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Abstract

The written word plays an important role in the reinforcement of gen-
der stereotypes, especially in texts of a more formal character. Wikipedia
biographies have a lot of information about famous people, but do they
describe men and women with different kinds of words? This thesis aims
to evaluate and explore a method for gender classification of text. In this
study, two machine learning classifiers, Random Forest (RF) and Support
Vector Machine (SVM), are applied to the gender classification of Wikipedia
biographies in two languages, English and French. Their performance is
evaluated and compared. The 500 most important words (features) are
listed for each of the classifiers.

A short review is given on the theoretic foundations of text classification,
and a detailed description on how the datasets are built, what tools are
used, and why. The datasets used are built from the first 5 paragraphs in
each biography, with only nouns, verbs, adjectives and adverbs remaining.
Feature ranking is also applied, where the top tenth of the features are
kept.

Performance is measured using the F0.5-score. The comparison shows
that the RF and SVM classifiers’ performance are close to each other, but
that the classifiers perform worse on the French set than on the English.
Initial performance scores range from 0.82 to 0.86, but they drop drastically
when the most important features are removed from the set. A majority
of the top most important features are nouns related to career and family
roles, in both languages.

The results show that there are indeed some semantic differences in
language depending on the gender of the person described. Whether these
depend on the writers’ biased views, an unequal gender distribution of real
world contexts, such as careers, or if these differences depend on how the
datasets were built, is not clear.
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1 Introduction

Many of the more widely spoken languages of the world use grammatical gender, gen-
dered pronouns, and other words that can sometimes reveal the gender of the person
speaking, spoken to, or about. But are there other, more semantical, gender markers
in our language? Are there topics that occur more often when describing people of one
gender than the other, and if so, what are those topics?

In certain situations, it might be better not knowing the gender of a person [20].
Gender biases in our minds might be activated by a more gendered language, something
that could in turn lead to more narrow-minded thinking: a vicious circle of sorts. In
texts of a more formal nature, it is important to use language that includes all the
demographic groups involved, without expressing prejudice or bias. Otherwise, gender
inequality will persist, as stated by Gaucher et al. in a study [12]. Excluding and
biased language can partially be avoided by using more gender neutral terms and less
stereotypical wording. Language itself may be hard to change deliberately, but it is
possible to choose words that do not reinforce gender stereotypes.

This study is about the analysis and classification of text from a gender perspective.
In general, text analysis is the task of collecting data about certain aspects in the
texts, from which conclusions are later drawn. There are many different computational
methods for content analysis and classification of text, some more suitable than others,
depending on the objective. The next subsection will give an overview of text analysis
methods, and what has been done in relation to gender studies. Some of the societal
aspects and problems are discussed in the subsection after the next. This is followed
by two subsections that present the research question and the scope of the study.

1.1 Text Classification and Gender

This subsection will describe some available methods for text classification, their
areas of use, advantages, and disadvantages. Methods applied to gender studies are
also discussed here.

In two surveys on text classification by Grimmer et al. and Gunther et al., several
types of methods are described, and similar tree structures are presented. The choice
of method is said to depend primarily on whether the categories, into which the texts
are to be separated, are known or unknown [15] [16]. If the categories are known, the
choice lies mainly between dictionary and supervised machine learning methods. If the
categories are unknown, there are two types of unsupervised machine learning methods
to choose from: computer assisted, or fully automated clustering.

According to the same two surveys, supervised machine learning methods use train-
ing documents labelled with the correct answer. A learning classifier that derives rules
from the training documents is then built. These rules are later applied when classi-
fying non-labelled documents. The classifier can be of many different types, which are
described in Section 2.6. Commonly used classifiers, as stated in both of the surveys,
are Näıve Bayes, Support Vector Machines, Neural Networks, and Random Forests.
Dictionary methods compare the frequency of words belonging to different categories,
and then the text is assigned the category with the highest frequency. This is a simple
approach if one can find a suitable dictionary for the domain, but it can give bad re-
sults if a dictionary from the wrong domain is applied, as stated by Gunther et al. All
text classification methods are based on fundamentally flawed models of language, and
the method required can change when other data is used. Caution must therefore be
observed, and the chosen method should always be validated, according to Grimmer et
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al.

Sentiment classification (or analysis) is a special case of text categorisation, where
a text can be classified as having either a positive or negative tone. This can be used to
gather information about political opinion or what people think of a certain product.
In a survey by Medhat et al., two main approaches are mentioned: machine learning
(supervised and unsupervised) and lexicon-based [21]. A third approach mentioned is
a hybrid between the two main ones, which is commonly used.

A possible gender perspective on text analysis is to analyse how frequently certain
topics occur in texts describing women versus men. A study of that kind has already
been carried out by Dahllöf et al., where classics from around the early 1900s were
analysed and compared to contemporary bestsellers [8]. This was done using topic
modelling, a technique that categorises words in a text as belonging to different topics.
As Gunther et al. state, the LDA-based (Latent Dirichlet Allocation) variants of topic
modelling are the most common ones, although there are many others.

Author profiling is another type of text analysis with possible gender focus. One
such study conducted by Argamon et al. found that there are algorithms that can guess
the gender and age of anonymous authors with an accuracy of around 75% [1]. For
this, supervised machine learning was used, either by looking at certain linguistic style
markers or at the content itself. Regarding guessing author gender, a study has also
been made by Bamman et al. on linguistic variations among gender non conforming
user groups in social media [3]. The study concludes that one can find out what the
authors in failed classification cases have in common, and then use this information to
improve the algorithm.

A comparison has also been made between various types of supervised machine
learning methods for author profiling in social media at the Author Profiling Task at
PAN, among which gender is one author profiling aspect. An overview of the results
from the first conference is given by Rangel et al. [25]. This was initially done in both
English and Spanish, to find out whether there was a performance difference there. This
task has been repeated every year, starting in 2013. In 2014, the social media corpus
was extended with Twitter, blogs, and hotel reviews [24]. In 2017, this comparison was
extended to four different languages [26].

There exists an application for finding gender coded words in English text, called
The Gender Decoder for Job Ads [13]. The idea for this decoder was inspired by the
research of Gaucher et al. mentioned in the introduction. Gender coded words are
words that are almost always used for one gender, but not the other. The application
uses two lists, containing approximately 50 masculine- and feminine-coded words each.
It then calculates the relative proportion of feminine- versus masculine-coded words in
a text. This is an example of the dictionary method.

According to the division of text classification algorithms mentioned in this section,
the dictionary or supervised machine learning methods are usually preferred when the
categories (two genders) are known. For this study, the choice of method has fallen on
the supervised machine learning alternative.

1.2 Societal Aspects of Gendered Text Classification

Algorithms for identifying gender differences in texts may be an interesting area
of research, but are there any negative consequences? In this chapter, some ethically
dubious aspects will be accounted for, and their societal implications will be discussed.

A corpus of texts can be an indication to what society looks like, but is not per se
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representative of all society. It is hard, if not impossible, to entirely avoid systematic
deviations in datasets, but some things can be done to avoid it as much as possible
[34]. To avoid selection bias, it is important to consider what strategy to apply when
gathering the data: where to look for it, and what constraints and criteria to use when
collecting it. If the dataset is unbalanced in some aspect, the consequences can become
worse than expected since training machine learning algorithms on biased data can
amplify gender bias in the output. This is because machine learning uses existing bias
in the data as shortcuts to maximise the number of correct predictions [9][40]. Suppose
that the occurrence of the word ”tall” is more prevalent in texts about men than in
those about women. Then a hypothetical algorithm may well make incorrect guesses at
sentences like ”she was tall”. At the same time, incorrect guesses in the more unusual
cases are inevitable, since the output is dependent on statistics.

Another aspect that should be mentioned is that these studies usually include only
the genders man and woman. Non-binary, and binary but gender non conforming, trans
people are at risk of being made invisible or mis-gendered. For example, cisnormative
bias and particularly gender binary bias is common in health research, as discussed in
[10]. Another example, this time within the field of computer science, is how Facebook
has kept the gender binary in its databases even after it was made possible for users to
choose between more than two genders in 2014 [4].

When conducting a study, it may not always be an end in itself to make all gender
categories visible. However, it may be a good idea, from an ethical perspective, to con-
sider their existence. Depending on the study objective, less frequent gender identities
can be irrelevant; from a practical perspective it also is understandable if one wants
to abide by two simple categories. However, it should be made clear that this is the
intention.

What is meant by gender needs to be clearly defined: is it the legal gender, the
gender identity, or the gender perceived by someone else? Legal gender and gender
identity are probably of less importance in text analysis; the information is in the
author’s hands regardless of what those might be. The author defines the gender of
any person it describes, and maybe also of themselves. This implies that gender in text
analysis should be defined as the gender perceived by the author.

For simplicity and various practical reasons, only two gender categories will be
taken into account in this study: women and men. How these are defined, and why, is
explained in Section 3.1.

1.3 Purpose and Research Questions

The purpose of this study is exploring how a supervised machine learning classifier
identifies gender of a main figure in text, and what this says about gender bias in the
dataset used.

• How does gender classification of text work?

• What are the most important features to classification?

• What patterns can be found among the most important features?

• What other factors affect the performance?

The primary machine learning classifier that will be looked at is of the type Random
Forest (RF), which is an ensemble of Decision Trees. Support Vector Machine (SVM)
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classifiers will also be used, to compare the performance with a non-tree based classifier.
This is because SVM is a commonly used classifier for sentiment analysis [18], a problem
that is similar to text gender identification, because it often uses only two or three
categories.

The datasets will be in two languages, because it is interesting to see if the perfor-
mance is dependent of language. A large part of this study concerns how the corpora
are to be processed to fit both languages. Among the expected results are thus not only
an evaluation of a text gender identification method, but also a detailed description of
how the datasets are created for this purpose.

Why use decision tree learning? Among the different types of supervised machine
learning classifiers that can be used for text classification, there are a few that are
more explainable than the others: decision tree and decision rule classifiers. Their
explainability makes it easier to understand why a certain decision was made, something
that is of importance to understand the results.

The principal function of different machine learning classifiers in general, and deci-
sion trees in particular, are explained more thoroughly in Sections 2.6 and 2.7, respec-
tively.

1.4 Delimitations

Since there are no datasets available for the purpose of this study, large part of the
project will consist of creating these datasets. This includes the feature selection and
dimensionality reduction that comes with creating a dataset. The scope of this study
will thus be wide, but somewhat shallow: the algorithm comparison itself will not go
into great detail.

1.5 Structure of the Thesis

In Section 2, the theory of text classification will be explained, including the choice
of performance measure, and an overview of some machine learning classifiers. Section
3 will explain in detail how the research question is to be answered, and Section 4 will
show the results of experiments in the form of graphs and tables. In Section 5, these
results will be interpreted, discussed from different points of view, and compared to
other work. Appendices A, B, and C show the results.

2 Machine Learning in Text Classification

The contents of this section are mainly (if no other citation is given) based on in-
formation from one survey by F. Sebastiani about machine learning applied to text
categorisation [30].

2.1 Definitions

In supervised text categorisation machine learning we have a document domain D
and a set of predefined categories C, under which those documents are to be classified.
An initial corpus Ω ⊂ D is preclassified manually. A general inductive process auto-
matically builds a classifier Φ : D × C → {T, F} that assigns a boolean value for each
pair < dj , ci >∈ C ×D, where i, j ∈ N; dj is the j:th document in D, and ci is the i:th
category in C.
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Inducing a classifier for category ci essentially consists of defining a categorisation
status value function (CSVi). This function is defined as CSVi : D → {T, F} and
returns a categorisation value for a given document dj . If CSVi returns True, it means
that document dj belongs to category ci, according to the classifier.

2.2 Text Preprocessing and Dimensionality Reduction

The corpus is initially a set of documents. Each document needs to be processed
into a list of words, where only the words that are important to the classification are
kept.

The first part, text preprocessing, is mainly about tokenisation and stop word re-
moval. Tokenisation means splitting up the text into lists of words. Punctuation and
apostrophes are often removed in this process. Stop words are words that do not carry
much meaning, for example prepositions, pronouns, and conjunctions.

The second part, called dimensionality reduction, can consist of many steps, de-
pending on the dataset and classification task. The main steps are feature selection
and feature extraction. Feature selection is about keeping the words of most importance
to the classification task. In this step, part-of-speech(POS)-tagging can be used if one
wants to filter out certain POS. This can be useful, since there are certain POS that
usually do not contribute much to the meaning of the text, such as prepositions and
pronouns. Feature extraction is about merging certain features, that have something
in common, into one. Lemmatisation is one form of feature extraction, which aims
to merge different inflections of a word into the word’s base form, or lemma. Another
option in feature extraction is stemming, which instead cuts off the endings from words.
This leaves only the stem, which is often not a real word.

