and four topics
(baseline: 7.69%).
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Appendix C

The Effect of Author Set Size: Machine Learner

Comparison

This Appendix compares performance of five types of Machine Learning algorithms: Memory-
Based Learning (MBL) as implemented in TIMBL (Daelemans & van den Bosch, 2005), Rule
Induction as implemented in Ripper (Cohen, 1995), Support Vector Machines (SVMs) as im-
plemented in sMO (Platt, 1998), Naive Bayes (NB) (John & Langley, 1995), and Decision
Trees (DT) as implemented in C4.5 (Quinlan, 1993) with increasing author set size. We use

a set-up as in EXP2, where we balance the data size and topics of the training data.

PERSONAE \ AAAC_A \ ABC_NL1
2 5 145 | 2 5 13 | 2 5 8
MBL 7850 66.16 510 |88.14 7370 51.76 | 7444 51.56 41.11
RIPPER 66.30 31.04 290 | 68.28 4350 27.45|76.22 47.11 44.44
CHR3 svMs  93.90 8232 11.31 97.81 90.20 71.76 94.89 79.20 68.89
NB 93.10 79.04 7.72 | 96.00 8260 56.47 | 93.17 72.89 61.67
DT 66.30 31.04 290 | 68.26 4350 27.45|76.22 47.11 44.44
MBL  71.80 3544 648 | 7405 4430 32.16 | 66.67 33.29 28.06
RIPPER 62.00 36.64 221 |70.71 4230 2510 | 72.39 41.20 27.50
LEx1 svMs  83.10 6592 1572 9045 7220 64.71 84.00 69.02 63.89
NB 77.70 58.36 8.83 | 84.00 6230 56.47 | 79.56 61.29 54.17
DT 62.00 36.64 221 |70.71 4230 2510 | 72.39 41.20 27.50
BASELINE ~ 50.00 20.00 0.69 | 50.00 20.00 7.69 |50.00 20.00 12.50

Table C.1: Comparing Machine Learners’ performance with increasing author set size using
CHR3 and LEX1 in a data size and topic balanced set-up.
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Appendix D
The Effect of Author Set Size in the Original Data Sets

This Appendix shows how increasing the author set size affects performance in the original
data sets as implemented for EXP1.
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Appendix D. The Effect of Author Set Size in the Original Data Sets (EXP1)

In PERSONAE:
Feature | 2x100 | 3x100 | 4x100 | 5x100 | 10x10 | 20x5 | 50x2 | 100 | 145
tok 73.75 | 59.33 | 54.42 | 46.82 | 30.00 | 26.10 | 12.90 | 8.30 | 6.07
cwd 66.65 | 48.13 | 47.95 | 47.32 | 35.00 | 27.70 | 15.50 | 7.90 | 7.03
fwd 71.30 | 57.23 | 47.12 | 41.36 | 26.70 | 14.40 | 6.90 | 4.20 | 2.83
chri 69.70 | 55.03 | 44.27 | 39.54 | 22.00 | 17.80 | 6.90 | 4.10 | 2.69
chr2 72.35 | 57.00 | 48.03 | 46.14 | 29.60 | 24.20 | 14.30 | 7.30 | 6.28
chr3 94.50 | 87.37 | 81.05 | 76.36 | 54.60 | 39.49 | 25.00 | 12.20 | 10.90
lex1 7450 | 60.43 | 59.58 | 59.68 | 42.50 | 33.30 | 25.50 | 15.50 | 12.21
lex2 65.45 | 57.47 | 47.15 | 43.36 | 27.20 | 25.80 | 18.20 | 15.60 | 15.45
lex3 57.00 | 48.33 | 42.80 | 40.32 | 29.00 | 28.10 | 26.40 | 25.60 | 22.76
lem1 75.55 | 53.50 | 58.10 | 56.92 | 42.80 | 31.30 | 24.50 | 16.20 | 12.28
lem?2 65.65 | 57.30 | 46.28 | 43.70 | 28.90 | 25.70 | 15.80 | 13.00 | 13.72
lem3 58.75 | 48.80 | 42.45 | 39.74 | 30.00 | 26.10 | 25.40 | 25.90 | 22.07
cgpi 67.90 | 49.43 | 41.37 | 35.24 | 21.60 | 13.50 | 7.40 | 3.70 | 2.76
cgp2 70.40 | 55.17 | 46.25 | 40.76 | 25.30 | 13.60 | 8.60 | 4.90 | 4.48
cgp3 71.40 | 60.97 | 55.90 | 49.42 | 31.90 | 22.00 | 10.70 | 6.00 | 4.76
pos1 74.15 | 59.30 | 50.18 | 42.52 | 27.80 | 17.30 | 9.10 | 4.20 | 4.07
pos2 74.45 | 55.63 | 54.95 | 51.00 | 36.47 | 26.90 | 13.80 | 7.80 | 5.31
pos3 66.50 | 55.91 | 51.82 | 45.40 | 30.20 | 21.20 | 10.60 | 6.80 | 4.62
lexpos1 | 74.60 | 60.80 | 60.98 | 59.76 | 42.10 | 35.90 | 24.90 | 15.20 | 12.00
lexpos2 | 66.50 | 57.30 | 47.30 | 43.64 | 26.40 | 25.10 | 17.40 | 16.40 | 16.83
lexpos3 | 56.50 | 48.67 | 42.85 | 40.20 | 29.40 | 28.70 | 26.90 | 25.40 | 22.28
chut 64.90 | 47.73 | 39.62 | 32.56 | 20.60 | 13.60 | 6.70 | 3.30 | 2.76
chu2 67.30 | 50.23 | 42.60 | 36.92 | 21.10 | 14.00 | 6.90 | 4.90 | 3.24
chu3 69.05 | 51.17 | 41.55 | 39.82 | 21.70 | 18.20 | 6.70 | 6.00 | 3.17
rel 54.70 | 36.03 | 27.93 | 23.92 | 11.80 | 6.90 | 2.30 | 1.30 | 1.24
Average | 68.44 | 54.72 | 48.40 | 44.36 | 29.36 | 22.64 | 14.20 | 10.04 | 8.44
Baseline | 50.00 | 33.33 | 25.00 | 20.00 | 10.00 | 5.00 | 2.00 | 1.00 | 0.69

Table D.1: The effect of author set size in the original PERSONAE data set.

140



In AAAC_A:

Feature | 2x20 | 3x20 | 4x10 | 5x10 | 10x10 | 13

tok 76.25 | 55.17 | 48.50 | 47.80 | 30.90 | 29.23
cwd 61.50 | 46.33 | 41.75 | 37.20 | 31.80 | 20.77
fwd 73.50 | 58.17 | 47.00 | 35.40 | 26.20 | 22.31
chr1 78.00 | 59.17 | 52.75 | 47.60 | 30.20 | 23.85
chr2 87.00 | 70.83 | 66.50 | 64.40 | 45.45 | 49.23
chr3 94.25 | 80.67 | 76.50 | 72.80 | 58.60 | 46.15
lex1 77.00 | 58.67 | 48.00 | 50.20 | 45.00 | 43.08
lex2 58.75 | 42.50 | 37.50 | 43.00 | 21.90 | 22.31
lex3 59.75 | 44.83 | 33.50 | 27.80 | 24.40 | 26.92

lem1 75.25 | 60.50 | 49.50 | 53.60 | 44.70 | 46.15
lem2 58.00 | 41.83 | 47.00 | 33.60 | 24.70 | 26.15
lem3 59.25 | 44.00 | 33.00 | 27.00 | 25.60 | 23.85
pos1 78.25 | 56.17 | 52.25 | 46.40 | 31.30 | 21.54
pos2 79.00 | 59.00 | 54.25 | 46.20 | 31.40 | 29.23
pos3 71.00 | 52.33 | 45.25 | 41.00 | 26.90 | 16.92
lexpos1 | 71.50 | 52.00 | 47.75 | 44.80 | 38.80 | 31.54
lexpos2 | 55.75 | 41.83 | 38.00 | 41.40 | 23.60 | 22.31
lexpos3 | 61.50 | 44.83 | 35.00 | 26.40 | 25.70 | 27.69

Average | 70.56 | 53.39 | 47.11 | 43.28 | 32.06 | 28.94
Baseline | 50.00 | 33.33 | 25.00 | 20.00 | 10.00 | 7.69

Table D.2: The effect of author set size in the original AAAC_A data set.
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Appendix D. The Effect of Author Set Size in the Original Data Sets (EXP1)

In ABC_NL1:

Feature | 2x20 | 3x20 | 4x10 | 5x10 | 8

tok 72.00 | 57.17 | 47.50 | 50.40 | 27.50
cwd 62.25 | 47.33 | 39.00 | 27.60 | 26.25
fwd 71.50 | 53.50 | 46.00 | 38.20 | 20.00
chr1 75.25 | 61.50 | 57.25 | 46.40 | 36.25
chr2 77.50 | 61.33 | 52.75 | 46.60 | 32.50
chr3 80.25 | 69.17 | 61.00 | 58.00 | 43.75
lex1 70.50 | 55.67 | 42.00 | 44.60 | 41.25
lex2 57.25 | 46.67 | 40.50 | 33.20 | 23.75
lex3 53.00 | 40.17 | 39.75 | 35.80 | 32.50

lem1 71.75 | 56.67 | 48.50 | 45.40 | 31.25
lem2 60.00 | 46.00 | 42.00 | 37.00 | 25.00
lem3 53.00 | 39.17 | 41.00 | 36.00 | 36.25
cgpl 66.00 | 49.50 | 37.75 | 33.00 | 23.75
cgp2 66.75 | 50.00 | 40.00 | 35.40 | 28.75
cgp3 66.00 | 42.67 | 39.00 | 32.80 | 25.00
pos1 65.00 | 50.50 | 44.00 | 38.40 | 21.25
pos2 73.25 | 55.50 | 43.25 | 37.80 | 38.75
pos3 67.00 | 44.33 | 38.00 | 29.00 | 17.50
lexpos1 | 69.00 | 58.00 | 42.75 | 45.20 | 36.25
lexpos2 | 60.25 | 44.50 | 38.75 | 33.00 | 21.25
lexpos3 | 54.25 | 40.33 | 38.25 | 32.20 | 36.25
chu1 66.75 | 48.83 | 35.50 | 32.30 | 23.75
chu2 66.25 | 47.67 | 39.00 | 29.60 | 21.25
chus 60.50 | 42.83 | 34.75 | 31.20 | 23.75
rel 46.50 | 34.83 | 28.25 | 23.20 | 10.00

Average | 65.00 | 49.32 | 41.96 | 36.96 | 27.76
Baseline | 50.00 | 33.33 | 25.00 | 20.00 | 12.50

Table D.3: The effect of author set size in the original ABC_NL1 data set.
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Appendix E

The Effect of Author Set Size with Data Size and Topic
Balanced Data

This Appendix shows how increasing the author set size affects performance in data size
and topic balanced data, as implemented for EXP2.
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Appendix E. The Effect of Author Set Size with Data Size and Topic Balanced Data (EXP2)

In PERSONAE:

Feature | 2x100 | 3x100 | 4x100 | 5x100 | 10x10 | 20x5 | 50x2 | 100 | 145

tok 61.80 | 43.80 | 34.40 | 32.68 | 15.00 | 9.00 | 2.80 | 2.20 | 0.83
cwd 62.90 | 44.13 | 37.00 | 28.56 | 24.40 | 19.60 | 13.00 | 7.20 | 4.97
fwd 68.50 | 48.73 | 39.80 | 34.80 | 17.60 | 9.80 | 6.40 | 3.20 | 2.07
chri 61.70 | 43.47 | 38.00 | 30.96 | 19.40 | 12.40 | 4.20 | 2.40 | 3.17
chr2 69.50 | 46.60 | 41.55 | 35.56 | 19.60 | 15.60 | 9.40 | 6.40 | 3.86
chr3 78.50 | 71.47 | 70.55 | 66.16 | 47.40 | 27.20 | 11.60 | 10.00 | 5.10
lex1 71.80 | 50.53 | 43.10 | 35.44 | 24.00 | 19.40 | 12.40 | 10.40 | 6.48
lex2 62.80 | 45.27 | 36.10 | 30.36 | 22.80 | 15.60 | 7.60 | 12.20 | 10.76
lex3 55.60 | 37.07 | 28.95 | 22.88 | 26.00 | 21.20 | 14.00 | 13.40 | 7.17
lem1 73.80 | 50.67 | 42.75 | 36.00 | 23.60 | 19.60 | 10.40 | 8.00 | 5.10
lem2 63.10 | 44.87 | 35.65 | 30.28 | 22.80 | 14.80 | 9.40 | 8.40 | 9.93
lem3 56.40 | 37.07 | 28.80 | 23.72 | 25.40 | 20.60 | 15.80 | 11.80 | 7.17
cgp1 63.90 | 44.87 | 36.20 | 28.68 | 16.00 | 8.60 | 3.60 | 3.40 | 1.10
cgp2 69.50 | 45.00 | 37.75 | 28.80 | 19.20 | 7.80 | 3.20 | 2.40 | 1.52
cgp3 67.50 | 41.73 | 35.70 | 28.36 | 17.60 | 13.20 | 5.60 | 2.40 | 3.31

post 72.10 | 47.67 | 41.45 | 34.40 | 20.00 | 9.60 | 4.40 | 3.40 | 3.03

pos2 67.40 | 45.13 | 39.55 | 32.92 | 23.40 | 21.00 | 5.40 | 4.60 | 4.14
pos3 64.50 | 43.73 | 34.80 | 27.04 | 30.00 | 14.20 | 8.60 | 7.20 | 4.28
lexpos1 | 73.80 | 51.27 | 43.00 | 36.56 | 24.00 | 20.20 | 13.60 | 10.20 | 7.03
lexpos2 | 63.10 | 44.67 | 35.65 | 28.76 | 21.40 | 16.00 | 8.00 | 11.80 | 10.90
lexpos3 | 55.60 | 37.60 | 29.75 | 24.64 | 24.00 | 21.00 | 14.20 | 14.00 | 6.90

chut 59.60 | 39.93 | 33.00 | 24.32 | 13.20 | 6.20 | 7.00 | 2.60 | 1.79
chu2 64.00 | 40.73 | 31.65 | 26.28 | 12.20 | 10.20 | 5.00 | 2.60 | 1.52
chu3 64.40 | 43.27 | 31.90 | 26.68 | 11.20 | 9.00 | 4.20 | 3.00 | 1.93
rel 52.90 | 36.60 | 29.15 | 22.28 | 10.80 | 5.20 | 3.20 | 1.20 | 1.24

Average | 64.44 | 4452 | 36.96 | 30.56 | 20.92 | 14.32 | 7.76 | 6.24 | 4.16
Baseline | 50.00 | 33.33 | 25.00 | 20.00 | 10.00 | 5.00 | 2.00 | 1.00 | 0.69

Table E.1: The effect of author set size in data size and topic balanced PERSONAE.
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In AAAC_A:

Feature | 2x20 | 3x20 | 4x10 | 5x10 | 10x10 | 13

tok 56.54 | 44.92 | 32.38 | 28.00 | 16.86 | 12.94
cwd 62.70 | 44.64 | 37.07 | 30.50 | 20.23 | 23.53
fwd 70.50 | 53.74 | 47.28 | 38.50 | 22.61 | 20.00
chr1 70.07 | 55.70 | 49.42 | 41.60 | 26.06 | 18.82
chr2 83.43 | 73.02 | 64.75 | 59.50 | 44.54 | 40.00
chr3 88.14 | 84.27 | 80.00 | 73.70 | 54.78 | 51.76
lex1 74.05 | 56.12 | 54.70 | 44.30 | 32.46 | 32.16
lex2 68.91 | 47.78 | 38.61 | 30.00 | 23.66 | 32.16
lex3 65.98 | 49.83 | 35.34 | 27.40 | 16.18 | 19.22

lem1 74.48 | 60.13 | 54.75 | 47.30 | 38.74 | 38.04
lem2 69.11 | 47.11 | 42.97 | 30.20 | 21.84 | 18.43
lem3 63.48 | 47.09 | 35.94 | 28.00 | 14.91 | 14.91
pos1 71.32 | 59.61 | 45.09 | 41.20 | 27.21 | 23.53
pos2 68.77 | 52.46 | 43.87 | 36.00 | 21.65 | 18.04
pos3 65.57 | 46.83 | 38.08 | 30.50 | 21.83 | 16.86
lexpos1 | 72.75 | 54.42 | 52.68 | 40.20 | 30.14 | 30.59
lexpos2 | 69.59 | 47.37 | 38.94 | 28.90 | 21.44 | 30.59
lexpos3 | 65.41 | 48.83 | 36.21 | 27.40 | 16.18 | 17.65

Average | 69.56 | 53.61 | 45.50 | 37.61 | 25.67 | 25.06
Baseline | 50.00 | 33.33 | 25.00 | 20.00 | 10.00 | 7.69

Table E.2: The effect of author set size in data size and topic balanced AAAC_A.
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Appendix E. The Effect of Author Set Size with Data Size and Topic Balanced Data (EXP2)

In ABC_NL1:

Feature | 2x20 | 3x20 | 4x10 | 5x10 | 8

tok 61.50 | 46.48 | 36.67 | 30.76 | 23.33
cwd 56.72 | 39.74 | 33.22 | 28.27 | 17.50
fwd 66.89 | 48.74 | 35.78 | 34.36 | 25.83
chr1 71.06 | 55.00 | 43.11 | 39.02 | 26.94
chr2 71.33 | 53.78 | 47.00 | 41.16 | 34.17
chr3 74.44 | 66.70 | 58.61 | 51.56 | 41.11
lex1 66.67 | 48.26 | 41.61 | 33.29 | 28.06
lex2 62.78 | 43.33 | 36.72 | 31.56 | 27.22
lex3 60.78 | 40.55 | 29.89 | 25.16 | 14.72

lem1 67.72 | 50.44 | 41.06 | 38.98 | 32.22
lem2 62.11 | 44.56 | 34.17 | 29.87 | 21.94
lem3 61.94 | 39.81 | 29.39 | 23.87 | 14.72
cgp1 63.89 | 47.22 | 36.17 | 28.62 | 16.67
cgp2 64.22 | 47.41 | 36.89 | 30.04 | 16.67
cgp3 58.67 | 41.78 | 34.11 | 26.71 | 15.28
pos1 64.72 | 48.44 | 41.00 | 35.91 | 24.17
pos2 63.67 | 47.48 | 39.39 | 31.78 | 28.89
pos3 62.50 | 43.85 | 36.06 | 27.64 | 21.39
lexpos1 | 67.33 | 48.37 | 40.33 | 34.22 | 25.28
lexpos2 | 63.28 | 42.30 | 36.06 | 29.29 | 21.11
lexpos3 | 60.83 | 40.40 | 30.11 | 25.51 | 15.00
chu1 61.89 | 43.81 | 34.33 | 28.89 | 18.06
chu2 61.33 | 44.78 | 35.89 | 28.36 | 21.94
chus 59.67 | 41.33 | 29.06 | 24.44 | 17.22
rel 51.72 | 35.56 | 26.56 | 23.02 | 13.33

Average | 62.92 | 45.48 | 36.56 | 30.80 | 22.08
Baseline | 50.00 | 33.33 | 25.00 | 20.00 | 12.50

Table E.3: The effect of author set size in data size and topic balanced ABC_NL1.

146



Appendix F

Data Size as the Number of Variable-Length Samples

This Appendix shows the effect of data size, where data size is interpreted as the number
of variable-length (or FLEX) text samples per author (ExP1). We present results for the three
data sets, with experiments with two, five, and the maximum number of candidate authors
per data set.

147



Appendix F. Data Size as the Number of Variable-Length Samples (EXP1)

In two-way PERSONAE:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 73.75 | 73.65 | 73.45 | 73.90 | 73.75 | 73.65 | 71.80 | 70.00 | 67.60
cwd 66.70 | 65.95 | 64.45 | 63.50 | 62.80 | 62.90 | 63.00 | 61.30 | 59.75
fwd 71.30 | 70.90 | 70.55 | 70.65 | 71.35 | 70.30 | 68.55 | 67.30 | 64.70
chri 69.70 | 70.10 | 69.75 | 68.15 | 67.95 | 67.05 | 65.20 | 64.45 | 60.55
chr2 72.35 | 72.10 | 72.85 | 72.20 | 7210 | 71.95 | 71.20 | 69.25 | 66.50
chr3 94.50 | 92.25 | 90.30 | 87.40 | 83.45 | 78.80 | 73.60 | 68.75 | 68.60
lex1 74.35 | 73.90 | 72.85 | 71.65 | 68.75 | 69.05 | 68.85 | 67.60 | 69.95
lex2 65.40 | 63.85 | 64.10 | 61.50 | 60.70 | 59.00 | 57.65 | 57.55 | 60.05
lex3 57.05 | 56.35 | 55.50 | 56.00 | 55.85 | 54.10 | 53.25 | 53.50 | 53.62
lem1 75.55 | 75.05 | 74.35 | 71.40 | 70.30 | 70.40 | 70.30 | 70.50 | 72.30
lem2 65.70 | 63.85 | 64.00 | 62.60 | 60.70 | 59.55 | 58.00 | 58.30 | 60.40
lem3 58.75 | 58.00 | 56.90 | 56.60 | 55.60 | 54.55 | 53.65 | 53.15 | 54.05
cgpt 67.90 | 67.50 | 67.70 | 66.05 | 65.40 | 65.75 | 65.00 | 61.55 | 59.50
cgp2 70.40 | 71.20 | 71.15 | 69.80 | 69.45 | 69.00 | 68.15 | 68.50 | 70.40
cgp3 71.40 | 70.00 | 68.50 | 68.30 | 68.70 | 68.25 | 67.30 | 67.30 | 70.40
posi 74.15 | 7450 | 74.35 | 72.95 | 72.85 | 71.10 | 70.85 | 67.00 | 67.70
pos2 74.50 | 72.75 | 68.70 | 66.60 | 66.05 | 64.80 | 65.25 | 64.85 | 69.95
pos3 66.40 | 64.60 | 63.25 | 62.35 | 60.50 | 59.00 | 59.75 | 58.55 | 61.45
lexpos1 | 74.50 | 74.10 | 72.00 | 71.00 | 69.45 | 68.65 | 68.75 | 67.70 | 70.30
lexpos2 | 66.45 | 64.70 | 63.85 | 61.05 | 60.65 | 59.10 | 58.90 | 57.30 | 59.60
lexpos3 | 56.50 | 56.00 | 55.45 | 55.65 | 55.85 | 54.40 | 52.55 | 53.65 | 53.56
chut 64.90 | 64.00 | 63.55 | 62.85 | 63.60 | 62.95 | 63.00 | 62.85 | 58.30
chu2 67.30 | 66.85 | 67.00 | 67.90 | 66.90 | 65.10 | 65.60 | 65.05 | 66.60
chu3d 69.05 | 68.85 | 68.25 | 66.70 | 65.75 | 64.55 | 63.30 | 64.20 | 69.05
rel 54.70 | 55.00 | 55.65 | 55.50 | 56.10 | 55.90 | 56.20 | 56.10 | 58.95
Average | 68.44 | 67.80 | 67.08 | 66.00 | 65.20 | 64.36 | 63.56 | 62.64 | 63.24
Baseline 50%