2.3 Document Indexing

The processed and dimensionality reduced corpus can be seen as a set of documents,
where each document is represented by a list of words, and the same words may appear
multiple times. The corpus now needs to be processed into a suitable format, a dataset
that fits the classifier. The dataset should be on a format where each word is only
represented once, but with different weights. This is what document indexing is about.

In document indexing, each document is made into a distribution of term weights,
where a term corresponds to a unique word. If a binary document representation is
used, weights 1 and 0 mean that the word is present or not, respectively. Otherwise,
the weight of a term usually ranges from 0 to 1, and is computed with formula

tf-idf(tk, dj) = #(tk, dj) · log
|Tr|

#Tr(tk)

where #(tk, dj) is the number of times term k occurs in document j, and #Tr(tk) is the
number of training documents in which term k occurs. Intuitively, this formula yields
a higher weight if a term appears often in one particular document and seldom in the
rest of the corpus, and vice versa.

After document indexing, each document is thus represented by a vector
−→
dj of term

weights. Each of these vectors have as many elements as the amount of terms in the
whole corpus, where many of the terms for one document have weight 0, since all words
are not present in all documents.
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2.4 Cross Validation

After training the classifier, it needs to be evaluated. This evaluation is done exper-
imentally rather than analytically, due to the subjective nature of text classification.
When the dimensionality reduction and document indexing are done, the corpus Ω has
been transformed into dataset ω. Typically, ω is split into a training set and a test
set. The training set may in turn be split into a training set and a validation set. The
training set is used for building the classifier, and the validation set for optimisation
and parameter tuning. The test set is for evaluating the classifier’s performance.

If ω is small or the feature set is large, it is preferable to perform a cross validation
on the whole training set [5], instead of dividing the training set into a validation set
and a training set only once. Cross validation is done in the following manner. In each
of the k iterations, ω is split into k subsets, where the i:th subset is used as a validation
set, Va, and the rest is used as training set. A new classifier is thus trained for each
iteration. In every iteration, the classifier will be a little different, because it has seen
parts of training data that the other classifiers have not. It is validated using the i:th
subset, which this particular model has never seen before.

A performance measure is calculated in every iteration, and finally the mean score
of all the iterations can be calculated. This results in an estimate of how the model will
perform in practice. Cross validation gives a more reliable score with larger k, because
it decreases variance. The test set can be used afterwards for extra validation.

2.5 Performance Measures

A performance score that is suitable for the problem context needs to be chosen. It
should somehow represent the classifier’s ability to take the right classification decision.
What is right in the current context needs to be assessed.

Accuracy is a simple and intuitive metric. It describes the percentage of total items
classified correctly, given by the following equation.

Accuracy =
TP + TN

TP + TN + FP + FN

where TP is the amount of true positives, i.e. correct classifications under some category
c; TN is the amount of true negatives, i.e. the correct classifications under another
category than c (thus category c); FP is the amount of false positives, i.e. incorrect
classifications under c; FN is the amount of false negatives, i.e. incorrect classifications
under c.

Accuracy is acceptable to use if the amount of samples from each category is almost
the same, and only if the cost of both false positives and negatives is the same. The
latter is seldom the case, and therefore it can be a misleading metric to use. This is
discussed by Garcia et al. [11].

Precision and Recall

A way to get a more complete picture of the performance is to use precision π and recall
ρ, both numbers in the interval [0,1]. Precision with respect to ci is the probability
that if a random document dx is classified under ci, this decision is correct. In other
words, precision measures the ability to identify only relevant instances. This means
that when precision is high, you can be sure about the result when the prediction is
positive. Recall with respect to ci is the probability that if a random document dx
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ought to be classified under ci, this decision is taken. In other words, recall measures
the ability to identify all relevant instances. Here, it does not matter if some instances
are misclassified as ci, what counts is the amount of instances that do belong to ci
and that were found. This means that when recall is high, you can be sure about
the result when the prediction is negative. Figures 1 and 2 illustrate this, to facilitate
understanding of the difference between them.

Actual A

Actual B

Predicted as B

Figure 1: A venn diagram showing high recall and low precision. What falls inside
the rectangle is predicted as belonging to class B, the left circle shows what
actually belongs to A, and the right circle what actually belongs to B. True
negative predictions are shown in blue (A outside of rectangle), true positive
in green (most of B), all false predictions in red. If recall is more important
than precision, it means that one can tolerate more false positives than false
negatives. It is acceptable to get many false positives, as long as almost all
the instances of category B are found.

Actual A

Actual B

Predicted as B

Figure 2: A venn diagram showing high precision and low recall. What falls inside
the rectangle is predicted as belonging to class B, the left circle shows what
actually belongs to A, and the right circle what actually belongs to B.
True negative predictions are shown in blue (most of A), true positive in
green(most of B), all false predictions in red. If precision is more important
than recall, it means that one can tolerate more false negatives than false
positives. It is acceptable to miss some instances belonging to category B,
as long as the amount of false positives is kept low.

Precision and recall are calculated by the formulas:

π =
TP

TP + FP

ρ =
TP

TP + FN
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There is often a trade-off between precision and recall [14], so usually it is hard to get
a high score for both of them. Precision is more important in cases where you prefer
the number of false positives to be lower than the number of false negatives, and vice
versa for recall.

Here is a real-life example: in a system of justice it might be important to consider
whether it is more important never to judge innocent defendants as guilty, or if it is more
important to convict all of the guilty defendants as such. If the latter, i.e. recall, were
more important, then one would need to accept some innocent people being punished,
but if the former, i.e. precision, were more important, then one would need to accept
some guilty ones going free. Clearly, which one is more important depends on the
application domain. When deciding which metric to use, it is a good idea to think
about what costs are associated to the false positives and negatives.

There are different ways of combining precision and recall, where F1-score is one.
The F1-score is a special case of the Fβ score, and calculates the harmonic mean of
precision and recall, which is a value closer to the smaller of the two. This might be a
perfect metric if precision and recall are equally important, something that is seldom
the case. However, it does give a fair idea of the balance between precision and recall,
and is a commonly used metric. Other cases of the Fβ score are the F0.5 and the F2

scores, that lean more towards precision and recall, respectively [28].

The F0.5-score will be used as performance evaluation metric in this study. The
reason is that it is practical with a one-number score, and that this score is more
weighted towards precision, while still taking recall into account. In identifying the
gender of texts, it is of greater interest to correctly classify as many as possible (high
precision), than to find exactly all instances belonging to a certain class at the cost of
misclassifying some instances as that class (high recall).

Score Averaging

The generality of a category ci in a corpus Ω is the percentage of documents that belong
to ci. If a category has low generality it means that there are few positive training
instances of that category. Estimates of π and ρ can be obtained by microaveraging
or macroaveraging. If the categories have different generality, it is important to think
carefully about which method to choose. Large categories dominate the smaller ones
in microaveraging; if you want to bias your metric towards the most populated ones,
microaveraging is better. If the categories are of equal sizes, it does not matter much
which method is used. However, if they are of different sizes and a fair measure of the
smaller classes is wanted, then macroaveraging is better [37].

This is what the microaveraging formulas look like:

π̂ =
TP

TP + FP
=

∑|C|
i=1 TPi∑|C|

i=1(TPi + FPi)

ρ̂ =
TP

TP + FN
=

∑|C|
i=1 TPi∑|C|

i=1(TPi + FNi)

where TPi is the amount of true positives under category ci, and so on. In this study,
there are two categories with approximately the same amount of positive examples.
That is why the micro-averaging method will be used when calculating the score.
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2.6 Machine Learning Classifier Types

This is a short overview of the different types of classifiers:

• Probabilistic - views CSVi(dj) in terms of P (ci|dj), which is the probability of
document j belonging to category i. A common classifier of this type is Näıve
Bayes, which is based on the (näıve) assumption that document vector coordinates
are statistically independent of each other.

• Decision tree - makes a decision by recursively traversing a tree until a leaf is
reached. In this tree, internal nodes are labeled by terms, branches from these
nodes are term weight tests, and leaves are labeled with categories. Usually the
document representation is binary, and so is the decision tree in that case.

• Decision rule - consists of a DNF (disjunctive normal form) rule on the form:
if < DNFformula > then < category >. The literals in the formula denote the
presence or absence of terms.

• Regression method - works by fitting training data. One common version is
the linear least-squares fit (LLSF). In LLSF, each document dj has two vectors
associated to it: the input vector I(dj) of size |T |, and the output vector O(dj)
of size |C|. LLSF then computes the linear least-squares fit that minimises the
error on the training set.

• Linear - can be divided into batch and on-line (or incremental) methods. Batch
method classifiers are built by analyzing all the training set at once, Rocchio is an
example of these. The perceptron algorithm is an example of on-line methods. A
linear classifier for category ci is a vector of term weights −→ci =< w1i, ..., w|T |i >,

such that CSVi(dj) corresponds to the dot product of −→ci and
−→
dj .

• Neural network - the most simple versions are networks of input nodes (repre-
senting terms) and output nodes(representing categories), with edges from every
input node to every output node. Every edge has a weight. When classifying a
document it loads the term weights to the input nodes, and return a result from
the output nodes. In training, the term weights in the document to train on are
loaded to the inputs, and if the document is misclassified, the edge weights are
adjusted.

• Example-based - classifies documents at test time by looking at the labels of
documents similar to the test document. Classification is performed without any
preceding training. This is inefficient at classification time. The k-NN (k nearest
neighbours) is one example of this method.

• Support vector machine - finds the best surface with which to divide the
training documents (with the largest margin), grouped after their term weight
vectors. New documents are then classified as either ci or ci by looking at which
side of the surface it ends up. No dimensionality reduction (pre-induction) or
parameter tuning (validation) is needed.

• Committee / ensemble - a combination of other classifiers. There are different
ways of combining them, the simplest is majority voting. Random Forest is an
ensemble of Decision Trees.
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In the next subsection, some of the most commonly used decision tree based classifier
algorithms are explained, since this is the type of classifier that will be used in this
study.

2.7 Decision Tree Classifier Algorithms

The choice of machine learning classifier to use in this study landed on a decision tree
based one. This is due to the fact that their decisions are more intuitively interpretable
than most other classifiers. In a study like this, the results become more interesting if
they can be explained and discussed. The feature at the root node of the tree is the
most important factor in a classification decision, i.e. the most decisive word for the
given corpus. If the feature has a high weight (above some value) in a text that is to be
predicted, it means that the decision path will continue on one side of the tree, whereas
it will choose a path on the other side if it has low weight.

Among the most well-known algorithms are Iterative Dichotomiser 3 (ID3), its suc-
cessor (C4.5), Classification and Regression Tree (CART), and Chi-square Automatic
Interaction Detection (CHAID), of which the first three are compared in a survey from
2014 [31]. This comparison makes it clear that CART has some important advantages
over the other two: CART can handle outliers and missing values in the data, and has
a pruning strategy.

If the dataset is represented as a table, then the columns of that table are the
attributes, and each row is a new observation, or instance, with different values for each
of the attributes. ID3 does a top-down (from the root) greedy search of the attributes:
splitting on the best attribute first, then removing it from the table, looking for the
next attribute, and so on [19]. It uses entropy and Information Gain (IG) to decide
which attribute to choose, splitting the current node on the attribute with the highest
IG. The more choosing some attribute decreases entropy in relation to the current state
entropy, the higher the information gain. ID3 is a recursive algorithm, and will return
from a branch when a leaf node is encountered. This will happen when all remaining
training examples are either positive or negative, i.e. when the Entropy of the branch
is 0.

The attribute tests in ID3 and C4.5 allow two or more outcomes, whereas in CART,
they always produce binary outcomes. CART is a binary recursive partitioning pro-
cedure, and works as follows [39]: it starts at the root node, by assigning all data to
it and then defining it as a terminal node. For all terminal nodes in the tree, it finds
the attribute that best splits the current node into two child nodes. The attribute that
would give the lowest GINI Index at a split is chosen. The split is done using a splitting
rule on the form

an instance goes left if CONDITION, and goes right otherwise

where CONDITION is either about the value of an attribute being within some bound-
ary, for continuous attributes, or its membership in a list of values, for categorical
attributes. Repeated splits on the same attribute are allowed. The tree growing stops
when there are no more data, or when all the samples in a terminal node have the same
label.