Table F.1: The effect of data size, with data size interpreted as the number of variable-length
(or FLEX) samples available for training in 2-way PERSONAE.
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In five-way PERSONAE:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 46.82 | 46.42 | 45.66 | 44.88 | 44.68 | 43.76 | 41.48 | 39.30 | 36.18
cwd 47.30 | 44.74 | 42.66 | 38.84 | 36.52 | 31.94 | 30.08 | 29.58 | 28.46
fwd 41.36 | 40.96 | 40.78 | 39.50 | 39.92 | 39.64 | 38.92 | 37.10 | 34.22
chr1 39.54 | 38.38 | 37.26 | 37.08 | 36.62 | 35.10 | 34.12 | 32.18 | 30.10
chr2 46.14 | 44.08 | 43.02 | 40.84 | 39.38 | 38.88 | 39.14 | 37.38 | 36.00
chr3 76.36 | 74.30 | 70.90 | 66.44 | 62.52 | 56.52 | 51.22 | 43.94 | 32.62
lex 59.54 | 55.62 | 53.14 | 50.46 | 45.32 | 41.42 | 36.36 | 36.88 | 36.00
lex2 4322 | 43.06 | 42.72 | 41.22 | 38.50 | 35.82 | 34.16 | 30.26 | 25.32
lex3 40.22 | 39.40 | 38.18 | 36.92 | 35.18 | 31.66 | 28.24 | 25.02 | 21.69
lem1 57.04 | 54.46 | 49.90 | 45.88 | 43.18 | 38.30 | 37.62 | 37.70 | 36.62
lem2 4358 | 43.06 | 42.48 | 40.78 | 38.84 | 35.64 | 34.68 | 30.10 | 25.30
lem3 39.74 | 38.72 | 36.72 | 36.74 | 34.60 | 31.88 | 27.90 | 25.04 | 22.12
cgp1 35.24 | 34.88 | 34.66 | 34.20 | 33.94 | 33.34 | 32.98 | 31.40 | 28.88
cgp2 40.76 | 40.20 | 39.16 | 38.84 | 38.66 | 38.22 | 36.74 | 34.64 | 32.72
cgp3 49.40 | 49.02 | 46.52 | 44.02 | 40.68 | 36.22 | 34.04 | 34.04 | 32.32
post 42.52 | 42.26 | 41.58 | 40.80 | 40.38 | 39.82 | 38.68 | 37.30 | 33.70
pos2 51.14 | 48.34 | 44.96 | 41.90 | 38.48 | 36.82 | 34.62 | 34.62 | 33.78
pos3 45.30 | 43.40 | 42.46 | 42.24 | 39.54 | 36.18 | 34.60 | 29.70 | 25.04
lexpos1 | 59.84 | 56.02 | 52.88 | 50.32 | 45.34 | 41.42 | 37.08 | 36.78 | 36.04
lexpos2 | 43.92 | 42.54 | 42.32 | 41.14 | 38.72 | 34.72 | 33.96 | 29.76 | 25.16
lexpos3 | 39.94 | 39.50 | 37.98 | 36.80 | 35.00 | 31.36 | 28.18 | 25.00 | 21.35
chut 32.56 | 32.66 | 32.32 | 32.06 | 32.50 | 31.70 | 30.38 | 29.40 | 28.26
chu2 36.92 | 36.46 | 36.20 | 35.92 | 35.22 | 34.98 | 34.32 | 33.04 | 31.92
chud 39.82 | 38.18 | 36.18 | 35.84 | 35.48 | 35.10 | 33.96 | 32.54 | 31.46
rel 23.90 | 23.96 | 23.78 | 23.68 | 23.84 | 24.10 | 24.64 | 24.04 | 23.46
Average | 44.36 | 43.20 | 41.64 | 40.12 | 38.40 | 36.04 | 34.24 | 32.28 | 29.56
Baseline 20%

Table F.2: The effect of data size, with data size interpreted as the number of variable-length
(or FLEX) samples available for training in 5-way PERSONAE.
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Appendix F. Data Size as the Number of Variable-Length Samples (EXP1)

In 145-way PERSONAE:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%
tok 6.07 | 6.48 | 6.00 | 6.00 | 552 | 538 | 4.14 | 3.66 | 4.34
cwd 703 | 752 | 545 | 407 | 407 | 462 | 248 | 262 | 1.66
fwd 2.83 | 290 | 324 | 297 | 359 | 324 | 290 | 262 | 2.28
chri 269 | 290 | 276 | 269 | 262 | 2.83 | 276 | 3.03 | 2.62
chr2 6.28 | 6.00 | 6.07 | 6.00 | 538 | 503 | 517 | 476 | 3.79
chr3 10.90 | 910 | 890 | 855 | 7.86 | 621 | 4.21 | 3.45 | 1.79
lex1 1221 | 10.00 | 959 | 848 | 7.31 | 6.48 | 524 | 510 | 2.55
lex2 15.45 | 1524 | 1324 | 11.72 | 9.38 | 8.41 | 579 | 2.83 | 1.59
lex3 22,69 | 21.59 | 19.17 | 16.76 | 13.38 | 9.52 | 6.62 | 2.62 | 1.66
lem? 1228 | 13.45 | 10.90 | 11.31 | 862 | 7.31 | 6.14 | 3.93 | 3.10
lem2 13.72 | 1255 | 13.17 | 11.45 | 10.14 | 8.48 | 5.86 | 2.62 | 1.03
lem3 21.93 | 21.52 | 18.76 | 15.52 | 12.00 | 10.00 | 7.38 | 3.31 | 1.59
cgp1 276 | 297 | 3147 | 3.03 | 3.10 | 2.90 | 269 | 2.69 | 2.62
cgp2 448 | 372 | 386 | 3.79 | 3.38 | 3.0 | 276 | 2.90 | 2.48
cgp3 476 | 407 | 524 | 462 | 421 | 317 | 276 | 276 | 2.00
posi 4.07 | 400 | 3.86 | 4.07 | 400 | 407 | 359 |3.10 | 2.97
pos2 531 | 552 | 559 | 566 | 552 | 400 | 3.79 | 3.52 | 2.34
pos3 462 | 531 | 428 | 490 | 510 | 455 | 241|214 |1.79
lexposi | 12.00 | 10.21 | 10.07 | 8.62 | 6.55 | 6.14 | 559 | 5.86 | 2.83
lexpos2 | 16.90 | 15.31 | 12.83 | 11.86 | 10.48 | 8.90 | 5.66 | 2.69 | 1.52
lexpos3 | 2228 | 2152 | 19.38 | 16.83 | 18.17 | 9.24 | 6.69 | 2.76 | 1.38
chut 2.76 | 248 | 241 | 207 | 255 | 262 | 200 | 2.34 | 1.79
chu2 324 | 331 | 352 | 352 | 310 | 2.83 |3.38 | 2.83 | 255
chu3 317 | 290 | 269 | 3.03 | 283 | 3.38 | 2.83 | 2.28 | 1.79
rel 124 | 1.03 | 090 | 1.17 | 1.10 | 1.31 | 0.48 | 0.69 | 1.38
Average | 8.40 | 8.04 | 7.32 | 6.68 | 584 | 4.96 | 3.60 | 2.52 | 1.68
Baseline 0.69%

Table F.3: The effect of data size, with data size interpreted as the number of variable-length
(or FLEX) samples available for training in 145-way PERSONAE.
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In two-way AAAC_A:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 70.75 | 70.75 | 69.50 | 68.50 | 67.75 | 69.00 | 69.00 | 66.00 | 59.75
cwd 60.50 | 59.50 | 59.00 | 60.75 | 59.50 | 59.25 | 59.00 | 56.50 | 55.50
fwd 69.75 | 68.25 | 66.50 | 62.25 | 63.25 | 63.25 | 59.50 | 56.75 | 57.50
chri 66.25 | 65.00 | 64.25 | 63.75 | 61.00 | 59.75 | 57.50 | 59.75 | 57.75
chr2 78.00 | 77.75 | 75.25 | 75.00 | 69.50 | 67.50 | 67.25 | 63.00 | 60.25
chr3 87.25 | 86.50 | 82.25 | 79.00 | 74.50 | 70.75 | 68.00 | 63.00 | 60.00
lex1 72.25 | 72.25 | 70.25 | 68.50 | 64.75 | 65.75 | 61.75 | 57.00 | 57.50
lex2 61.00 | 61.50 | 58.25 | 58.25 | 57.75 | 56.00 | 55.75 | 55.50 | 54.68
lex3 56.50 | 57.25 | 56.00 | 56.25 | 54.50 | 50.25 | 49.00 | 50.30 | 51.14
lem1 72.50 | 70.50 | 69.50 | 70.50 | 68.25 | 66.00 | 63.50 | 57.50 | 58.00
lem2 61.00 | 60.00 | 58.50 | 56.50 | 60.50 | 54.25 | 55.25 | 54.75 | 54.18
lem3 58.75 | 55.75 | 56.25 | 57.75 | 55.50 | 51.50 | 51.25 | 50.61 | 51.17
pos1 71.00 | 69.50 | 68.00 | 67.00 | 66.50 | 67.50 | 67.75 | 62.25 | 56.75
pos2 74.25 | 73.75 | 72.75 | 70.25 | 65.00 | 67.00 | 66.75 | 60.75 | 60.00
pos3 62.50 | 60.50 | 62.50 | 62.00 | 59.00 | 56.25 | 61.00 | 55.50 | 50.18
lexpos1 | 69.25 | 68.00 | 69.25 | 69.75 | 64.75 | 62.75 | 62.75 | 57.00 | 57.00
lexpos2 | 62.25 | 63.25 | 60.50 | 59.25 | 60.50 | 56.50 | 55.75 | 54.25 | 54.43
lexpos3 | 57.75 | 58.75 | 57.00 | 57.50 | 55.25 | 51.50 | 49.50 | 49.94 | 51.54
Average | 66.94 | 66.17 | 65.00 | 64.22 | 62.22 | 60.44 | 59.61 | 56.83 | 55.61
Baseline 50%

Table F.4: The effect of data size, with data size interpreted as the number of variable-length
(or FLEX) samples available for training in 2-way AAAC_A.
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Appendix F. Data Size as the Number of Variable-Length Samples (EXP1)

In five-way AAAC_A:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 35.60 | 35.60 | 33.80 | 32.20 | 31.00 | 29.60 | 28.40 | 28.60 | 27.60
cwd 28.20 | 28.20 | 29.20 | 25.00 | 24.60 | 25.80 | 25.40 | 25.20 | 23.80
fwd 36.00 | 36.60 | 37.80 | 35.00 | 32.20 | 30.20 | 31.00 | 31.60 | 27.40
chri 37.60 | 37.00 | 36.20 | 36.00 | 33.40 | 31.20 | 28.60 | 29.80 | 26.40
chr2 53.20 | 52.40 | 51.80 | 48.40 | 48.40 | 46.20 | 43.40 | 37.40 | 31.20
chr3 74.20 | 70.00 | 68.20 | 61.20 | 57.80 | 53.40 | 44.60 | 35.20 | 29.20
lex1 37.80 | 39.60 | 38.20 | 35.60 | 35.40 | 34.20 | 30.60 | 29.20 | 27.40
lex2 29.00 | 29.60 | 29.20 | 28.00 | 28.40 | 28.40 | 26.80 | 25.40 | 23.40
lex3 28.80 | 28.60 | 29.00 | 31.00 | 26.60 | 24.20 | 23.20 | 20.93 | 21.66
lem1 41.20 | 40.40 | 39.00 | 37.00 | 36.20 | 32.80 | 31.00 | 28.60 | 24.80
lem2 31.00 | 28.20 | 28.20 | 28.00 | 27.80 | 29.00 | 25.80 | 24.40 | 25.20
lem3 29.60 | 29.60 | 30.80 | 30.80 | 27.60 | 25.40 | 25.00 | 20.80 | 21.06
pos1 38.00 | 38.40 | 39.20 | 39.20 | 36.40 | 38.00 | 35.60 | 33.00 | 31.80
pos2 41.00 | 41.40 | 41.40 | 39.00 | 37.40 | 37.40 | 34.20 | 29.80 | 25.00
pos3 34.40 | 32.40 | 31.20 | 29.40 | 29.60 | 27.40 | 26.20 | 23.60 | 21.60
lexpos1 | 34.40 | 36.20 | 36.60 | 35.80 | 33.00 | 35.40 | 31.40 | 29.20 | 28.00
lexpos2 | 29.00 | 30.40 | 30.20 | 29.80 | 28.40 | 28.20 | 26.20 | 25.00 | 23.40
lexpos3 | 29.80 | 29.20 | 28.60 | 31.00 | 26.00 | 24.60 | 22.60 | 20.73 | 22.06
Average | 36.83 | 36.50 | 36.22 | 34.89 | 32.94 | 31.94 | 29.61 | 27.22 | 25.22
Baseline 20%

Table F.5: The effect of data size, with data size interpreted as the number of variable-length
(or FLEX) samples available for training in 5-way AAAC_A.
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In 13-way AAAC_A:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 14.62 | 14.62 | 13.08 | 13.08 | 13.08 | 13.85 | 13.85 | 12.31 | 10.00
cwd 14.62 | 12.31 | 14.62 | 13.08 | 10.77 | 13.08 | 11.54 | 8.46 | 8.46
fwd 21.54 | 23.85 | 23.85 | 23.85 | 23.08 | 24.62 | 24.62 | 22.31 | 12.31
chr1 17.69 | 19.23 | 18.46 | 14.62 | 14.62 | 12.31 | 13.08 | 9.23 | 8.46
chr2 28.46 | 27.69 | 26.92 | 26.92 | 26.92 | 21.54 | 21.54 | 16.92 | 16.15
chr3 44.62 | 40.00 | 36.92 | 34.62 | 25.38 | 30.00 | 29.23 | 20.00 | 17.69
lex 30.00 | 24.62 | 19.23 | 15.38 | 13.85 | 18.46 | 20.00 | 14.62 | 13.85
lex2 13.85 | 13.85 | 12.31 | 10.00 | 10.77 | 13.08 | 15.38 | 10.00 | 7.69
lex3 21.54 | 20.00 | 16.92 | 10.00 | 9.23 | 9.23 | 13.85 | 10.77 | 7.14
lem1 20.77 | 16.15 | 17.69 | 18.46 | 18.46 | 16.15 | 21.54 | 16.92 | 14.62
lem2 19.23 | 16.15 | 17.69 | 12.31 | 10.77 | 9.23 | 11.54 | 13.08 | 7.69
lem3 16.92 | 19.23 | 16.15 | 11.54 | 9.23 | 10.00 | 13.08 | 10.00 | 7.14
post 16.92 | 18.46 | 20.00 | 18.46 | 16.92 | 16.92 | 16.92 | 13.08 | 11.54
pos2 25.38 | 23.85 | 20.00 | 19.23 | 18.46 | 20.77 | 18.46 | 18.46 | 17.69
pos3 16.15 | 16.92 | 15.38 | 9.23 | 846 | 8.46 | 538 | 6.92 | 8.46
lexpos1 | 21.54 | 20.00 | 17.69 | 11.54 | 11.54 | 14.62 | 17.69 | 16.15 | 13.08
lexpos2 | 13.08 | 17.69 | 12.31 | 13.08 | 14.62 | 14.62 | 16.92 | 14.62 | 8.46
lexpos3 | 21.54 | 19.23 | 156.38 | 9.23 | 9.23 | 11.54 | 13.08 | 10.77 | 7.14
Average | 20.50 | 19.78 | 18.11 | 15.44 | 14.22 | 15.06 | 16.06 | 13.17 | 10.56
Baseline 7.69%

Table F.6: The effect of data size, with data size interpreted as the number of variable-length

(or FLEX) samples available for training in 13-way AAAC_A.
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Appendix F. Data Size as the Number of Variable-Length Samples (EXP1)

In two-way ABC_NL1:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 67.50 | 67.50 | 67.25 | 65.75 | 66.25 | 68.75 | 66.25 | 64.25 | 56.50
cwd 55.75 | 57.50 | 58.50 | 58.25 | 56.25 | 56.75 | 57.75 | 54.75 | 52.75
fwd 66.00 | 64.75 | 62.00 | 62.50 | 63.00 | 61.75 | 61.50 | 60.25 | 54.25
chri 59.75 | 60.00 | 58.75 | 60.50 | 59.00 | 58.00 | 55.75 | 53.75 | 50.50
chr2 67.75 | 67.50 | 66.00 | 65.75 | 68.25 | 64.50 | 62.75 | 59.50 | 54.50
chr3 85.50 | 82.25 | 75.25 | 73.00 | 67.25 | 64.00 | 64.50 | 61.50 | 59.00
lex1 64.50 | 61.50 | 62.00 | 61.00 | 63.75 | 61.75 | 60.25 | 57.00 | 54.50
lex2 57.75 | 59.00 | 56.25 | 57.25 | 52.75 | 54.75 | 51.00 | 53.00 | 55.73
lex3 57.25 | 55.75 | 54.50 | 52.75 | 48.50 | 52.75 | 51.50 | 50.50 | 51.89
lem1 67.25 | 63.25 | 62.00 | 62.75 | 63.00 | 60.00 | 61.25 | 63.75 | 54.00
lem2 59.50 | 55.75 | 54.50 | 53.00 | 52.75 | 53.75 | 49.75 | 50.75 | 56.08
lem3 55.00 | 53.50 | 55.00 | 53.50 | 51.00 | 53.25 | 53.00 | 50.50 | 51.64
cgpt 65.75 | 68.00 | 66.25 | 64.25 | 63.00 | 63.00 | 59.75 | 57.25 | 52.75
cgp2 62.25 | 62.00 | 60.75 | 60.00 | 59.25 | 57.00 | 58.00 | 55.25 | 52.50
cgp3 57.25 | 56.50 | 55.25 | 55.25 | 54.25 | 52.50 | 49.00 | 51.50 | 54.00
pos1 63.25 | 63.25 | 62.75 | 62.50 | 58.75 | 62.75 | 60.50 | 58.75 | 53.25
pos2 63.00 | 59.50 | 61.25 | 61.75 | 61.00 | 57.75 | 57.00 | 58.75 | 54.25
pos3 54.50 | 55.00 | 53.25 | 56.00 | 53.25 | 53.75 | 53.25 | 51.50 | 53.93
lexpos1 | 67.25 | 63.00 | 63.50 | 61.50 | 64.50 | 59.25 | 61.25 | 56.50 | 53.75
lexpos2 | 60.00 | 59.75 | 57.50 | 57.75 | 53.25 | 57.25 | 52.75 | 52.50 | 54.03
lexpos3 | 56.00 | 54.75 | 53.50 | 52.25 | 48.75 | 53.25 | 51.50 | 51.25 | 51.89
chut 62.25 | 65.75 | 61.75 | 61.75 | 62.75 | 60.50 | 58.25 | 58.00 | 56.25
chu2 62.75 | 64.25 | 63.50 | 63.25 | 59.00 | 57.75 | 56.00 | 53.00 | 53.00
chu3d 59.25 | 60.75 | 61.00 | 57.75 | 57.25 | 56.25 | 57.25 | 58.00 | 56.75
rel 55.50 | 54.50 | 54.50 | 55.00 | 55.00 | 55.25 | 54.00 | 56.50 | 54.75
Average | 61,72 | 61.00 | 59,92 | 59,40 | 58,16 | 57,80 | 56,60 | 55,52 | 53,64
Baseline 50%