When a maximal tree is grown, cost-complexity pruning is performed. Pruning
means removing a split and absorbing the two children into the parent. A cost-
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complexity measure is used for the pruning:

Ra(T ) = R(T ) + a|T |

where R(T ) is the misclassification cost of the tree T , |T | is the number of terminal
nodes in the tree, and a is a penalty on each node in T . A nested sequence of pruned
subtrees is generated using this measure, where the penalty a is increased gradually.
The optimal tree is the one that achieves the lowest misclassification cost on test data.

Random Forest is an ensemble of Decision Trees. The trees are combined in different
ways depending on the RF algorithm. A common way is to use voting, where the tree
in the forest that gets the majority vote, by using some voting function, makes the
decision. RF classifiers are less prone to overfitting, because of the Law of Large
Numbers [6]. Scikit-learn uses an optimised version of CART in their decision tree
classifier [23], [7]. Scikit-learn’s decision tree classifier is also used in their Random
Forest classifier, which is the one that will be used in this study.

2.8 Further Dimensionality Reduction

The field of dimensionality reduction is an important step in creating a relevant
dataset for the classification task. The large amount of features is a problem that is
almost omnipresent in the general field of text classification [2]. The more basic feature
extraction, including stop word removal, only alleviates this problem to a small extent.
The dataset can be seen as an n × m matrix where n is the amount of documents,
and m is the total amount of features (representing words). If the m- dimension is
large, and especially if the data contains a lot of words that do not contribute to the
classification (noise features), classification becomes inefficient. Much noise can also
lead to overfitting, especially in decision tree classifiers.

Reducing the dimensionality in a way that does not remove important features
is consequently an important task, but a difficult one. Dimensionality reduction for
sentiment analysis has been studied by Sayfullina et al. [29]. In that study, a new type
of feature ranking, called supervised tf-idf (for an explanation on tf-idf, see Section 2.3)
score, is presented. This means that a significance score is calculated for each feature,
using the labeled training data. Ranking the features like this makes it easier to select
the best features. To calculate the significance score, one needs the array of document
category labels y to be balanced, containing either positive or negative numbers. In
the sentiment analysis context, it is natural for y to consist of the numbers -1 and
+1, for negative and positive sentiment. The supervised tf-idf score is calculated by
taking the scalar product of y and the array of tf-idf values that one feature has for
all documents. If the higher values are more often paired with the negative numbers
in y, the score will be negative, and vice versa. The absolute value of this score tells
us how significant the feature is for classification in general, no matter for which of the
two categories.

The supervised tf-idf score was in the same study compared to unsupervised tf-idf
score, which is the sum of the weights for a feature across all documents. This score
does not say anything about the significance of the feature for classification, but it does
say that the feature is generally an important feature, since it has a high accumulated
tf-idf value. In the comparison, it appeared that the unsupervised version did better for
feature spaces larger than 200, when and Extreme Learning Machine (ELM) classifier
was applied to the resulting datasets.

In the same paper, a new algorithm for word clustering is presented. Words with
similar meaning are merged into one feature, reducing the feature space considerably.

11



In contrast to the previously mentioned feature selection approach, this will not remove
any of the features, but group their weights together into one. In this way, no important
information is lost. Therefore, with this algorithm, classification should become more
accurate, efficient, and the chance of overfitting should decrease.

The methods mentioned here are only a few of the possible ways to reduce dimen-
sionality. There are several other feature space clustering methods, as described in
the works of Rehurek et al.[27] and Heuer et al.[17], as well as k-means clustering and
feature agglomeration, which are both provided by the Scikit-learn machine learning
library.

Scikit-learns also has a SelectKBest function that can be used for feature ranking
and choosing the k top features. SelectKBest works by using a score function, where
one option is the chi2-score. The chi2 score function calculates Chi-squared statistics
between features and class, measuring dependence between the variables. This elim-
inates features that are likely to be independent of class, which do not contribute to
classification.

The dimensionality reduction methods mentioned in Section 2.2 could be sufficient
to create a relevant dataset, but if there is time, some of these methods can be an
interesting extra option.

3 Method

Decision tree classifiers can tell us what the most important feature is for the classifica-
tion, which in this case would be the most important word of the corpus. When training
the classifier on a dataset where more obviously gender-related words are present, the
most important feature of the trained model is likely to be such a word. If this word is
repeatedly removed from the dataset, however, a less obviously gendered word might
eventually take its place.

To understand what types of words make the biggest difference in deciding the
gender, looking at these words is interesting, as well as looking at what performance
score they give. If the score comes down to levels where random decisions would do
better, it means that the most important feature of the model is not so important.
This process will yield a list of most important features, which might explain any
performance differences between datasets, if any obvious deviations are found between
the lists.

To get a picture of what features in the corpora are the most important to the
classifiers, an iterative approach is proposed, from now on called the iterative feature
removal procedure, or IFRP. In each of these iterations, a classifier is trained on the
dataset, the performance score is calculated, and the best feature is removed from the
dataset.

Initially, when many explicitly gender-related words are still present in the corpora,
the decision trees will probably have roots consisting of these words. When more
gendered words are removed, guessing what the decision tree looks like will become
less obvious, and the performance will eventually fall. If the performance score drops
below 0.5, the most important features will no longer be reliable for classification, and
the iterations stops.

The IFRP will be done using both the SVM and RF classifier, on both the En-
glish and French dataset. In the end, all the performance scores and the associated
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top features will be the result, enabling a performance comparison across datasets and
classifiers.

This is the order of procedure (see also Figure 3):

1. Build the text corpora (English and French).

2. The two corpora are processed into two datasets, but some different versions will
be made of each, with different degrees of dimensionality reduction performed on
them.

3. Perform a hyper parameter search on all sets, using cross-validation.

4. Assess which hyper parameters and set versions give the best performance, build
a classifier with those.

5. Run cross validation of the classifiers, calculate a mean score from results.

6. Remove the most important feature from the two datasets respectively.

7. Repeat steps 5-6, removing more features. Stop iterating when score is 0.5 or
lower.

8. Look at the top most important words in the two languages, especially the last.
Plot how the performance drops from the first word to the last. Also compare
these scores for the different algorithms and datasets.

build text
corpora

process
corpora

into
datasets

hyper
parameter
search on
all sets

build
model

with best
parameters

and sets

cross
validate
model,

calc. mean
score

remove
most

important
feature

i < 500 or
score >

0.5?

compare
results

yes

no

Figure 3: A flow chart describing the method work flow.
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3.1 Data Collection

There are, to my knowledge, currently no available datasets of texts about one
person per text, that are labeled by the gender of the person it describes. This is
why a new dataset has to be built. Wikipedia has many biographies about celebrities,
historical figures, scientists, and the like. Wikipedia biographies can be listed by gender,
using the Wikidata API. What biographies belong to which of the two gender categories
(man or woman) is thus defined by Wikipedia.

In the aspect of language comparison, it is important to collect texts that are as
equal as possible in both languages with respect to content. An advantage of using
Wikipedia biographies is that the same articles exist in many languages, making a
comparison between the two corpora more valid. The articles are not necessarily written
by the same author, or about the same subjects, but they will probably have more in
common than two articles that are not about the same person.

Another advantage is that the biographies are structured in roughly the same way,
and the first section usually contains a more general description. This means that
the contents will be comparable between articles about different people, especially if
choosing only the first section. To avoid unnecessary gender bias in the classifiers, the
corpora will contain roughly equal amounts of biographies about men and women.

The text corpora used in this study will be built from the first 5 paragraphs of
4000 Wikipedia biographies in the two respective languages. The same articles will
be chosen in both languages, to make the two corpora more comparable. The first 5
paragraphs are chosen to make each text more comparable to the rest. This is based
on the assumption that the first few paragraphs are usually a more general description
than the following content.

The languages English and French were chosen because they are from two different
linguistic families, which makes the comparison more interesting. Other advantages are
that they are both big languages, with many of the same Wikipedia biographies existing
in both languages, and that there are good tools for processing text into datasets in
both of these languages.

There is an unbalance in the amount of biographies available about women, com-
pared to those about men. For articles that exist in both French and English, there
are about 70900 articles about women, and a significantly larger amount about men.
For other language combinations, the corresponding sizes are smaller: for Spanish and
English the amount of articles about women is approximately 52400, for example. To
keep a gender balanced dataset, the smaller set size is used for both gender categories.

To get a fair assessment of the chosen algorithm, it is also better if the datasets
are equally distributed in terms of gender. The reason for a person to be known might
make a difference in how they are described; a scientist could be portrayed differently
than an actor, whatever the gender. Therefore, it would be preferable if there was a
fairly equal amount of both genders in every category of the biographies. However, this
is not guaranteed to be the case in this study, due to the large amount of professions
and occupations to keep in mind. On the other hand, the Wikidata API seems to give
quite arbitrary results from one query to another when limited. I do not know how the
top results are chosen when limited, but one guess is popularity, since they are not in
alphabetical order. If this is the case, there is a risk of bias if the most popular articles
about women are about people of different professions than those about men.

4000 was deemed to be a reasonable sample size, considering the limitations of
processing time and disc space. Tests were performed on datasets with size 400, and
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results were significantly worse than when using the size 4000.

3.2 Building the Dataset

To build the two text corpora, texts containing gendered words (implying the text
is about a man or woman) need to be gathered. When the texts are extracted from
Wikipedia, they are labeled according to the gender the person is said to have on
Wikipedia.

In the next phase, the corpus will be processed, finally resulting in the n×m matrix
X of tf-idf weights, and array Y of size n. Each row in X represents one document,
and is an array of m features, where each one has a weight that says how important
the word associated to it is. Y consists of the category labels, one for each document.
In the processing phase, it is important to use processing tools that work for both
of the chosen languages, to ensure the comparability of the two corpora. These tools
can be tokenisers, POS-taggers, lemmatisers, stemmers, and more. English and French
were chosen because many of the same Wikipedia biographies exist in both languages,
and because there are good tools for feature selection and extraction in both of these
languages.

The first step in the processing phase is tokenising. Each document is transformed
into a list of words. The second step is called feature selection. Words that do not
carry a lot of meaning are filtered out. This can be stop words, numbers, and words
containing foreign language characters, but also city names, company names, personal
names (also known as named entities). Words of different parts of speech can be
selected or left out. Verbs, nouns, adjectives, and adverbs are in my opinion the most
meaningful parts of speech in the language, in the sense that you can easily guess what
subject a text is about when leaving out all parts of speech, but these.

On the account of named entities: the name of the city where a person was born
will probably not add much value to the gender classification of a biography. Company
names might make a difference if it concerns, for example, a company where the pop-
ulation of employees has an uneven gender distribution. Personal names as such could
probably make a difference in gender classification of text in general, but biographies
can contain names of many other people than the main figure. Taking these aspects
into account, the conclusion I draw is that classification performance will not suffer
from removing this kind of words from the corpora.

The third step is the feature extraction. This is when lemmatising and/or stemming
should be done. As described in Section 2.2, lemmatising transforms different word
inflections to their lemma, and stemming removes the suffixes from some words, leaving
only the stem. Applying stemming after lemmatising will reduce dimensionality further
in the cases where different POS with the same stem have been lemmatised to similar
words. For the classification task in this study, those words might as well be merged into
one feature. Some suffixes that reveal gender could be removed by applying stemming
as well. Removing as many gendered suffixes as possible could make the results more
interesting, since it becomes less obvious what words make a difference in classification.

As mentioned in Section 2.8, the amount of features is often a problem in text
classification. Therefore, as much as possible should be done to reduce the feature
space dimensionality. The semantic word clustering (described in Section 2.8) option
was considered, but it was found in a late stage, and there was not enough time to
make the necessary changes in the application structure, or for the implementation, to
make use of these ideas.
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After this text processing it is time to convert the list of word lists into a matrix of
feature weights, representing the importance of each word. The journey of dimension-
ality reduction does not necessarily have to end here. For example, feature clustering is
an option that could merge together the weights of words that are similar in some way.
Another option is using feature ranking methods, for selecting the top features. This
will be experimented with to see if any of these methods can improve performance.

3.3 Evaluation

When the dataset is finally ready for use, it is time to start the classifier evaluation.
The F0.5-score will be used as performance evaluation metric in this study (see Section
2.5). Performance needs to be evaluated through a k-fold cross validation. The point
of using cross validation is to re-use the same data in different ways, and it is therefore
especially suitable for small datasets. In general, lower k means less variance (because
of larger sample size in the validation set) but more bias, and vice versa for higher k [36].
The mean score calculated from cross validation will be used to compare a classifier’s
performance for the different datasets, and to compare the different classifiers for the
same dataset. For this work, a k value between 5 and 15 will be sufficient.

Before the actual evaluation, it can be a good idea to do a hyper-parameter search,
to find the best settings for the classifiers. This can be automated by using Scikit-
learn’s GridSearchCV, which iterates through a given set of parameter types and values,
combined with k-fold cross validation, and returns the best parameter values. The
search will be done on all sets, to also facilitate a decision on which sets to use, and
thus giving an answer to which dimensionality reduction method worked the best. This
search also gives an idea about in what spectra the best parameter values lie. After
the first search, a second search will be done if needed, on only one set, to fine-tune
parameters within those spectra. After the parameter tuning, the real evaluation can
start: this is where the IFRP will be applied.

4 Results and Analysis

This section will give a description of what was done, how it was done, what tools were
used, what decisions were taken along the way, and why. A description of the results
in the form of graphs and tables will also be given.

4.1 Collecting and Labeling Data

A Python application was implemented to extract Wikipedia biographies. The
texts were downloaded from Wikipedia by making SPARQL[33] queries at the Wikidata
Application Programming Interface (API) [38]. If there were more results for one gender
than the other, a random sample of the smaller size was chosen from the larger set.
However, this did not happen with a query limit as low as 2000. The labeling according
to gender was actually already done automatically in the first step, because the queries
request the articles about people of one gender at a time.
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4.2 Preparations

Software

Another Python application was developed for processing the corpora and building
the actual dataset. In the same application, functionality for tuning, running and
evaluating the classifiers was built. A top feature remover was also implemented, for
running the IRFP: a method for iteratively training and testing the classifier, and then
removing the most important word from the dataset.

From the beginning, only the DecisionTreeClassifier was used, but the application
structure made it easy to add more classifiers to compare with afterwards. Many other
decision tree based classifiers were tried: RandomForestClassifier, ExtraTreeClassifier,
and ExtraTreesClassifier, all from Scikit-learn. However, only RandomForestClassifier
was kept, to keep the comparison simple. This choice was based on the observation of
early test runs, looking at the performance without removing any of the top features,
where Random Forest had the highest result of the decision tree based classifiers.

Datasets

The processing of each document started by splitting the text into a list of words, each
with an associated POS-tag. This was done using Spacy [32]. Special stopword corpora
from the Natural Language Toolkit (NLTK) were used for identifying and filtering out
stopwords in both languages [22]. Spacy automatically finds named entities during the
previous tokenisation and POS-tagging process, so these were also filtered out. Verbs,
nouns, adjectives, and adverbs were selected from the remaining list of words. For the
feature extraction, Spacy’s Lemmatizer and the NLTK SnowballStemmer were used,
because these work in both languages.

For the document indexing, the TfidfVectorizer from Scikit-learn was used, yield-
ing a sparse matrix of numbers. The dimensionality could still be reduced further in
different ways. First, some experimenting was done with Scikit-learn’s Feature Ag-
glomeration software, to merge features together in clusters. However, this generated
clusters of uneven size with questionable semantic coherence of words, and performance
dropped significantly using the resulting dataset.

The Scikit-learns’s SelectKBest was also tried, using the score function chi2, with
two different K values. Two alternate versions of the datasets were created, with
different dimensionality. The K values used for SelectKBest were 200 and 1/10 of the
feature space size F. This resulted in three different versions of the English and French
datasets respectively, with different size of F: one with no additional dimensionality
reduction (F ≈ 10000), one with a (top) tenth of the features(F ≈ 1000), and one with
only the 200 best features (F = 200). Let us call the sets L, M and S, after their sizes.

4.3 Choice of Parameters and F

The first parameter tuning was done using GridSearchCV from Scikit-learn, for
both the SVM and Random Forest classifier. The first round was done using all three
dataset versions for both languages respectively. GridSearchCV can not use the F0.5-
score, so precision and recall were used. Each tuning is done in two stages, one tuning
for precision, and the other for recall. When tuning is done for precision, recall can be
lower, and vice versa. The set was split into two halves, where the first half was used
for the parameter tuning, and the other half was used as a test set, running the best
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classifier on it.

The performance was calculated using k-fold cross validation, and a k-value of 5
was used, since the dataset was large and many iterations takes a long time. For the
Random Forest classifier, these were the parameter values:

• max depth: [5, 50, 100, None], The maximum depth of the trees produced.

• min samples leaf: [1, 2, 4, 16], The minimal amount of learning samples at a leaf.

• n estimators: [20, 40, 70, 100], The amount of trees in the forest.

The SVM needs to have a linear kernel, since it is impossible to get the most
important feature if not. The only parameter left to tune was then:

• C: [1, 10, 100, 1000], Measures how much you want to avoid misclassifying each
sample.

Both precision and recall were higher for English than French, for both SVM and
Random Forest. The performance differences between F sizes were small for all clas-
sifiers respectively. Since precision is slightly more important than recall in this study
(see Section 2.5), the plots (Figures 7, 8, 9, 10, in Appendix A) only show results
from the classifiers that were tuned for precision. As can be seen in the figures, the M
set does in general give slightly better performance in the classifiers. The M set was
therefore chosen for future use.

For the SVMs in general, the best value for the parameter C was found to be 1,
provided that the M set was to be used. Results for the Random Forest parameter
search for English and French can be seen in Appendix B, Tables 1 and 2, respectively.
In the second tuning round, only the Random Forest classifier needed fine-tuning on
some of its parameters, since it gave results that were different between the French and
English sets, and I wanted to know if they could agree on some value in between. This
time, only the M set was used. The values were adjusted by narrowing down their
scope, with more steps in between values of interest:

• max depth: [100, 500, 1000, None]

• min samples leaf: [1, 2]

• n estimators: [40, 50, 60, 70, 80, 90, 100]

The results from the second round did make the decision a little easier, since the
values were closer to each other, as can be seen in Table 3, Appendix B. The parameter
values found to be the best for precision (under π in the table) were chosen for each of
the Random Forest classifiers. The GridSearchCV does give the option to return the
most optimally tuned classifier for later usage, but since there is no possibility to tune
parameters using the F0.5-score, this option was not used. Instead, the parameters were
set manually (changing the code) when initialising the classifiers for each language.

4.4 Performance Comparison

When the decisions had been taken about what sets and parameters to use, the top
feature remover could finally be put to use. The maximum amount of loops was set to
500.
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The performance measure, the F0.5-score, is calculated in every iteration of the
k-fold cross validation, and finally the mean score of all the iterations is calculated.
As earlier, during parameter search, the k-value of 5 was used when calculating the
performance.

For all of the four classifiers (English & French SVM, English & French Random
Forest), iterations stopped after having removed 500 features from the dataset; none
stopped because of performance dropping below 0.5. The features and performance
before removing each of them was saved to a file, and the performance drop was plotted,
see Figure 4.

All of the classifiers started at a performance score ≥ 0.82, with the English SVM
getting the top score of 0.86, the English RF 0.84, and both the French classifiers 0.82.
The performance decay of both RFs looks almost exponential, while the decay of the
SVMs looks more linear in comparison.

Both the English and French Random Forest classifiers showed more resilience than
their SVM counterparts, reaching a plateau after 150 removed features. The SVMs
started with marginally higher performance than the Random Forests, but continued
dropping steadily until approximately 250 features, resulting in performances below the
Random Forests after 200 features removed. However, the French SVM’s performance
started fluctuating a lot after 350 features. Performance was consistently higher for
the English Random Forest classifier than for the French one. The English SVM’s
performance was also higher in general than the French one, but the difference between
them fluctuated more, especially around 300-500 features.

The comparison resulted in a list of the 500 most important features for each of the
four classifiers: let us call each of these lists ES (for the English SVM), ER (for the
English RF), FS(for the French SVM), FR (for the French RF). Some of the features
in these lists are real words, others are cut off words, of which the original meaning can
only be guessed. Most features in the two English lists (ES and ER) overlap, i.e. exist
in both of the lists, but there are 128 in each list that do not. For the two French lists
(FS and FR), that number is much smaller, namely 49. The lists of top words and the
lists of non-overlapping words can be found in Appendix C. Figures 5 and 6 show the
first 40 and last 10 of the English RF and SVM, respectively.
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Figure 4: The performance drop when 500 most important features are removed from
the dataset, one after another. English SVM and Random Forest classifiers
reached a plateau after 150 features, hardly dropping below 0.65. The
French SVM classifier suffered the most, dropping to approx. 0.58 at its
lowest. The English Random Forest classifier was the most stable, not
dropping below 0.68

.

Figure 5: The first 40 and last 10 of the top 500 features removed during the perfor-
mance drop comparison using an English Random Forest classifier.
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Figure 6: The first 40 and last 10 of the top 500 features removed during the perfor-
mance drop comparison using a French Random Forest classifier.

5 Discussion

The purpose of this study was to investigate the classification of gender in text, looking
at what the most important features are, and what characteristics they have in common.

In this section, the results will be interpreted and discussed. The limitations of
these results, due to how the study was conducted, will also be presented. Conclusions
will be drawn, and possible future research and applications will be suggested.

5.1 Interpretation of Results

The removed features from the performance drop experiment in the previous chap-
ter show that somewhat different words are used in the collected Wikipedia biographies
when women are described, compared to when men are. The fact that the performance
score did not drop to 0.5 during the first 500 iterations, shows that there are many
features that can help in the decision making, although most do not give a high perfor-
mance. Several of the approximately top ten words are more explicitly gendered words,
like: ’woman’, ’female’, ’daughter’, ’mother’, ’husband’, and ’son’. The first five words
each seem to be more important compared to the next word in the list, according to
the difference in performance score between them. Later on, the words are less obvi-
ously gendered, more related to family in general, like the word ’marriage’, ’child’, and
’birth’. When looking further down the list, the words are more about career, titles,
and achievements in sports or the military. It seems that words do not need to be
explicitly gendered for the classifier to be able to predict gender. However, it does help
if they are.
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Most of these top ten features also seem to be about women rather than men, with
’woman’ as number one in all of the lists. This means that the word ’woman’ in the first
5 paragraphs of a Wikipedia biography seldom occurs when the text is about a person
of one gender, but not the other. The occurrence of the word ’man’ seems to be more
equal across genders than the word ’woman’, since it comes further down the list for
both SVM and RF. As for many of the features, there is a difference between the two
English classifiers here. For RF, ’man’ comes at 35th place, and for SVM at 8th place
in the list. For the two French classifiers, the difference is smaller for the corresponding
feature ’homm’ (derived from French word ’homme’). They come at place 6 and 3.

Gender differences in these datasets could be the result of different societal and
cultural gender norms. Another possible reason is that Wikipedia biographies in gen-
eral have a biased distribution of what kinds of people are represented, depending on
gender. For example, there could be more celebrities represented among women in the
biographies, while more athletes are represented among men, even if their distributions
in society are equal for women and men. A third option is selection bias, as mentioned
in Section 3.1. Since not all of the existing articles were included, this might result in
an uneven distribution between genders if the ranking criteria of articles is popularity.

Looking at the top most important features for all of the classifiers, it can be said
that in general, they are words about family roles or career. The topic of family is
also one of the gendered themes found by Dahllöf et al. [8], and seems to be more
frequent in the context of women there. Many of the top words seem to be nouns, but
it is hard to know for certain, since they have been stemmed. The dictionaries used
in the Gender Decoder for Job Ads[13] contain more adjectives than any other POS,
but this is probably due to the domain of job ads. Wikipedia articles are generally of
a more objective nature than job ads, with less value- and opinion-related words, such
as adjectives may be.

If there is a systematic difference between the French and English top features, it
is not easily discovered. The differences between RF and SVM in this respect have
been found (see Appendix C), but it is not evident why they exist, or why the sizes of
them differ between languages. As mentioned in the Results Section, 128 words were
different between the English SVM and RF, whereas only 49 for the French ditto. None
of the differing features are removed before the 8:th iteration, and they seem to become
more common in later iterations.

The top scores among the classifiers range from 0.82 to 0.86, where the two best
scores were achieved by the English classifiers. This is in parity with other gender
classification tasks in machine learning. For example, The Author Profiling Task at
PAN 2017 [26] got mean accuracy scores between 0.72 and 0.78 for the gender evaluation
part in four languages. This was done using various different classifiers, among them
Random Forests and SVMs. Note that accuracy does not exactly compare to F0.5, but
it still gives some idea about the performance. In the Author Profiling Task at PAN
2014 [24], which one of the four different subcorpora is used makes a great difference,
but the mean accuracy of gender classification on these were only 0.54 and 0.69, for the
two respective languages.