Table F.7: The effect of data size, with data size interpreted as the number of variable-length
(or FLEX) samples available for training in 2-way ABC_NL1.
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In five-way ABC_NL1:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 38.80 | 37.60 | 37.40 | 36.20 | 35.80 | 35.20 | 34.40 | 34.40 | 30.00
cwd 19.80 | 21.00 | 22.20 | 22.80 | 20.00 | 20.20 | 21.20 | 20.60 | 19.00
fwd 33.20 | 34.60 | 33.40 | 32.20 | 31.80 | 27.80 | 27.80 | 28.00 | 25.20
chri 33.20 | 32.80 | 31.20 | 29.60 | 30.20 | 28.40 | 26.00 | 24.60 | 21.20
chr2 37.20 | 36.00 | 35.00 | 34.00 | 34.40 | 34.00 | 30.60 | 27.20 | 23.60
chr3 67.20 | 59.80 | 56.40 | 53.60 | 47.80 | 41.00 | 33.40 | 24.80 | 24.40
lex1 29.00 | 30.00 | 31.40 | 32.00 | 28.60 | 27.20 | 24.40 | 27.40 | 25.20
lex2 26.40 | 23.80 | 24.60 | 24.00 | 23.80 | 22.00 | 21.20 | 18.80 | 18.00
lex3 22.40 | 24.20 | 21.80 | 20.40 | 20.60 | 20.20 | 20.40 | 20.22 | 21.41
lem? 30.80 | 31.20 | 30.40 | 31.00 | 29.20 | 27.80 | 26.80 | 27.80 | 26.40
lem2 24.40 | 26.00 | 24.20 | 23.80 | 23.20 | 22.40 | 21.40 | 18.40 | 20.60
lem3 19.80 | 22.40 | 21.80 | 20.20 | 20.20 | 21.00 | 21.20 | 21.42 | 21.20
cgp1 31.00 | 29.60 | 29.60 | 29.40 | 28.40 | 26.20 | 27.20 | 23.40 | 25.80
cgp2 34.60 | 32.00 | 33.20 | 31.60 | 29.80 | 28.20 | 29.40 | 25.60 | 23.00
cgp3 32.80 | 33.20 | 31.00 | 30.80 | 30.60 | 27.80 | 27.80 | 25.40 | 25.00
pos1 32.60 | 32.20 | 28.80 | 29.00 | 30.20 | 27.80 | 27.80 | 25.00 | 21.00
pos2 30.60 | 29.80 | 29.20 | 28.80 | 27.60 | 27.80 | 26.20 | 25.00 | 22.60
pos3 23.20 | 22.60 | 20.80 | 22.20 | 20.80 | 23.20 | 22.40 | 22.20 | 21.20
lexpos1 | 29.20 | 29.60 | 30.40 | 30.60 | 26.80 | 26.80 | 24.20 | 27.60 | 25.80
lexpos2 | 23.80 | 24.20 | 23.20 | 23.20 | 24.00 | 20.40 | 21.80 | 20.20 | 17.60
lexpos3 | 21.00 | 22.60 | 21.20 | 21.20 | 19.20 | 20.20 | 19.60 | 20.02 | 21.75
chut 27.80 | 26.40 | 28.00 | 26.20 | 25.80 | 24.00 | 26.00 | 25.80 | 23.60
chu2 27.40 | 27.20 | 27.40 | 26.60 | 26.60 | 26.60 | 25.20 | 25.60 | 21.20
chud 24.80 | 25.20 | 26.60 | 25.60 | 26.00 | 25.20 | 23.60 | 21.80 | 23.00
rel 22.20 | 22.40 | 20.00 | 18.60 | 19.60 | 21.40 | 21.00 | 20.60 | 21.00
Average | 29.28 | 29.08 | 28.40 | 27.76 | 26.76 | 25.76 | 24.84 | 23.64 | 22.44
Baseline 20%

Table F.8: The effect of data size, with data size interpreted as the number of variable-length
(or FLEX) samples available for training in 5-way ABC_NL1.
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Appendix F. Data Size as the Number of Variable-Length Samples (EXP1)

In 8-way ABC_NL1:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 28.75 | 30.00 | 27.50 | 28.75 | 27.50 | 27.50 | 23.75 | 21.25 | 18.75
cwd 21.25 | 22,50 | 18.75 | 20.00 | 15.00 | 13.75 | 16.25 | 16.25 | 17.50
fwd 20.00 | 30.00 | 27.50 | 22.50 | 20.00 | 22.50 | 23.75 | 20.00 | 25.00
chr1 26.25 | 30.00 | 28.75 | 31.25 | 28.75 | 22.50 | 16.25 | 10.00 | 10.00
chr2 23.75 | 21.25 | 23.75 | 22.50 | 22.50 | 17.50 | 18.75 | 23.75 | 18.75
chr3 33.75 | 32.50 | 33.75 | 36.25 | 31.25 | 23.75 | 23.75 | 23.75 | 17.50
lex 27.50 | 26.25 | 25.00 | 27.50 | 22.50 | 23.75 | 21.25 | 22.50 | 21.25
lex2 11.25 | 20.00 | 15.00 | 10.00 | 1250 | 11.25 | 11.25 | 11.25 | 12.50
lex3 10.00 | 13.75 | 12.50 | 15.00 | 16.25 | 18.75 | 15.00 | 12.50 | 12.50
lem1 21.25 | 20.00 | 23.75 | 21.25 | 25.00 | 22.50 | 22.50 | 25.00 | 27.50
lem2 12,50 | 1250 | 11.25 | 13.75 | 15.00 | 11.25 | 11.25 | 11.25 | 10.00
lem3 17.50 | 15.00 | 13.75 | 11.25 | 11.25 | 15.00 | 15.00 | 11.25 | 12.50
cgp1 17.50 | 17.50 | 20.00 | 20.00 | 21.25 | 20.00 | 18.75 | 15.00 | 25.00
cgp2 26.25 | 26.25 | 27.50 | 27.50 | 26.25 | 28.75 | 23.75 | 20.00 | 21.25
cgp3 18.75 | 22.50 | 22.50 | 18.75 | 20.00 | 18.75 | 18.75 | 25.00 | 22.50
post 18.75 | 17.50 | 17.50 | 20.00 | 23.75 | 17.50 | 20.00 | 16.25 | 15.00
pos2 28.75 | 20.00 | 18.75 | 21.25 | 17.50 | 17.50 | 12.50 | 12.50 | 11.25
pos3 20.00 | 16.25 | 20.00 | 12.50 | 13.75 | 13.75 | 15.00 | 15.00 | 6.25
lexpos1 | 25.00 | 25.00 | 21.25 | 26.25 | 26.25 | 21.25 | 21.25 | 22.50 | 26.25
lexpos2 | 12.50 | 18.75 | 15.00 | 10.00 | 12.50 | 15.00 | 11.25 | 8.75 | 13.75
lexpos3 | 13.75 | 16.25 | 16.25 | 16.25 | 13.75 | 15.00 | 11.25 | 12.50 | 12.50
chut 20.00 | 18.75 | 22.50 | 16.25 | 18.75 | 17.50 | 18.75 | 18.75 | 20.00
chu2 18.75 | 18.75 | 18.75 | 17.50 | 16.25 | 18.75 | 16.25 | 15.00 | 15.00
chud 13.75 | 15.00 | 16.25 | 15.00 | 17.50 | 16.25 | 20.00 | 18.75 | 22.50
rel 16.25 | 12.50 | 12.50 | 11.25 | 11.25 | 15.00 | 10.00 | 10.00 | 10.00
Average | 19.72 | 20.44 | 19.96 | 19.40 | 19.08 | 18.16 | 17.08 | 16.44 | 16.68
Baseline 12.50%

Table F.9: The effect of data size, with data size interpreted as the number of variable-length
(or FLEX) samples available for training in 8-way ABC_NL1.
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Appendix G

Data Size as the Number of Fixed-Length Samples

This Appendix shows the effect of data size, where data size is interpreted as the number of
fixed-length (or FIX) text samples per author (EXP2). We present results for the three data
sets, with experiments with two, ve, and the maximum number of candidate authors per data
set.
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Appendix G. Data Size as the Number of Fixed-Length Samples (EXP2)

In two-way PERSONAE:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 55.50 | 58.50 | 60.00 | 59.00 | 57.00 | 59.50 | 56.00 | 56.50 | 54.50
cwd 50.00 | 51.00 | 58.50 | 59.00 | 59.00 | 60.00 | 58.50 | 58.00 | 57.00
fwd 68.50 | 68.50 | 67.50 | 66.50 | 69.00 | 66.00 | 66.50 | 67.00 | 57.00
chri 66.50 | 64.50 | 67.00 | 64.50 | 66.00 | 64.00 | 64.00 | 62.00 | 55.00
chr2 67.00 | 68.50 | 63.00 | 63.00 | 61.00 | 62.00 | 61.00 | 62.00 | 59.50
chr3 68.00 | 64.50 | 64.00 | 63.00 | 61.50 | 58.00 | 53.00 | 51.00 | 56.50
lex1 56.50 | 59.00 | 60.00 | 62.50 | 65.50 | 62.50 | 62.00 | 66.00 | 60.00
lex2 51.50 | 49.50 | 51.50 | 51.00 | 53.50 | 50.00 | 53.00 | 58.50 | 59.00
lex3 51.00 | 51.50 | 51.50 | 50.00 | 50.50 | 50.50 | 50.50 | 51.00 | 54.00
lem1 64.00 | 64.50 | 61.50 | 64.50 | 61.00 | 63.50 | 65.00 | 62.00 | 60.50
lem2 50.50 | 54.00 | 56.00 | 51.50 | 53.50 | 50.50 | 53.00 | 56.00 | 60.50
lem3 51.50 | 51.50 | 52.00 | 51.50 | 50.00 | 50.00 | 51.00 | 49.50 | 55.00
cgpt 62.50 | 67.00 | 65.00 | 61.50 | 64.00 | 60.50 | 57.50 | 58.00 | 58.50
cgp2 64.00 | 62.00 | 63.00 | 64.50 | 64.50 | 62.50 | 60.00 | 60.00 | 55.50
cgp3 60.50 | 64.00 | 59.50 | 58.00 | 58.00 | 58.50 | 58.50 | 56.50 | 54.50
pos1 67.50 | 67.50 | 69.50 | 66.50 | 65.50 | 60.00 | 59.50 | 59.00 | 53.50
pos2 57.50 | 58.00 | 59.50 | 60.50 | 58.50 | 57.50 | 59.00 | 60.50 | 58.00
pos3 54.50 | 51.00 | 52.00 | 51.50 | 52.50 | 54.00 | 57.50 | 58.50 | 55.00
lexpos1 | 56.50 | 57.50 | 60.00 | 61.00 | 65.00 | 63.50 | 64.50 | 67.00 | 61.00
lexpos2 | 51.00 | 50.50 | 53.50 | 51.00 | 51.50 | 50.00 | 52.00 | 54.50 | 60.00
lexpos3 | 49.50 | 52.00 | 52.50 | 53.50 | 50.50 | 50.50 | 51.50 | 53.50 | 54.00
chut 55.50 | 59.50 | 56.00 | 58.00 | 56.00 | 59.50 | 55.50 | 56.00 | 57.00
chu2 59.50 | 61.00 | 60.00 | 60.50 | 60.00 | 57.50 | 56.00 | 53.50 | 50.00
chu3d 55.00 | 59.00 | 56.50 | 59.50 | 56.00 | 52.50 | 55.50 | 53.50 | 55.50
rel 54.00 | 54.50 | 53.50 | 53.50 | 53.00 | 54.00 | 58.00 | 58.00 | 52.00
Average | 57.60 | 58.48 | 58.68 | 58.32 | 58.28 | 57.20 | 57.32 | 57.72 | 56.32
Baseline 50%