As the plot in Figure 4 shows, the classifiers perform generally better when using the
English dataset, compared to the French. This could have different reasons: cultural,
linguistic, and technical. The first two are of course difficult to influence. It could be
that the French Wikipedia biographies are written in a more uniform style, treating
more similar subjects, no matter the gender of its main figure. It could also be that
the language itself is more uniform, using the same word stems for different genders,
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only with different endings.

Technical reasons would essentially concern the preprocessing of the dataset. Spacy’s
lemmatiser and NLTK’s stemmer could have different effects when using them for the
two languages. If the lemmatiser works better in English than French, it could mean
that the English feature weights are more concentrated to fewer features, and that
French feature weights are more spread out on many features. When SelectKBest is
then applied to the lemmatised and stemmed corpora, some features that should have
been included in those K best may be left out. For example, imagine there are many
inflections of the verb ”make” in the corpus: ”making”, ”makes”, ”made”, etc. If not
all of these are lemmatised correctly, i.e. into the lemma ”make”, it might result in
two versions of the verb with equal or similar weights. However, if they had been
added together, it would have made the verb ”make” reach higher in the ranks of most
important features.

Classification on the French dataset is less successful than on the English one for
both classifier types. In the Author Profiling Task at PAN 2014 [24] however, a higher
mean accuracy score was achieved on the Spanish corpus than the English one, although
this probably has to do with the different preprocessing of words applied in these, and
that Spanish is a more gender-marked language than English. The same task from 2017
[26], that included gender identification in four languages, concludes that Portuguese
was the language with the highest mean accuracy, and Arabic the lowest. However, the
differences between mean accuracies were small.

The SVM classifiers both start with higher performance and eventually drop deeper
than their corresponding Random Forest classifiers. I do not know why this is, but one
possibility is that SVMs are more sensitive to the weights of top features. When features
are removed from the dataset, the tfidf-weights are not updated to fit the new overall
corpus distribution, as is also mentioned in the next subsection.

Random Forests, with scores 0.84 and 0.82, perform almost as well as SVMs, with
scores 0.86 and 0.82 in this study. The Author Profiling Task at PAN 2017 [26] also got
the best gender classification results for English (accuracy 0.82) and Spanish (accuracy
0.83) from a team that used SVMs, whereas the one team that used Random Forests
only achieved an accuracy score of 0.61, ranked 21st in the top list of results. This could
be because Random Forests are more suitable for this domain than the domain of author
profiling, or because the preprocessing used in this study makes a more suitable corpus
for Random Forest classifiers.

5.2 Limitations

The type of text documents used in this study were about one person at a time,
because this simplified the labeling of texts. An alternative could have been to extract
bi-grams on the form (pronoun, verb) from any text written in third person, and use
the pronouns to label the verbs. However, this leaves many other words out, such as
nouns and adjectives. It also leaves the verbs that are not connected to a pronoun out.
This would mean a lot less data for the classifiers to draw conclusions from. Therefore
the choice of datasets were limited to encyclopedic biographies: this was an easy way
to find large amounts data where each document in general concerns one person.

Another choice related to the data collection that could have been made differently,
is the distribution of professions among the biographies. If the datasets had been built
with an even distribution in this regard, the dataset might have been smaller, but so
many of the top words might not have been career-related.
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None of the top 500 features have given a perfect score: such a feature probably
does not exist. However, the scores are far from perfect: when at its best, the English
SVM only scores 0.86. The further down the list, the more uncertain the features are
for the classifiers to depend on. These features give us a hint at what types of words
are among the most differently used for different genders, but it does not reveal what
classification decision a high or low occurrence of any particular feature would lead
to. Only looking at the top feature for every classifier does not give a full picture of
what the decision process looks like: what is the next most important feature, and
what decisions do the features lead to? At the end of the work, a software tool called
TreeInterpreter [35] was found. It facilitates finding the most important contributors in
the feature space by listing them with the probability distribution of the prediction for
each class. Using this tool could have been interesting, but again, the time constraint
on this thesis made it hard to do so.

The implementation of the lemmatiser and stemmer, and how they might affect the
languages differently, has not been investigated at all. If this had been done, it could
have given an answer to whether the reasons for the performance differences between
the English and French sets depend on this or not.

The TfidVectorizer and SelectKBest is only applied once, during the creation of the
dataset. Maybe the weights would have been distributed differently if they were applied
for each time a feature was removed. This could possibly be the cause of the SVMs
dropping faster than the RFs. However, doing this for every iteration of the perfor-
mance drop comparison would have cost a lot of runtime. Some of the ideas mentioned
in Section 2.8, such as the clustering approach invented by Sayfullina[29], could have
been a better remedy for the large feature space, compared to using Scikit-learn’s Se-
lectKBest. If the features had been clustered, their weights would have been grouped
together instead of being lost in feature ranking. This could have improved perfor-
mance. There was not enough time to explore feature clustering for dimensionality
reduction in depth, and finally the decision was made not to use it at all.

This study only looks at two genders. The results would perhaps have been different
if a third category of non-binary gender had been included. This was not done due to
time limitations, but also to keep it simple. Including more genders might have required
compensating for different generality of categories in the existing implementations, if
the amount of samples from this category was smaller than the other two.

5.3 Conclusions

In this study, a short review of background theory and related work in text classi-
fication has been done. Wikipedia biography datasets in English and French of 4000
samples each, labeled by two genders, have been collected and created. This included
several steps of feature space reduction, that have been described in detail.

A Random Forest machine learning classifier for gender prediction has been evalu-
ated in comparison to an SVM classifier, and on the two different languages. Perfor-
mance was measured using the F0.5 - score. The top scores range from 0.82 to 0.86,
where the two best scores were achieved by the English classifiers. This is in parity
with other known gender classification tasks in machine learning. For example, The
Author Profiling Task at PAN 2017 [26] got mean accuracy scores between 0.72 and
0.78 for the gender evaluation part in four languages. In the Author Profiling Task at
PAN 2014 [24] however, the mean accuracy of gender classification were only 0.54 and
0.69, for the two respective languages.
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Random Forests (0.84-0.82) perform almost as well as SVMs (0.86-0.82) in this
study. In other studies of gender classification, such as the Author Profiling Task
at PAN 2017 [26], the difference is greater between SVM and Random Forest, with
the latter falling much behind the former. It could be that the classification task
or dataset preprocessing in this study is better suited to Random Forests. However,
the performance comparison between the above mentioned studies and this study is not
entirely valid since author profiling is a different task, and the preprocessing of datasets
is less extensive in those studies than in this one. Most gender classification studies
found during the initial research seem to focus on the gender of authors rather than
of people described in the content. To my knowledge, there is no other study that has
done this the same way.

Among the main results from the study are four lists of the features that are most
important for the respective classifiers when taking decisions. The semantical content
of all the lists are roughly the same. However, there are some differences in both content
and ordering between these lists, suggesting that different types of classifiers value the
features differently. Most of these features are derived from words about (primarily)
family roles or (secondarily) career. This could be due to gender roles that associates
women to family more than men, just like the findings by Dahllöf et al. [8] indicate.
Many of the career words are about careers that are typical for one gender, or have a
gendered suffix that is hard to reduce to the same stem, such as the words actor/actress.
Few of the features are derived from obvious adjectives. Most seem to be derived from
nouns and verbs. This is possibly due to the more formal character of Wikipedia texts
compared to novels, blogs, and news articles.

5.4 Future Work

The results of this study could be used for gender studies, especially when linked
to language and culture. The two datasets used in this study are small, only of 4000
samples for each language, but the size could easily be increased. Approximately 70900
Wikipedia biographies that exist in both French and English were found about women,
which was the smaller category. This means that one could build a similar dataset of
the size 141800, and still have an equal gender distribution. Such a dataset could then
be used to further look at differences in the two languages with respect to gender.

It could also be interesting to try dimensionality reduction by feature clustering, as
mentioned previously. The way these datasets were built and feature selected should
not be set in stone: for example, it could be an interesting study to use only nouns,
verbs or adjectives, and see if it is still possible to decide the gender from only one of
these POS. This would also reduce the dimensionality considerably. For larger datasets
than 4000, this type of feature space reduction might even be necessary, to keep the
runtime within reasonable bounds. Using only nouns could be the most prosperous
alternative, since many of the top features seemed to be nouns. What POS should be
chosen could be decided by first comparing what POS are among the most important
words.

The results of this study could also be used as grounds for developing a word
suggestion tool for writers. This tool would detect gender stereotypical wordings in
texts, warn the writer about it, and suggest words that are less stereotypical. The
first step could be to divide the lists of most important features into the categories the
classifier would decide on. This could make up a dictionary for each of the categories,
like the ones used in the Gender Decoder for Job Ads[13], but with a more general
domain.
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A Feature Space Comparison

 0.74

 0.76

 0.78

 0.8

 0.82

 0.84

 0.86

 0.88

 0.9

S M L

sc
o
re

F size

precision-recall

p0
p1
r0
r1

Figure 7: The precision vs recall for both categories at different feature space sizes,
when the classifier’s parameters have been tuned for precision and run on
the test set, for the SVM in English. The S set has F=200, the M set
F≈1000, and the L set F≈10000. p0 and r0 are precision and recall for the
first category, respectively, while p1 and r1 are the same for the second.
Mean precision (over both categories) is at its highest for the M set.
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Figure 8: The precision vs recall for both categories at different feature set sizes, when
the classifier’s parameters have been tuned for precision and run on the test
set, for the SVM in French. The S set has F=200, the M set F≈1000, and
the L set F≈10000. p0 and r0 are precision and recall for the first category,
respectively, while p1 and r1 are the same for the second. Mean precision
(over both categories) is at its highest for the M set.
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Figure 9: The precision vs recall for both categories at different feature set sizes,
when the classifier’s parameters have been tuned for precision and run on
the test set, for the Random Forest in English. The S set has F=200, the
M set F≈1000, and the L set F≈10000. p0 and r0 are precision and recall
for the first category, respectively, while p1 and r1 are the same for the
second. Mean precision (over both categories) is at its highest for the S set
(at F=200), but lies quite close for the M set.
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Figure 10: The precision vs recall for both categories at different feature set sizes,
when the classifier’s parameters have been tuned for precision and run on
the test set, for the Random Forest in French. The S set has F=200, the
M set F≈1000, and the L set F≈10000. p0 and r0 are precision and recall
for the first category, respectively, while p1 and r1 are the same for the
second. Mean precision (over both categories) is at its highest for the M
set.
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B Parameter Search

Table 1 Parameter search results for Random Forest, English sets of three different
feature space sizes, first search. Shows the best parameter values found when tuning
for π and ρ respectively, and what π or ρ score it gave.
π = tuned for precision, ρ = tuned for recall.

Set
min samples leaf max depth n estimators Score
π ρ π ρ π ρ π ρ

S 1 1 50 50 100 100 0.839 0.841
M 2 2 100 100 40 100 0.840 0.839
L 1 1 50 100 70 70 0.824 0.820

Table 2 Parameter search results for Random Forest, French sets of three different
feature space sizes, first search. Shows the best parameter values found when tuning
for π and ρ respectively, and what π or ρ score it gave.
π = tuned for precision, ρ = tuned for recall.

Set
min samples leaf max depth n estimators Score
π ρ π ρ π ρ π ρ

S 2 2 50 100 100 70 0.796 0.797
M 1 1 None None 100 100 0.794 0.796
L 2 1 None None 70 100 0.789 0.789

Table 3 Parameter search results for Random Forest, both languages, second search.
Shows the best parameter values found when tuning for π and ρ respectively, and what
π or ρ score it gave.
π = tuned for precision, ρ = tuned for recall.

Set
min samples leaf max depth n estimators Score
π ρ π ρ π ρ π ρ

English 2 2 1000 1000 90 80 0.855 0.846
French 2 2 None 1000 70 70 0.810 0.805
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C Removed Features

C.1 English RF and SVM (ER and ES)

These are the features chosen by RF and SVM (left and right columns, respectively),
to be removed from the English set.

shape name leaves depth folds estimators
(3930,1336) (rf, svm), en 2 1000 5 90

f_0.5_micro +/- Top feature f_0.5_micro +/- Top feature
0.84 0.02 woman 0.86 0.01 woman
0.81 0.02 actr 0.84 0.02 femal
0.80 0.02 femal 0.83 0.02 husband
0.79 0.01 bear 0.83 0.02 actr
0.78 0.02 husband 0.82 0.02 actor
0.78 0.03 daughter 0.81 0.02 son
0.78 0.02 son 0.81 0.02 girl
0.77 0.02 marri 0.80 0.02 man
0.76 0.03 child 0.80 0.02 marriag
0.77 0.02 marriag 0.80 0.02 daughter
0.76 0.01 sister 0.79 0.02 feminist
0.76 0.01 mother 0.79 0.02 child
0.76 0.01 appoint 0.79 0.02 marri
0.76 0.02 girl 0.79 0.03 sister
0.76 0.02 role 0.79 0.03 queen
0.76 0.02 general 0.79 0.03 coupl
0.76 0.02 professor 0.79 0.03 bear
0.75 0.02 appear 0.79 0.03 consort
0.75 0.02 singer 0.79 0.03 mother
0.76 0.04 film 0.79 0.02 draft
0.75 0.02 militari 0.79 0.02 degre
0.75 0.02 coupl 0.79 0.03 widow
0.75 0.02 command 0.79 0.03 driver
0.75 0.02 wife 0.79 0.03 militari
0.75 0.02 televis 0.79 0.04 director
0.75 0.01 studi 0.78 0.03 birth
0.75 0.01 birth 0.78 0.04 flight
0.75 0.01 age 0.78 0.04 care
0.75 0.02 footbal 0.78 0.04 spous
0.75 0.03 live 0.78 0.04 convent
0.75 0.02 consort 0.78 0.04 ice
0.74 0.03 queen 0.78 0.04 wife
0.74 0.03 sing 0.78 0.04 beauti
0.74 0.02 famili 0.78 0.04 comput
0.74 0.02 man 0.78 0.04 program
0.74 0.02 actor 0.78 0.04 footbal
0.73 0.02 serv 0.78 0.04 psychoanalyst
0.73 0.02 school 0.78 0.04 childhood
0.74 0.02 armi 0.78 0.04 nurs
0.73 0.03 join 0.78 0.04 guard
0.74 0.02 parent 0.77 0.04 chairwoman
0.74 0.02 compet 0.77 0.04 chairman
0.73 0.02 singl 0.78 0.04 eld
0.73 0.01 move 0.77 0.04 post
0.74 0.01 divorc 0.77 0.04 poet
0.73 0.02 post 0.77 0.04 enter
0.73 0.02 medal 0.77 0.03 divorc
0.73 0.01 succeed 0.77 0.03 epic
0.74 0.02 titl 0.77 0.03 gender
0.74 0.01 beauti 0.77 0.03 term
0.74 0.02 star 0.77 0.03 sibl
0.73 0.02 war 0.77 0.04 parliamentari
0.74 0.01 metr 0.77 0.03 wed
0.73 0.01 includ 0.77 0.03 aunt
0.73 0.01 act 0.76 0.03 granddaught
0.74 0.01 win 0.76 0.03 known
0.74 0.01 bronz 0.76 0.03 love
0.74 0.00 seri 0.77 0.03 general
0.74 0.00 world 0.77 0.03 rais
0.74 0.01 gold 0.77 0.03 meet
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0.74 0.01 athlet 0.76 0.03 futur
0.73 0.01 director 0.76 0.03 parent
0.74 0.01 model 0.76 0.03 age
0.73 0.01 record 0.76 0.04 famili
0.73 0.01 draft 0.76 0.03 nun
0.73 0.01 theolog 0.76 0.03 game
0.73 0.01 promot 0.76 0.03 mistr
0.73 0.01 perform 0.76 0.03 grow
0.73 0.01 debut 0.76 0.03 live
0.73 0.01 career 0.76 0.03 young
0.73 0.02 stage 0.76 0.03 bride
0.73 0.01 good 0.76 0.03 appoint
0.73 0.02 meet 0.76 0.03 view
0.73 0.01 young 0.76 0.04 move
0.73 0.02 posit 0.76 0.03 school
0.73 0.01 love 0.76 0.03 car
0.73 0.01 centuri 0.76 0.03 command
0.73 0.01 death 0.76 0.04 singer
0.73 0.02 theori 0.76 0.04 armi
0.73 0.01 rais 0.76 0.04 basketbal
0.73 0.02 person 0.76 0.04 theori
0.72 0.02 train 0.76 0.04 novel
0.73 0.02 club 0.76 0.04 relationship
0.73 0.02 view 0.76 0.04 succeed
0.73 0.01 use 0.75 0.04 cyclist
0.73 0.01 import 0.75 0.03 household
0.73 0.01 citi 0.75 0.03 grandmoth
0.73 0.02 old 0.75 0.03 defens
0.73 0.02 govern 0.75 0.03 hockey
0.72 0.02 degre 0.75 0.03 model
0.73 0.02 feminist 0.75 0.03 partner
0.72 0.01 chief 0.75 0.02 period
0.73 0.01 univers 0.75 0.02 sex
0.72 0.01 reach 0.75 0.02 professor
0.72 0.01 histori 0.75 0.02 matern
0.72 0.01 tenni 0.75 0.02 grandpar
0.73 0.03 assist 0.75 0.02 chief
0.72 0.02 silver 0.75 0.02 commiss
0.72 0.02 final 0.75 0.02 posit
0.73 0.02 period 0.75 0.02 motorcycl
0.72 0.01 grow 0.75 0.02 dowri
0.72 0.02 need 0.75 0.02 hill
0.72 0.02 song 0.75 0.02 poor
0.72 0.01 forc 0.75 0.02 maid
0.72 0.02 event 0.75 0.02 sing
0.73 0.02 commiss 0.75 0.03 engag
0.73 0.01 church 0.75 0.03 loan
0.72 0.01 offic 0.75 0.03 score
0.72 0.02 larg 0.75 0.03 match
0.72 0.02 finish 0.75 0.03 goal
0.72 0.01 servic 0.75 0.03 club
0.72 0.01 soprano 0.74 0.02 leagu
0.72 0.01 fight 0.74 0.03 sign
0.72 0.02 enter 0.74 0.03 youth
0.73 0.02 chairman 0.74 0.04 striker
0.71 0.01 relay 0.74 0.04 side
0.72 0.03 music 0.74 0.04 midfield
0.73 0.01 influenc 0.74 0.04 tenni
0.72 0.02 divis 0.74 0.03 join
0.72 0.02 nurs 0.74 0.04 buy
0.72 0.02 tv 0.74 0.03 promot
0.72 0.01 movi 0.74 0.03 ladi
0.72 0.02 lectur 0.74 0.03 fee
0.72 0.02 historian 0.74 0.03 enrol
0.72 0.01 build 0.73 0.04 happi
0.72 0.01 recipi 0.73 0.04 vfb
0.72 0.01 intern 0.73 0.04 deal
0.72 0.02 head 0.73 0.03 separ
0.72 0.02 consid 0.73 0.03 lesson
0.72 0.02 modern 0.73 0.03 hide
0.72 0.02 eld 0.73 0.04 resid
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0.72 0.03 game 0.73 0.04 activist
0.72 0.02 place 0.73 0.03 latt
0.72 0.01 score 0.73 0.04 theolog
0.72 0.03 loan 0.73 0.04 transfer
0.72 0.02 goal 0.73 0.04 centuri
0.72 0.01 leagu 0.72 0.04 writer
0.72 0.02 match 0.72 0.03 abb
0.72 0.03 voic 0.72 0.03 old
0.72 0.03 defens 0.72 0.03 lesbian
0.72 0.02 top 0.72 0.03 unit
0.71 0.04 remain 0.72 0.03 invas
0.71 0.02 partner 0.72 0.03 church
0.71 0.03 widow 0.72 0.03 s
0.71 0.02 guest 0.72 0.03 auf
0.71 0.03 drama 0.72 0.03 choic
0.71 0.03 writer 0.72 0.03 noblewoman
0.71 0.03 order 0.72 0.03 chariti
0.71 0.03 show 0.72 0.03 role
0.71 0.03 unit 0.72 0.03 soprano
0.71 0.03 polit 0.72 0.02 assist
0.71 0.02 philosoph 0.72 0.03 coloni
0.71 0.03 term 0.72 0.03 philolog
0.71 0.03 botanist 0.72 0.03 conductor
0.71 0.03 program 0.72 0.04 perman
0.71 0.02 lieuten 0.72 0.04 conduct
0.71 0.03 battl 0.72 0.03 magazin
0.71 0.02 develop 0.71 0.03 fashion
0.71 0.02 invas 0.72 0.04 lover
0.71 0.02 novel 0.71 0.03 dem
0.71 0.02 kill 0.71 0.03 philologist
0.71 0.03 succ 0.71 0.03 charit
0.71 0.03 arm 0.71 0.03 patern
0.71 0.02 regard 0.71 0.04 recipi
0.71 0.03 engag 0.71 0.04 divis
0.71 0.02 sex 0.71 0.04 premier
0.71 0.03 foreign 0.71 0.04 cloth
0.71 0.03 presid 0.71 0.04 head
0.71 0.02 doubl 0.71 0.04 goalscor
0.70 0.03 side 0.71 0.04 se
0.71 0.03 competit 0.71 0.04 hear
0.71 0.02 law 0.71 0.04 dynast
0.72 0.02 rule 0.71 0.04 freelanc
0.71 0.02 midfield 0.70 0.04 use
0.71 0.02 youth 0.71 0.03 realist
0.72 0.01 governor 0.71 0.03 train
0.71 0.02 nomin 0.71 0.04 person
0.71 0.01 sign 0.70 0.04 singl
0.71 0.02 deal 0.70 0.04 featherweight
0.71 0.02 system 0.70 0.04 fight
0.71 0.02 transfer 0.70 0.04 victori
0.71 0.02 full 0.70 0.03 fighter
0.71 0.02 interest 0.70 0.03 historian
0.70 0.02 victori 0.70 0.03 histori
0.71 0.02 beat 0.70 0.03 habilit
0.72 0.03 habilit 0.70 0.03 gymnasium
0.71 0.02 state 0.70 0.03 salon
0.71 0.03 aunt 0.70 0.03 programm
0.70 0.03 elect 0.70 0.03 histor
0.71 0.01 player 0.70 0.03 architect
0.71 0.02 found 0.70 0.03 import
0.71 0.02 champion 0.70 0.03 instrument
0.71 0.03 junior 0.70 0.03 compos
0.71 0.02 doctor 0.69 0.02 distinguish
0.70 0.03 physic 0.70 0.02 composit
0.71 0.02 futur 0.69 0.02 orchestra
0.70 0.03 striker 0.69 0.02 abus
0.71 0.03 wed 0.69 0.02 creat
0.71 0.03 achiev 0.69 0.03 act
0.70 0.03 power 0.69 0.03 war
0.71 0.03 contribut 0.69 0.02 middleweight
0.70 0.04 econom 0.69 0.02 boxer
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0.71 0.03 sibl 0.69 0.02 song
0.71 0.03 leader 0.69 0.02 drummer
0.71 0.03 repres 0.69 0.02 servic
0.71 0.03 album 0.69 0.03 surrend
0.71 0.02 fashion 0.69 0.03 capac
0.71 0.02 spous 0.69 0.03 betroth
0.71 0.02 priest 0.69 0.03 cameraman
0.71 0.03 ordain 0.69 0.03 businesswoman
0.71 0.04 decid 0.69 0.03 propaganda
0.71 0.02 attack 0.69 0.03 winger
0.71 0.02 danc 0.69 0.03 reach
0.71 0.01 childhood 0.69 0.03 figur
0.71 0.03 administr 0.69 0.03 govern
0.71 0.04 dancer 0.69 0.03 trajectori
0.71 0.03 enrol 0.69 0.03 add
0.71 0.04 buy 0.68 0.02 arm
0.70 0.02 fee 0.69 0.03 commit
0.70 0.03 lesson 0.69 0.03 pregnant
0.70 0.03 driver 0.68 0.03 priest
0.71 0.03 emperor 0.69 0.03 pop
0.71 0.03 commit 0.69 0.02 recognit
0.71 0.03 comput 0.69 0.03 autobiographi
0.71 0.03 matern 0.69 0.02 ultim
0.71 0.02 separ 0.68 0.03 attack
0.70 0.03 poet 0.68 0.03 decid
0.71 0.02 philosophi 0.68 0.03 kill
0.70 0.03 grandmoth 0.68 0.02 clean
0.70 0.02 basketbal 0.68 0.02 rtg
0.70 0.03 featur 0.68 0.02 wrestler
0.70 0.02 histor 0.68 0.02 wrestl
0.70 0.03 town 0.68 0.02 oper
0.70 0.03 run 0.68 0.02 guitarist
0.71 0.03 creat 0.68 0.02 network
0.71 0.03 offici 0.68 0.02 guitar
0.70 0.04 soldier 0.68 0.02 rhythm
0.70 0.03 track 0.68 0.02 junior
0.71 0.03 travel 0.68 0.02 titl
0.70 0.03 care 0.68 0.02 win
0.70 0.03 get 0.68 0.02 organist
0.71 0.03 philolog 0.68 0.02 railway
0.71 0.03 resign 0.67 0.02 northern
0.70 0.03 gymnasium 0.67 0.02 pursu
0.70 0.04 perman 0.67 0.02 husb
0.70 0.03 teach 0.67 0.02 niec
0.70 0.04 convent 0.67 0.02 pregnanc
0.70 0.04 bishop 0.67 0.02 philosoph
0.70 0.03 relationship 0.67 0.02 modern
0.70 0.04 list 0.67 0.02 regard
0.70 0.04 send 0.67 0.01 battl
0.70 0.03 ladi 0.67 0.02 newspap
0.70 0.04 diplomat 0.67 0.02 key
0.70 0.03 statesman 0.67 0.01 larg
0.70 0.03 scholar 0.67 0.02 human
0.70 0.04 key 0.67 0.01 citat
0.69 0.04 coach 0.67 0.01 format
0.70 0.04 respons 0.67 0.01 volleybal
0.70 0.04 artist 0.67 0.02 danc
0.70 0.03 central 0.67 0.02 horn
0.70 0.03 charact 0.67 0.02 releg
0.70 0.03 second 0.67 0.02 protocol
0.70 0.03 latt 0.67 0.02 vers
0.70 0.03 medalist 0.67 0.02 illustr
0.70 0.04 uncl 0.67 0.02 averag
0.70 0.02 pursu 0.67 0.02 boy
0.70 0.02 magazin 0.67 0.02 refere
0.70 0.02 hockey 0.67 0.02 architectur
0.70 0.03 hear 0.67 0.01 build
0.70 0.03 releas 0.67 0.02 contribut
0.70 0.03 comedi 0.67 0.02 theologian
0.70 0.03 defeat 0.67 0.01 adult
0.70 0.02 championship 0.67 0.01 pornograph