Table G.1: The effect of increasing data size, with data size interpreted as the number of
fixed-length (or FIX) samples available for training in 2-way PERSONAE.
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In five-way PERSONAE:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 29.60 | 31.20 | 32.60 | 31.00 | 31.40 | 33.40 | 29.60 | 29.20 | 26.40
cwd 31.60 | 30.40 | 27.40 | 25.20 | 23.60 | 20.40 | 22.80 | 28.40 | 24.20
fwd 36.40 | 35.60 | 36.40 | 35.80 | 36.40 | 35.00 | 33.80 | 31.20 | 30.00
chri 36.80 | 38.00 | 36.40 | 35.20 | 35.40 | 35.40 | 32.20 | 29.20 | 28.20
chr2 38.20 | 36.20 | 35.80 | 35.40 | 34.00 | 34.00 | 35.20 | 34.60 | 29.40
chr3 42.20 | 41.40 | 41.00 | 37.60 | 41.00 | 36.40 | 35.20 | 34.40 | 23.20
lex1 37.40 | 32.20 | 30.20 | 30.60 | 26.20 | 23.80 | 25.00 | 31.40 | 26.60
lex2 26.60 | 25.20 | 27.00 | 29.40 | 26.20 | 24.00 | 24.20 | 22.00 | 23.00
lex3 25.40 | 24.20 | 23.20 | 25.60 | 23.00 | 21.40 | 21.40 | 20.00 | 23.00
lem1 36.00 | 32.00 | 29.20 | 27.40 | 26.40 | 23.00 | 25.20 | 33.20 | 26.20
lem?2 26.80 | 26.60 | 23.80 | 25.80 | 24.60 | 24.40 | 21.80 | 21.00 | 23.00
lem3 24.80 | 25.00 | 23.80 | 25.40 | 22.60 | 21.80 | 21.20 | 20.40 | 23.00
cgp1 31.60 | 32.00 | 32.20 | 30.80 | 32.40 | 29.60 | 27.00 | 27.60 | 28.80
cgp2 30.00 | 28.20 | 26.60 | 28.00 | 28.40 | 29.20 | 28.40 | 29.00 | 28.80
cgp3 28.00 | 28.60 | 27.00 | 24.80 | 24.00 | 24.60 | 26.40 | 24.60 | 24.40
pos1 37.80 | 36.80 | 35.20 | 34.60 | 35.00 | 33.80 | 29.00 | 32.80 | 29.20
pos2 27.60 | 26.40 | 24.40 | 25.00 | 22.80 | 24.40 | 26.20 | 29.20 | 25.60
pos3 24.60 | 26.00 | 25.40 | 28.00 | 22.00 | 22.40 | 23.00 | 21.20 | 22.40
lexpos1 | 34.40 | 32.40 | 28.80 | 29.00 | 25.60 | 23.00 | 26.20 | 32.20 | 26.80
lexpos2 | 27.20 | 26.40 | 25.20 | 27.20 | 25.00 | 24.20 | 22.80 | 20.80 | 23.20
lexpos3 | 25.80 | 24.20 | 23.20 | 25.40 | 23.20 | 20.60 | 21.20 | 20.40 | 22.80
chut 23.40 | 26.40 | 24.80 | 26.20 | 25.00 | 25.20 | 24.20 | 25.60 | 25.60
chu2 28.20 | 27.80 | 31.60 | 30.00 | 29.60 | 29.20 | 30.00 | 28.20 | 24.60
chu3d 23.20 | 24.00 | 25.60 | 25.20 | 26.00 | 25.80 | 24.00 | 24.60 | 23.00
rel 21.00 | 21.40 | 20.20 | 21.60 | 21.80 | 21.40 | 21.40 | 19.60 | 22.80
Average | 29.76 | 29.24 | 28.28 | 28.44 | 27.36 | 26.20 | 26.00 | 26.48 | 25.00
Baseline 20%

Table G.2: The effect of increasing data size, with data size interpreted as the number of
fixed-length (or FIX) samples available for training in 5-way PERSONAE.
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Appendix G. Data Size as the Number of Fixed-Length Samples (EXP2)

In 145-way PERSONAE:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.69 | 0.69 | 1.38 | 2.07
cwd 6.21 | 276 | 3.45 | 2.76 | 0.00 | 2.76 | 3.45 | 0.00 | 1.38
fwd 2.76 | 2.07 | 1.38 | 2.07 | 2.07 | 2.07 | 2.07 | 3.45 | 2.76
chr 1.38 | 1.38 | 1.38 | 1.38 | 1.38 | 0.69 | 0.69 | 2.07 | 2.76
chr2 345 | 4.83 | 483 | 6.21 | 552 | 3.45 | 6.21 | 3.45 | 2.76
chr3 552 | 4.83 | 552 | 4.83 | 4.14 | 1.38 | 3.45 | 3.45 | 1.38
lex1 6.21 | 3.45 | 6.21 | 4.83 | 552 | 1.38 | 2.07 | 2.76 | 3.45
lex2 483 | 4.14 | 2.76 | 6.21 | 1.38 | 2.76 | 2.07 | 2.07 | 0.69
lex3 414 | 2.76 | 2.76 | 2.07 | 3.45 | 3.45 | 3.45 | 1.38 | 1.38
lem1 8.28 | 552 | 6.21 | 3.45 | 6.21 | 4.83 | 1.38 | 4.14 | 4.14
lem2 6.21 | 6.21 | 2.76 | 552 | 2.07 | 4.14 | 2.07 | 2.07 | 0.69
lem3 552 | 4.14 | 3.45 | 2.76 | 3.45 | 3.45 | 2.76 | 1.38 | 1.38
cgp1 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
cgp2 0.69 | 0.69 | 1.38 | 0.00 | 2.07 | 2.07 | 2.07 | 1.38 | 2.07
cgp3 0.69 | 0.69 | 1.38 | 0.69 | 1.38 | 0.69 | 1.38 | 1.38 | 1.38
pos1 2.07 | 2.07 | 1.38 | 2.76 | 2.07 | 4.14 | 4.83 | 4.14 | 3.45
pos2 2.76 | 1.38 | 3.45 | 276 | 2.76 | 4.14 | 2.07 | 3.45 | 0.00
pos3 0.69 | 2.07 | 2.07 | 3.45 | 2.07 | 0.00 | 2.76 | 1.38 | 2.76
lexpos1 | 5.52 | 4.14 | 6.90 | 4.14 | 2.76 | 3.45 | 3.45 | 3.45 | 3.45
lexpos2 | 6.21 | 4.14 | 4.83 | 6.21 | 2.07 | 1.38 | 2.76 | 2.07 | 1.38
lexpos3 | 4.83 | 2.07 | 2.07 | 2.76 | 2.76 | 4.83 | 2.76 | 2.07 | 1.38
chut 1.38 | 1.38 | 1.38 | 0.00 | 0.69 | 1.38 | 0.00 | 0.69 | 2.76
chu2 414 | 414 | 2.07 | 2.07 | 207 | 069 | 1.38 | 2.76 | 1.38
chud 0.69 | 2.07 | 2.76 | 0.69 | 0.69 | 0.69 | 1.38 | 1.38 | 0.00
rel 0.69 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.69 | 0.69 | 2.07
Average | 2.96 | 2.36 | 2.40 | 2.32 | 1.96 | 1.76 | 1.84 | 1.76 | 1.48
Baseline 0.69%

Table G.3: The effect of increasing data size, with data size interpreted as the number of
fixed-length (or FIX) samples available for training in 145-way PERSONAE.
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In two-way AAAC_A:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 62.50 | 60.00 | 62.50 | 65.00 | 62.50 | 65.00 | 50.00 | 47.50 | 50.00
cwd 57.50 | 55.00 | 60.00 | 55.00 | 60.00 | 70.00 | 57.50 | 50.00 | 47.50
fwd 82.50 | 80.00 | 77.50 | 75.00 | 72.50 | 67.50 | 72.50 | 75.00 | 57.50
chri 77.50 | 70.00 | 72.50 | 65.00 | 70.00 | 65.00 | 65.00 | 60.00 | 55.00
chr2 80.00 | 80.00 | 85.00 | 85.00 | 82.50 | 80.00 | 80.00 | 77.50 | 67.50
chr3 75.00 | 72.50 | 72.50 | 70.00 | 72.50 | 82,50 | 72.50 | 70.00 | 57.50
lex1 70.00 | 62.50 | 65.00 | 75.00 | 65.00 | 67.50 | 65.00 | 57.50 | 62.50
lex2 60.00 | 57.50 | 62.50 | 70.00 | 65.00 | 70.00 | 67.50 | 57.50 | 55.00
lex3 65.00 | 55.00 | 57.50 | 57.50 | 55.00 | 60.00 | 52.50 | 52.50 | 52.50
lem1 77.50 | 65.00 | 62.50 | 62.50 | 65.00 | 75.00 | 67.50 | 57.50 | 52.50
lem2 62.50 | 62.50 | 60.00 | 70.00 | 67.50 | 65.00 | 65.00 | 60.00 | 50.00
lem3 57.50 | 50.00 | 55.00 | 57.50 | 57.50 | 50.00 | 50.00 | 55.00 | 47.50
pos1 90.00 | 87.50 | 80.00 | 80.00 | 85.00 | 75.00 | 67.50 | 62.50 | 50.00
pos2 52.50 | 60.00 | 60.00 | 60.00 | 60.00 | 47.50 | 47.50 | 60.00 | 50.00
pos3 55.00 | 50.00 | 42.50 | 47.50 | 55.00 | 55.00 | 50.00 | 52.50 | 47.50
lexpos1 | 67.50 | 67.50 | 67.50 | 67.50 | 62.50 | 67.50 | 72.50 | 70.00 | 62.50
lexpos2 | 60.00 | 57.50 | 57.50 | 65.00 | 60.00 | 67.50 | 67.50 | 62.50 | 55.00
lexpos3 | 65.00 | 52.50 | 60.00 | 52.50 | 57.50 | 57.50 | 52.50 | 60.00 | 55.00
Average | 67.39 | 63.39 | 64.17 | 65.39 | 65.06 | 65.78 | 62.06 | 60.17 | 53.89
Baseline 50%

Table G.4: The effect of increasing data size, with data size interpreted as the number of
fixed-length (or FIX) samples available for training in 2-way AAAC_A.
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Appendix G. Data Size as the Number of Fixed-Length Samples (EXP2)

In five-way AAAC_A:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 30.00 | 28.00 | 34.00 | 38.00 | 32.00 | 38.00 | 26.00 | 24.00 | 14.00
cwd 44.00 | 52.00 | 44.00 | 44.00 | 48.00 | 40.00 | 28.00 | 22.00 | 28.00
fwd 34.00 | 34.00 | 38.00 | 40.00 | 42.00 | 42.00 | 40.00 | 32.00 | 34.00
chri 48.00 | 40.00 | 38.00 | 42.00 | 40.00 | 36.00 | 40.00 | 44.00 | 42.00
chr2 66.00 | 72.00 | 76.00 | 72.00 | 68.00 | 62.00 | 60.00 | 52.00 | 38.00
chr3 64.00 | 70.00 | 68.00 | 64.00 | 58.00 | 52.00 | 50.00 | 46.00 | 40.00
lex1 54.00 | 52.00 | 48.00 | 46.00 | 44.00 | 52.00 | 40.00 | 34.00 | 46.00
lex2 24.00 | 26.00 | 30.00 | 30.00 | 32.00 | 36.00 | 24.00 | 32.00 | 28.00
lex3 22.00 | 24.00 | 30.00 | 26.00 | 24.00 | 30.00 | 26.00 | 24.00 | 22.00
lem1 66.00 | 52.00 | 46.00 | 48.00 | 52.00 | 54.00 | 42.00 | 34.00 | 32.00
lem2 28.00 | 32.00 | 30.00 | 22.00 | 26.00 | 26.00 | 32.00 | 30.00 | 20.00
lem3 22.00 | 22.00 | 30.00 | 26.00 | 24.00 | 30.00 | 26.00 | 26.00 | 20.00
posi 46.00 | 44.00 | 44.00 | 44.00 | 44.00 | 44.00 | 48.00 | 46.00 | 22.00
pos2 42.00 | 42.00 | 46.00 | 42.00 | 44.00 | 46.00 | 36.00 | 40.00 | 30.00
pos3 26.00 | 24.00 | 24.00 | 36.00 | 34.00 | 32.00 | 28.00 | 26.00 | 34.00
lexpos1 | 50.00 | 48.00 | 48.00 | 42.00 | 42.00 | 48.00 | 42.00 | 28.00 | 40.00
lexpos2 | 24.00 | 28.00 | 34.00 | 26.00 | 32.00 | 28.00 | 26.00 | 30.00 | 30.00
lexpos3 | 26.00 | 26.00 | 30.00 | 26.00 | 24.00 | 30.00 | 32.00 | 22.00 | 20.00
Average | 39.78 | 39.78 | 41.00 | 39.67 | 39.44 | 40.33 | 35.89 | 32.89 | 30.00
Baseline 20%