37



0.70 0.03 recognit 0.67 0.01 paint
0.70 0.03 compos 0.67 0.01 voic
0.70 0.04 collect 0.67 0.02 video
0.70 0.04 centr 0.67 0.01 town
0.70 0.04 theatr 0.67 0.01 museum
0.70 0.03 count 0.67 0.01 need
0.70 0.04 conduct 0.66 0.01 perform
0.70 0.03 cast 0.67 0.02 fairi
0.71 0.04 explor 0.67 0.02 influenti
0.70 0.02 oper 0.67 0.02 order
0.70 0.04 ice 0.66 0.01 birthplac
0.70 0.04 opera 0.66 0.01 prepar
0.70 0.03 adult 0.66 0.01 forc
0.70 0.03 version 0.66 0.01 offic
0.70 0.03 captur 0.66 0.01 evid
0.70 0.03 gender 0.66 0.01 pageant
0.70 0.03 distinguish 0.66 0.01 cabaret
0.70 0.02 physicist 0.66 0.01 theatr
0.70 0.02 control 0.66 0.01 stage
0.70 0.02 regiment 0.66 0.02 print
0.70 0.03 enlist 0.66 0.01 central
0.70 0.03 nun 0.66 0.01 edit
0.70 0.03 der 0.66 0.01 remain
0.70 0.02 sell 0.66 0.01 titular
0.70 0.03 und 0.66 0.01 opera
0.70 0.03 philologist 0.66 0.01 concert
0.70 0.02 editor 0.66 0.01 regiment
0.70 0.03 adapt 0.66 0.01 lieuten
0.69 0.02 architect 0.66 0.01 governor
0.70 0.03 edit 0.66 0.01 academi
0.70 0.02 mistr 0.66 0.01 discoveri
0.69 0.02 museum 0.66 0.01 apprentic
0.69 0.02 pornograph 0.66 0.01 volunt
0.69 0.02 ultim 0.66 0.01 operat
0.69 0.02 video 0.66 0.01 guest
0.69 0.03 civil 0.66 0.01 appear
0.69 0.03 charg 0.66 0.02 dramat
0.69 0.02 design 0.66 0.01 movi
0.69 0.02 occupi 0.66 0.01 design
0.69 0.01 imperi 0.66 0.01 builder
0.69 0.02 subject 0.66 0.01 repertori
0.69 0.01 reign 0.66 0.01 coloratura
0.69 0.03 northern 0.66 0.01 repertoir
0.69 0.00 empir 0.66 0.01 univers
0.69 0.02 influenti 0.66 0.01 full
0.70 0.02 teenag 0.66 0.01 boyfriend
0.70 0.02 sprint 0.66 0.01 reserv
0.69 0.01 mix 0.66 0.01 boat
0.70 0.01 portray 0.66 0.01 adulteri
0.69 0.02 architectur 0.66 0.01 centr
0.69 0.02 grandpar 0.66 0.01 audit
0.69 0.03 patern 0.66 0.01 internet
0.69 0.02 be 0.66 0.01 symphoni
0.69 0.02 premier 0.66 0.01 assembl
0.69 0.03 big 0.66 0.01 construct
0.69 0.03 screen 0.66 0.01 metr
0.69 0.02 instrument 0.66 0.01 athlet
0.69 0.02 staff 0.66 0.02 decor
0.69 0.02 skier 0.66 0.01 aircraft
0.69 0.02 boy 0.66 0.02 ace
0.69 0.02 alpin 0.66 0.01 aerial
0.69 0.02 soap 0.66 0.01 combat
0.69 0.02 figur 0.66 0.01 injur
0.69 0.03 physician 0.66 0.01 adjut
0.69 0.02 polici 0.66 0.02 functionari
0.69 0.01 academ 0.66 0.02 serv
0.70 0.01 construct 0.65 0.02 offici
0.70 0.02 trade 0.65 0.01 tv
0.69 0.02 medicin 0.66 0.01 theatric
0.69 0.02 organ 0.65 0.01 ballet
0.69 0.02 concert 0.66 0.01 diplomat
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0.69 0.02 successor 0.65 0.01 mezzo
0.70 0.02 tour 0.65 0.01 contest
0.70 0.02 resid 0.65 0.01 statesman
0.69 0.02 chart 0.65 0.01 mechan
0.69 0.01 tournament 0.65 0.01 pictori
0.69 0.01 pop 0.65 0.01 dancer
0.70 0.02 semifin 0.65 0.02 world
0.69 0.01 throw 0.65 0.01 presid
0.69 0.02 epic 0.65 0.01 heroin
0.69 0.01 particular 0.65 0.01 recit
0.69 0.01 human 0.65 0.01 pitch
0.69 0.01 surrend 0.65 0.01 grandchild
0.69 0.02 capac 0.65 0.01 fond
0.70 0.02 cover 0.65 0.01 film
0.70 0.02 no 0.66 0.02 star
0.69 0.02 songwrit 0.66 0.02 televis
0.69 0.02 railway 0.66 0.03 seri
0.70 0.01 ski 0.67 0.03 influenc
0.69 0.01 hit 0.66 0.03 administr
0.70 0.01 theologian 0.66 0.03 soldier
0.70 0.01 peak 0.66 0.03 locat
0.69 0.02 plant 0.66 0.03 includ
0.70 0.01 expedit 0.67 0.03 documentari
0.70 0.01 scientif 0.66 0.02 charg
0.70 0.00 botani 0.66 0.02 plot
0.70 0.01 newspap 0.66 0.02 control
0.69 0.02 speci 0.66 0.02 divid
0.70 0.01 volunt 0.66 0.02 defeat
0.69 0.01 joint 0.66 0.02 scholar
0.70 0.02 prepar 0.66 0.03 cancer
0.69 0.02 acclaim 0.66 0.03 teenag
0.70 0.02 natur 0.66 0.03 jurist
0.69 0.01 princip 0.66 0.03 wound
0.70 0.02 ballet 0.66 0.03 trade
0.69 0.02 breakthrough 0.66 0.03 editor
0.69 0.02 studio 0.66 0.03 enlist
0.69 0.02 divid 0.66 0.03 charact
0.70 0.02 format 0.66 0.03 drama
0.70 0.02 activist 0.66 0.03 featur
0.70 0.02 fire 0.66 0.03 adapt
0.70 0.02 runner 0.66 0.03 nomin
0.70 0.01 outbreak 0.67 0.03 debut
0.70 0.02 genus 0.67 0.04 screen
0.70 0.02 king 0.67 0.03 staff
0.69 0.01 argu 0.67 0.04 outbreak
0.70 0.02 composit 0.67 0.03 actress
0.69 0.01 conductor 0.67 0.04 respons
0.70 0.01 autobiographi 0.67 0.03 leader
0.69 0.01 professorship 0.67 0.03 resign
0.69 0.01 colonel 0.67 0.03 cabinet
0.69 0.01 especi 0.67 0.03 civil
0.70 0.01 region 0.67 0.03 wing
0.69 0.01 extens 0.67 0.03 spanish
0.69 0.02 contest 0.67 0.03 occupi
0.69 0.01 granddaught 0.67 0.03 comedi
0.69 0.01 known 0.67 0.03 citi
0.69 0.01 decor 0.67 0.03 spokesman
0.69 0.01 conflict 0.67 0.03 cult
0.69 0.01 paint 0.67 0.03 conspiraci
0.69 0.01 lesbian 0.67 0.03 acclaim
0.69 0.01 nobl 0.67 0.03 nationalist
0.69 0.02 alli 0.67 0.03 concept
0.69 0.01 swimmer 0.67 0.03 develop
0.69 0.01 vers 0.67 0.03 colonel
0.69 0.01 geograph 0.67 0.03 geograph
0.69 0.02 coloni 0.67 0.03 organ
0.69 0.01 knowledg 0.66 0.03 advanc
0.69 0.01 rector 0.66 0.03 lectur
0.69 0.01 sport 0.66 0.03 decis
0.69 0.01 apprentic 0.67 0.03 foreign
0.69 0.01 indoor 0.66 0.04 show
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0.69 0.01 assembl 0.67 0.03 version
0.69 0.01 institut 0.67 0.03 theater
0.69 0.02 audit 0.67 0.04 cast
0.69 0.02 add 0.67 0.04 horror
0.69 0.02 zoolog 0.67 0.04 infantri
0.69 0.01 chariti 0.67 0.04 battalion
0.69 0.02 fighter 0.67 0.03 ensembl
0.69 0.02 cyclist 0.67 0.04 sitcom
0.69 0.02 combat 0.67 0.04 be
0.69 0.01 investig 0.67 0.04 contralto
0.69 0.02 solo 0.67 0.04 career
0.69 0.02 botan 0.67 0.04 portray
0.69 0.01 inherit 0.67 0.04 romant
0.68 0.01 discoveri 0.67 0.05 breakthrough
0.69 0.03 worldwid 0.67 0.05 host
0.69 0.01 ruler 0.67 0.05 philosophi
0.69 0.02 highest 0.67 0.05 night
0.69 0.01 reserv 0.67 0.05 uncl
0.69 0.01 bodi 0.67 0.05 succ
0.69 0.02 economi 0.67 0.05 consid
0.69 0.01 physiologist 0.67 0.04 recur
0.69 0.02 carri 0.67 0.04 soap
0.69 0.02 concept 0.67 0.04 knowledg
0.69 0.01 descript 0.67 0.04 subject
0.69 0.02 deputi 0.67 0.04 maker
0.69 0.01 locat 0.67 0.04 bodi
0.69 0.02 semest 0.67 0.04 artilleri
0.69 0.02 determin 0.67 0.04 offens
0.69 0.01 cancer 0.67 0.04 grandson
0.69 0.02 host 0.67 0.04 ship
0.69 0.01 jurist 0.67 0.04 captur
0.68 0.02 theoret 0.67 0.04 tour
0.68 0.03 consecut 0.67 0.04 econom
0.69 0.02 operat 0.66 0.03 oil
0.69 0.03 mathemat 0.66 0.03 minist
0.69 0.02 auf 0.66 0.04 academ
0.68 0.02 se 0.66 0.04 compar
0.69 0.02 dramat 0.66 0.04 fire
0.69 0.02 poor 0.67 0.04 clarinet
0.69 0.02 illustr 0.66 0.04 orchestr
0.68 0.02 mathematician 0.66 0.04 island
0.69 0.03 advanc 0.67 0.04 provinc
0.68 0.02 decis 0.66 0.04 jurisprud
0.69 0.02 vocal 0.66 0.04 account
0.68 0.02 businesswoman 0.66 0.03 argu
0.69 0.02 wing 0.66 0.03 cavalri
0.69 0.03 contain 0.66 0.03 highest
0.69 0.03 episod 0.66 0.03 get
0.68 0.03 evid 0.66 0.04 prostitut
0.69 0.03 capabl 0.66 0.04 episod
0.69 0.03 land 0.66 0.04 conflict
0.69 0.03 household 0.66 0.04 effect
0.68 0.02 grandson 0.66 0.04 accolad
0.69 0.02 abus 0.66 0.04 humor
0.69 0.02 rest 0.66 0.04 juri
0.68 0.03 reduc 0.66 0.04 law
0.68 0.02 treatis 0.66 0.03 system
0.69 0.03 compar 0.66 0.04 power
0.69 0.02 revis 0.66 0.03 porn
0.69 0.02 precis 0.66 0.03 good
0.69 0.02 aim 0.66 0.04 agricultur
0.69 0.02 duke 0.66 0.04 big
0.69 0.02 network 0.66 0.04 shift
0.69 0.02 account 0.66 0.04 count
0.68 0.02 heroin 0.66 0.04 constitut
0.69 0.02 winner 0.66 0.04 deputi
0.69 0.02 cloth 0.66 0.04 marshal
0.69 0.02 infantri 0.66 0.03 membership
0.69 0.03 night 0.66 0.04 substanti
0.69 0.03 deriv 0.66 0.04 peak
0.69 0.02 documentari 0.66 0.04 onlin
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0.69 0.02 qualifi 0.66 0.04 polit
0.69 0.01 effect 0.65 0.03 hymn
0.69 0.02 charit 0.65 0.03 sens
0.69 0.02 romant 0.65 0.03 perhap
0.69 0.02 ride 0.65 0.03 string
0.69 0.02 flight 0.65 0.03 orphan
0.69 0.02 minist 0.64 0.03 kindergarten
0.69 0.02 boat 0.64 0.03 mentor
0.69 0.02 cabinet 0.64 0.03 ein
0.70 0.02 academi 0.64 0.03 realli
0.69 0.02 winger 0.64 0.03 carri
0.69 0.01 racer 0.64 0.03 defenc
0.69 0.03 accolad 0.64 0.03 reduc
0.69 0.02 actress 0.64 0.03 reform