Table G.5: The effect of increasing data size, with data size interpreted as the number of
fixed-length (or FIX) samples available for training in 5-way AAAC_A.
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In 13-way AAAC_A:

Feature | 90% | 80%

| 70% | 60% | 50% | 40%

| 30% | 20% | 10%

tok 769 | 769 | 769 | 7.69 | 7.69 | 7.69 | 0.00 | 0.00 | 7.69
cwd 769 | 1538 | 7.69 | 0.00 | 23.08 | 23.08 | 15.38 | 7.69 | 15.38
fwd 46.15 | 38.46 | 38.46 | 30.77 | 23.08 | 23.08 | 23.08 | 30.77 | 15.38
chri 15.38 | 7.69 | 15.38 | 15.38 | 15.38 | 7.69 | 7.69 | 7.69 | 7.69
chr2 53.85 | 53.85 | 46.15 | 46.15 | 38.46 | 38.46 | 30.77 | 38.46 | 23.08
chr3 61.54 | 46.15 | 38.46 | 30.77 | 30.77 | 38.46 | 38.46 | 23.08 | 30.77
lex1 23.08 | 23.08 | 23.08 | 30.77 | 46.15 | 38.46 | 15.38 | 15.38 | 7.69
lex2 30.77 | 7.69 | 23.08 | 23.08 | 23.08 | 15.38 | 23.08 | 15.38 | 7.69
lex3 769 | 7.69 | 15.38 | 15.38 | 15.38 | 15.38 | 15.38 | 15.38 | 7.69
lem? 46.15 | 38.46 | 38.46 | 46.15 | 38.46 | 53.85 | 30.77 | 15.38 | 15.38
lem?2 7.69 | 23.08 | 15.38 | 23.08 | 30.77 | 23.08 | 23.08 | 15.38 | 7.69
lem3 769 | 23.08 | 15.38 | 15.38 | 1538 | 15.38 | 15.38 | 7.69 | 7.69
pos1 23.08 | 23.08 | 23.08 | 7.69 | 7.69 | 7.69 | 0.00 | 7.69 | 7.69
pos2 769 | 769 | 7.69 | 0.00 | 15.38 | 0.00 | 0.00 | 0.00 |23.08
pos3 15.38 | 7.69 | 15.38 | 23.08 | 23.08 | 15.38 | 15.38 | 7.69 | 15.38
lexpos1 | 30.77 | 38.46 | 30.77 | 38.46 | 38.46 | 30.77 | 15.38 | 7.69 | 15.38
lexpos2 | 30.77 | 23.08 | 23.08 | 15.38 | 23.08 | 23.08 | 15.38 | 7.69 | 7.69
lexpos3 | 15.38 | 15.38 | 15.38 | 7.69 | 15.38 | 15.38 | 15.38 | 7.69 | 0.00
Average | 23.83 | 22.22 | 21.83 | 20.56 | 23.56 | 21.39 | 16.33 | 12.33 | 11.89
Baseline 7.69%

Table G.6: The effect of increasing data size, with data size interpreted as the number of

fixed-length (or FIX) samples available for training in 13-way AAAC_A.

163



Appendix G. Data Size as the Number of Fixed-Length Samples (EXP2)

In two-way ABC_NL1:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 67.50 | 62.50 | 65.00 | 67.50 | 72.50 | 72.50 | 62.50 | 65.00 | 60.00
cwd 55.00 | 50.00 | 62.50 | 60.00 | 52.50 | 47.50 | 47.50 | 45.00 | 55.00
fwd 65.00 | 75.00 | 70.00 | 62.50 | 57.50 | 57.50 | 62.50 | 67.50 | 70.00
chri 62.50 | 62.50 | 62.50 | 72.50 | 72.50 | 75.00 | 72.50 | 72.50 | 72.50
chr2 70.00 | 82.50 | 85.00 | 82.50 | 90.00 | 80.00 | 77.50 | 72.50 | 60.00
chr3 70.00 | 75.00 | 72.50 | 67.50 | 72.50 | 62.50 | 62.50 | 57.50 | 62.50
lex1 57.50 | 60.00 | 55.00 | 50.00 | 55.00 | 50.00 | 50.00 | 50.00 | 62.50
lex2 50.00 | 55.00 | 60.00 | 57.50 | 65.00 | 62.50 | 55.00 | 65.00 | 60.00
lex3 62.50 | 65.00 | 65.00 | 67.50 | 60.00 | 57.50 | 50.00 | 55.00 | 50.00
lem1 62.50 | 57.50 | 52.50 | 57.50 | 60.00 | 55.00 | 57.50 | 62.50 | 57.50
lem2 50.00 | 57.50 | 50.00 | 62.50 | 65.00 | 65.00 | 62.50 | 62.50 | 55.00
lem3 55.00 | 60.00 | 60.00 | 55.00 | 62.50 | 57.50 | 57.50 | 57.50 | 57.50
cgpt 57.50 | 57.50 | 65.00 | 65.00 | 67.50 | 70.00 | 65.00 | 65.00 | 50.00
cgp2 72.50 | 65.00 | 60.00 | 67.50 | 55.00 | 55.00 | 57.50 | 62.50 | 55.00
cgp3 57.50 | 57.50 | 60.00 | 67.50 | 65.00 | 60.00 | 57.50 | 50.00 | 45.00
pos1 72.50 | 70.00 | 65.00 | 65.00 | 62.50 | 67.50 | 67.50 | 57.50 | 62.50
pos2 50.00 | 60.00 | 65.00 | 70.00 | 60.00 | 55.00 | 50.00 | 50.00 | 52.50
pos3 57.50 | 55.00 | 52.50 | 57.50 | 60.00 | 52.50 | 60.00 | 47.50 | 52.50
lexpos1 | 60.00 | 50.00 | 57.50 | 55.00 | 60.00 | 47.50 | 50.00 | 57.50 | 65.00
lexpos2 | 52.50 | 55.00 | 70.00 | 62.50 | 62.50 | 65.00 | 62.50 | 55.00 | 57.50
lexpos3 | 62.50 | 65.00 | 65.00 | 67.50 | 62.50 | 60.00 | 47.50 | 55.00 | 50.00
chut 52.50 | 55.00 | 60.00 | 60.00 | 60.00 | 60.00 | 65.00 | 55.00 | 57.50
chu2 72.50 | 60.00 | 60.00 | 60.00 | 72.50 | 65.00 | 60.00 | 50.00 | 55.00
chu3d 67.50 | 67.50 | 65.00 | 57.50 | 55.00 | 60.00 | 52.50 | 50.00 | 52.50
rel 52.50 | 52.50 | 60.00 | 55.00 | 52.50 | 52.50 | 45.00 | 50.00 | 60.00
Average | 60.28 | 61.12 | 62.48 | 62.60 | 62.96 | 60.28 | 58.00 | 57.28 | 57.28
Baseline 50%

Table G.7: The effect of increasing data size, with data size interpreted as the number of
fixed-length (or FIX) samples available for training in 2-way ABC_NL1.
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In five-way ABC_NL1:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 36.00 | 40.00 | 40.00 | 36.00 | 36.00 | 44.00 | 32.00 | 28.00 | 40.00
cwd 26.00 | 24.00 | 30.00 | 28.00 | 22.00 | 16.00 | 32.00 | 22.00 | 20.00
fwd 38.00 | 32.00 | 36.00 | 40.00 | 26.00 | 30.00 | 34.00 | 30.00 | 30.00
chri 38.00 | 38.00 | 34.00 | 36.00 | 32.00 | 34.00 | 26.00 | 34.00 | 32.00
chr2 42.00 | 34.00 | 36.00 | 38.00 | 36.00 | 40.00 | 44.00 | 40.00 | 38.00
chr3 50.00 | 46.00 | 46.00 | 38.00 | 38.00 | 42.00 | 36.00 | 34.00 | 32.00
lex1 34.00 | 32.00 | 34.00 | 24.00 | 32.00 | 30.00 | 28.00 | 36.00 | 30.00
lex2 24.00 | 28.00 | 22.00 | 26.00 | 22.00 | 24.00 | 26.00 | 18.00 | 26.00
lex3 20.00 | 24.00 | 22.00 | 22.00 | 20.00 | 18.00 | 24.00 | 24.00 | 22.00
lem1 30.00 | 32.00 | 34.00 | 32.00 | 32.00 | 24.00 | 28.00 | 34.00 | 36.00
lem2 16.00 | 26.00 | 18.00 | 18.00 | 20.00 | 22.00 | 26.00 | 22.00 | 24.00
lem3 22.00 | 32.00 | 22.00 | 26.00 | 20.00 | 20.00 | 28.00 | 26.00 | 26.00
cgpt 40.00 | 48.00 | 42.00 | 36.00 | 40.00 | 38.00 | 36.00 | 44.00 | 30.00
cgp2 26.00 | 20.00 | 20.00 | 26.00 | 28.00 | 30.00 | 34.00 | 44.00 | 28.00
cgp3 26.00 | 26.00 | 22.00 | 30.00 | 22.00 | 26.00 | 24.00 | 22.00 | 32.00
pos1 46.00 | 48.00 | 46.00 | 42.00 | 52.00 | 42.00 | 42.00 | 36.00 | 34.00
pos2 38.00 | 34.00 | 36.00 | 34.00 | 36.00 | 30.00 | 38.00 | 22.00 | 28.00
pos3 26.00 | 24.00 | 24.00 | 26.00 | 22.00 | 26.00 | 34.00 | 24.00 | 24.00
lexpos1 | 38.00 | 40.00 | 34.00 | 30.00 | 34.00 | 32.00 | 22.00 | 26.00 | 26.00
lexpos2 | 22.00 | 28.00 | 22.00 | 20.00 | 26.00 | 22.00 | 24.00 | 20.00 | 26.00
lexpos3 | 20.00 | 22.00 | 24.00 | 24.00 | 22.00 | 18.00 | 24.00 | 18.00 | 22.00
chut 30.00 | 28.00 | 24.00 | 24.00 | 24.00 | 16.00 | 32.00 | 32.00 | 38.00
chu2 26.00 | 32.00 | 32.00 | 28.00 | 30.00 | 28.00 | 24.00 | 24.00 | 22.00
chu3d 30.00 | 26.00 | 20.00 | 24.00 | 22.00 | 30.00 | 20.00 | 22.00 | 24.00
rel 26.00 | 24.00 | 26.00 | 32.00 | 32.00 | 28.00 | 22.00 | 26.00 | 10.00
Average | 30.80 | 31.52 | 29.83 | 29.60 | 29.04 | 28.40 | 29.60 | 28.32 | 28.00
Baseline 20%

Table G.8: The effect of increasing data size, with data size interpreted as the number of
fixed-length (or FIX) samples available for training in 5-way ABC_NL1.
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Appendix G. Data Size as the Number of Fixed-Length Samples (EXP2)

In 8-way ABC_NL1:

Feature | 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%

tok 12,50 | 1250 | 0.00 | 12.50 | 12.50 | 12.50 | 12.50 | 12.50 | 12.50
cwd 25.00 | 25.00 | 25.00 | 0.00 | 1250 | 12.50 | 37.50 | 37.50 | 25.00
fwd 12,50 | 1250 | 1250 | 12.50 | 25.00 | 12.50 | 12.50 | 25.00 | 12.50
chri 25.00 | 25.00 | 37.50 | 12.50 | 12.50 | 12.50 | 25.00 | 25.00 | 12.50
chr2 1250 | 25.00 | 25.00 | 37.50 | 12.50 | 37.50 | 25.00 | 25.00 | 37.50
chr3 50.00 | 37.50 | 37.50 | 37.50 | 50.00 | 25.00 | 25.00 | 25.00 | 37.50
lex1 12,50 | 1250 | 0.00 | 37.50 | 25.00 | 37.50 | 25.00 | 25.00 | 37.50
lex2 1250 | 12,50 | 25.00 | 0.00 | 0.00 | 1250 | 0.00 | 0.00 | 12.50
lex3 0.00 | 0.00 | 0.00 | 12.50 | 0.00 | 12.50 | 12.50 | 12.50 | 0.00
lem1 25.00 | 25.00 | 0.00 | 25.00 | 25.00 | 12.50 | 25.00 | 37.50 | 50.00
lem2 12,50 | 1250 | 1250 | 0.00 | 0.00 | 12.50 | 25.00 | 0.00 | 12.50
lem3 1250 | 0.00 | 0.00 | 12,50 | 37.50 | 25.00 | 12.50 | 12.50 | 0.00
cgp1 25.00 | 25.00 | 12.50 | 12.50 | 0.00 | 0.00 | 25.00 | 50.00 | 50.00
cgp2 25.00 | 0.00 | 1250 | 0.00 | 0.00 | 12.50 | 25.00 | 25.00 | 0.00
cgp3 25.00 | 0.00 | 37.50 | 50.00 | 12.50 | 0.00 | 1250 | 0.00 | 12.50
pos1 37.50 | 37.50 | 25.00 | 12.50 | 12.50 | 25.00 | 25.00 | 25.00 | 0.00
pos2 12,50 | 1250 | 1250 | 12,50 | 12.50 | 25.00 | 12.50 | 25.00 | 12.50
pos3 12,50 | 25.00 | 25.00 | 25.00 | 25.00 | 12.50 | 0.00 | 0.00 | 12.50
lexpos1 | 12.50 | 25.00 | 25.00 | 37.50 | 37.50 | 25.00 | 37.50 | 12.50 | 37.50
lexpos2 | 25.00 | 37.50 | 25.00 | 0.00 | 0.00 | 12.50 | 12.50 | 0.00 | 0.00
lexpos3 | 12.50 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 12.50 | 12.50 | 0.00
chut 0.00 | 0.00 | 0.00 | 12.50 | 25.00 | 25.00 | 25.00 | 0.00 | 12.50
chu2 37.50 | 37.50 | 37.50 | 37.50 | 12.50 | 25.00 | 12.50 | 12.50 | 12.50
chud 37.50 | 25.00 | 25.00 | 25.00 | 0.00 | 12.50 | 12.50 | 12.50 | 12.50
rel 37.50 | 25.00 | 25.00 | 12.50 | 50.00 | 25.00 | 1250 | 12.50 | 12.50
Average | 20.20 | 17.80 | 17.32 | 17.20 | 15.80 | 16.72 | 18.24 | 16.80 | 16.68
Baseline 12.50%

Table G.9: The effect of increasing data size, with data size interpreted as the number of
fixed-length (or FIX) samples available for training in 8-way ABC_NL1.
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Appendix H

Robustness to Limited Data: Comparing Data
Representations and Machine Learners

This Appendix shows how the choice for instance-based or profile-based approach, or for
MBL or SVMs as learning algorithms, affects performance with reducing data size. Data size
is interpreted as the number of variable-length (or FLEX) text samples per author (cf. EXP1).
We present results for the three data sets, with experiments on the maximum number of
candidate authors for each data set.
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Appendix H. Robustness to Limited Data

In 145-way PERSONAE (baseline: 0.69%):

Machine Feature | Instance-based

Learner type ‘ 90% 80% 70% 60% 50% 40% 30% 20% 10%

MBL chr3 1090 9.10 890 855 786 621 421 345 1.79
lex3 2269 2159 19.17 16.76 13.38 9.52 6.62 2.62 1.66
pos2 5.31 552 559 566 552 400 379 352 234
lexpos3 | 22.28 21.52 19.38 16.83 13.17 924 6.69 276 1.38

SVMs chr3 28.28 24.62 2269 1793 1531 1179 821 483 2.00
lex3 19.38 18,55 18.07 1455 1186 9.10 538 248 1.86
pos2 16.48 1490 1428 128 1124 766 6.97 4.07 145
lexpos3 | 18.55 18.76 17.86 13.66 1145 793 5.03 276 1.79

Machine Feature | Profile-based

Learner type

MBL chr3 16.55 1490 12.00 1131 945 821 628 3.66 1.79
lex3 469 6.07 545 559 579 531 414 262 1.66
pos2 7.31 703 6.14 662 814 572 503 3.10 234
lexpos3 | 4.76 559 593 545 593 531 476 276 1.38

SVMs chr3 2483 2228 20.76 18.07 13.03 10.69 7.59 4.62 2.00
lex3 27.86 26.90 24.83 19.38 1538 10.90 7.45 3.03 1.86
pos2 20.76 1924 17.66 1524 1193 993 7.79 414 145
lexpos3 | 27.93 26.90 25.17 19.52 14.83 10.07 7.17 3.45 1.79

90% 80% 70% 60% 50% 40% 30% 20% 10%

Table H.1: The effect of document representation (instance-based vs. profile-based) and
Machine learning algorithm (MBL vs. SVMs) on performance in data size experiments in 145-
way PERSONAE. Data size is interpreted as the number of variable-length (or FLEX) samples
available for training (aka. EXP1).
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In 13-way AAAC_A (baseline: 7.69%):

Machine Feature | Instance-based

Learner type ‘ 90% 80% 70% 60% 50% 40% 30% 20% 10%
MBL chr3 4462 40.00 36.92 34.62 2538 30.00 29.23 20.00 17.69
lex1 30.00 24.62 19.23 1538 13.85 18.46 20.00 14.62 13.85

pos2 25.38 23.85 20.00 19.23 18.46 20.77 18.46 18.46 17.69
lexpos1 | 21.54 20.00 17.69 11.54 1154 1462 17.69 16.15 13.08

SVMs chr3 65.38 63.85 63.08 60.00 50.00 36.15 33.08 23.08 19.23
lex1 4769 37.69 3154 3154 2846 23.85 2538 1538 10.77
pos2 2769 2462 2538 23.08 16.15 19.23 1846 16.92 13.08
lexpos1 | 45.38 39.23 33.08 30.00 26.92 2385 24.62 16.92 13.85

Machine Feature | Profile-based

Learner type ‘ 90% 80% 70% 60% 50% 40% 30% 20% 10%
MBL chr3 61.54 5538 5846 5154 46.15 37.69 38.46 2154 17.69
lex1 33.08 2154 16.15 1231 16.15 20.77 13.08 11.54 13.85

pos2 20.00 17.69 1538 1846 16.15 1538 13.85 1231 17.69
lexpos1 | 35.38 26.92 17.69 1538 23.85 16.15 13.08 13.08 13.08

SVMs chr3 73.08 64.62 60.77 57.69 50.77 48.46 40.77 20.00 19.23
lex1 41.54 33.08 30.77 26.92 27.69 24.62 19.23 14.62 10.77
pos2 2462 23.08 2231 1846 1923 17.69 16.92 14.62 13.08
lexpos1 | 47.69 35.38 35.38 3154 26.92 2462 17.69 17.69 13.85

Table H.2: The effect of document representation (instance-based vs. profile-based) and
Machine learning algorithm (MBL vs. SVMs) on performance in data size experiments in 13-
way AAAC_A. Data size is interpreted as the number of variable-length (or FLEX) samples
available for training (aka. EXP1).
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Appendix H. Robustness to Limited Data

In 8-way ABC_NL1 (baseline: 12.50%):

Machine Feature | Instance-based

Learner type ‘ 90% 80% 70% 60% 50% 40% 30% 20% 10%
MBL chr3 33.75 3250 33.75 36.25 3125 23.75 2375 23.75 17.50
lex1 2750 26.25 25.00 27.50 2250 23.75 21.25 2250 21.25

post 18.75 1750 1750 20.00 23.75 17.50 20.00 16.25 15.00
lexpos1 | 25.00 25.00 21.25 26.25 26.25 21.25 2125 2250 26.25

SVMs chr3 81.25 7250 67.50 60.00 50.00 35.00 26.25 21.25 13.75
lex1 30.00 30.00 3250 27.50 20.00 17.50 16.25 26.25 21.25
post 2125 18.75 2250 1875 18.75 2125 1750 17.50 15.00
lexpos1 | 36.25 36.25 33.75 3250 2750 26.25 18.75 26.25 18.75

Machine Feature | Profile-based

Learner type ‘ 90% 80% 70% 60% 50% 40% 30% 20% 10%
MBL chr3 50.00 65.00 60.00 5750 46.25 3125 2750 2125 17.50
lex1 16.25 2125 1875 15.00 1750 11.25 1250 25.00 21.25

pos1 20.00 20.00 2250 23.75 28.75 25.00 26.25 20.00 15.00
lexpos1 | 16.25 18.75 18.76 18.75 1750 16.25 17.50 23.75 26.25

SVMs chr3 83.76 7750 63.75 56.25 51.25 33.75 28.75 2250 13.75
lex1 2750 28.75 23.75 25.00 13.75 15.00 1250 23.75 21.25
pos1 15.00 2250 25.00 1750 18.75 2250 2250 16.25 15.00
lexpos1 | 30.00 32,50 25.00 26.25 17.50 15.00 15.00 25.00 18.75

Table H.3: The effect of document representation (instance-based vs. profile-based) and
Machine learning algorithm (MBL vs. SVMs) on performance in data size experiments in 8-
way ABC_NL1. Data size is interpreted as the number of variable-length (or FLEX) samples
available for training (aka. ExP1). Performance is expressed in terms of accuracy.
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