C.2 French RF and SVM (FR and FS)

These are the features chosen by RF and SVM (left and right columns, respectively),
to be removed from the French set.

shape name leaves depth folds estimators
(3999,927) (rf, svm), fr 2 None 5 70

f_0.5_micro +/- Top feature f_0.5_micro +/- Top feature
0.82 0.02 femm 0.82 0.02 femm
0.79 0.02 fill 0.81 0.01 fill
0.77 0.02 fil 0.81 0.01 homm
0.76 0.02 mort 0.80 0.01 fil
0.76 0.02 acteur 0.79 0.02 devient
0.76 0.03 homm 0.78 0.02 mort
0.75 0.02 chanteur 0.77 0.02 directric
0.75 0.03 modifi 0.77 0.02 footballeur
0.75 0.04 devient 0.77 0.02 mariag
0.74 0.05 an 0.77 0.02 enfant
0.75 0.05 mour 0.77 0.02 coupl
0.75 0.04 footballeur 0.77 0.02 mari
0.75 0.03 obten 0.77 0.02 princess
0.74 0.03 professeur 0.77 0.02 rein
0.74 0.03 mariag 0.76 0.03 duchess
0.74 0.03 princess 0.77 0.03 comtess
0.74 0.05 enfant 0.76 0.03 directeur
0.73 0.04 rein 0.76 0.03 dam
0.74 0.04 duchess 0.76 0.03 lettr
0.73 0.04 directeur 0.76 0.03 anglais
0.73 0.03 militair 0.76 0.03 naissanc
0.73 0.04 post 0.76 0.02 mour
0.73 0.02 film 0.76 0.02 fondatric
0.73 0.03 directric 0.76 0.02 obten
0.72 0.04 chef 0.76 0.02 astronaut
0.73 0.05 projet 0.76 0.02 informat
0.72 0.04 mar 0.76 0.02 technolog
0.73 0.05 olymp 0.76 0.02 programm
0.72 0.04 fondateur 0.76 0.02 militair
0.72 0.04 dam 0.76 0.02 fondateur
0.72 0.04 correspond 0.75 0.02 divorc
0.72 0.04 recommand 0.75 0.02 match
0.72 0.04 guerr 0.75 0.02 gazon
0.72 0.04 command 0.75 0.02 voix
0.71 0.04 jeun 0.75 0.02 traductric
0.71 0.04 ten 0.75 0.02 dynast
0.71 0.05 mond 0.75 0.02 chanteur
0.72 0.04 consort 0.75 0.02 explor
0.71 0.05 mannequin 0.75 0.02 parent
0.72 0.06 titr 0.75 0.03 vivr
0.72 0.05 philosoph 0.75 0.03 latin
0.71 0.05 botan 0.74 0.03 mar
0.71 0.05 jour 0.74 0.02 milit
0.71 0.06 chant 0.74 0.03 amour
0.71 0.05 dirig 0.74 0.02 seul
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0.71 0.05 jou 0.74 0.03 amateur
0.71 0.04 coupl 0.73 0.03 jeun
0.71 0.06 jeu 0.73 0.03 an
0.71 0.05 part 0.73 0.02 chef
0.71 0.06 convent 0.73 0.03 concentr
0.71 0.06 filmograph 0.73 0.03 consort
0.71 0.05 naissanc 0.73 0.02 terr
0.70 0.06 latin 0.73 0.02 fondr
0.71 0.06 mois 0.73 0.02 pionni
0.70 0.05 commenc 0.73 0.02 servic
0.70 0.05 offici 0.73 0.03 acteur
0.70 0.06 vill 0.73 0.02 post
0.71 0.06 dramat 0.73 0.02 mannequin
0.70 0.06 servic 0.73 0.02 command
0.70 0.06 serv 0.73 0.02 offici
0.71 0.06 bataill 0.73 0.03 club
0.70 0.06 parent 0.73 0.03 but
0.70 0.06 remport 0.72 0.03 terrain
0.71 0.06 meilleur 0.72 0.03 divis
0.71 0.06 dynast 0.72 0.02 dirig
0.71 0.05 record 0.72 0.03 orchestr
0.71 0.05 grad 0.72 0.03 serv
0.71 0.06 mari 0.72 0.03 guitar
0.70 0.06 droit 0.72 0.03 ten
0.70 0.05 match 0.72 0.03 espagnol
0.70 0.05 ministr 0.72 0.03 guerr
0.70 0.06 polit 0.72 0.03 comt
0.70 0.05 simpl 0.71 0.02 bataill
0.70 0.05 divorc 0.71 0.02 philosoph
0.69 0.04 seul 0.72 0.03 concept
0.70 0.05 chanson 0.72 0.02 professeur
0.69 0.05 lettr 0.71 0.02 chant
0.70 0.05 comtess 0.72 0.02 soprano
0.69 0.04 occup 0.71 0.02 liaison
0.70 0.05 anglais 0.71 0.02 botan
0.69 0.05 britann 0.71 0.02 dans
0.69 0.05 lor 0.71 0.03 compagn
0.69 0.04 but 0.71 0.03 dramat
0.69 0.04 assist 0.71 0.03 maternel
0.69 0.04 pet 0.71 0.03 italien
0.69 0.03 divis 0.71 0.03 philolog
0.69 0.04 doubl 0.71 0.03 centr
0.69 0.04 international 0.71 0.03 sav
0.69 0.04 promouvoir 0.71 0.03 veuv
0.69 0.03 affair 0.71 0.03 co
0.69 0.04 voix 0.71 0.02 rejoindr
0.69 0.05 rejoindr 0.71 0.02 buteur
0.69 0.05 club 0.71 0.02 physicien
0.69 0.04 terrain 0.71 0.02 naturel
0.68 0.05 physicien 0.71 0.02 alleman
0.68 0.04 explor 0.70 0.02 combat
0.69 0.06 argent 0.71 0.02 grad
0.68 0.04 travail 0.71 0.02 promouvoir
0.69 0.04 fondr 0.71 0.03 interrompr
0.69 0.04 pionni 0.71 0.03 aili
0.68 0.04 cathol 0.70 0.03 offens
0.69 0.04 construir 0.70 0.03 zoolog
0.68 0.05 amour 0.70 0.03 docteur
0.68 0.04 dans 0.70 0.03 bon
0.68 0.04 import 0.70 0.03 danseus
0.68 0.05 empereur 0.70 0.03 vocal
0.68 0.05 combat 0.70 0.03 genr
0.68 0.06 co 0.70 0.03 introduir
0.67 0.05 port 0.70 0.03 natural
0.68 0.05 comt 0.70 0.03 titulair
0.68 0.05 joueur 0.70 0.03 nomm
0.68 0.05 pass 0.70 0.03 favorit
0.67 0.04 fer 0.70 0.03 britann
0.68 0.04 terr 0.70 0.03 inscrir
0.68 0.05 artist 0.70 0.03 attaqu
0.67 0.04 concept 0.70 0.03 hockey
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0.68 0.04 concentr 0.70 0.02 arab
0.68 0.04 naturel 0.70 0.02 romanci
0.67 0.05 issu 0.70 0.02 vert
0.67 0.05 fondatric 0.70 0.02 travail
0.67 0.04 incarn 0.70 0.02 chair
0.68 0.03 rel 0.70 0.02 prussien
0.67 0.04 bronz 0.70 0.03 lieuten
0.67 0.04 titulair 0.70 0.02 front
0.67 0.04 construct 0.70 0.02 psychanalyst
0.67 0.04 actric 0.70 0.02 analyst
0.67 0.03 pornograph 0.70 0.03 ann
0.67 0.03 voyag 0.70 0.03 assist
0.67 0.03 orchestr 0.70 0.03 traducteur
0.66 0.03 derni 0.69 0.03 hai
0.67 0.04 prussien 0.69 0.03 chanson
0.67 0.03 diplomat 0.69 0.03 classiqu
0.67 0.03 direct 0.69 0.03 philologu
0.67 0.03 fonction 0.69 0.03 organ
0.67 0.03 championnat 0.69 0.03 influenc
0.67 0.03 influenc 0.69 0.03 import
0.67 0.02 chair 0.69 0.04 styl
0.67 0.03 tourn 0.69 0.03 construir
0.67 0.03 docteur 0.69 0.04 port
0.67 0.02 vivr 0.69 0.04 organist
0.67 0.03 vrai 0.69 0.03 instrument
0.67 0.05 centr 0.69 0.03 volum
0.66 0.04 class 0.69 0.04 standard
0.67 0.05 perform 0.69 0.04 auteur
0.66 0.04 boxeur 0.68 0.04 incarn
0.66 0.03 final 0.68 0.04 sex
0.67 0.03 star 0.68 0.04 plant
0.67 0.03 sort 0.68 0.04 honor
0.67 0.04 soprano 0.68 0.04 voyag
0.67 0.03 festival 0.68 0.04 jardin
0.67 0.03 lanc 0.68 0.04 jou
0.66 0.03 champion 0.68 0.04 remari
0.67 0.02 disqu 0.68 0.04 actric
0.66 0.03 gazon 0.68 0.04 vrai
0.66 0.02 hockey 0.69 0.03 pornograph
0.66 0.04 historien 0.69 0.03 rejoint
0.67 0.03 compatriot 0.69 0.03 abbess
0.66 0.03 scientif 0.69 0.03 secon
0.66 0.03 doctorat 0.69 0.03 archiduchess
0.66 0.03 auteur 0.69 0.03 pilot
0.67 0.03 amateur 0.69 0.03 automobil
0.66 0.03 album 0.68 0.03 festival
0.67 0.03 bon 0.69 0.03 issu
0.66 0.02 programm 0.68 0.03 collect
0.67 0.03 physiqu 0.68 0.04 classif
0.67 0.02 nord 0.68 0.04 germano
0.66 0.04 administr 0.68 0.03 optiqu
0.66 0.03 danseus 0.68 0.04 film
0.66 0.02 tour 0.69 0.03 tourn
0.67 0.03 or 0.69 0.03 star
0.66 0.03 croix 0.69 0.03 scientif
0.67 0.02 techniqu 0.69 0.03 entreprendr
0.67 0.03 moyen 0.69 0.03 honneur
0.67 0.03 maternel 0.69 0.03 cofond
0.66 0.03 lieuten 0.69 0.03 remplac
0.67 0.03 major 0.69 0.03 occup
0.66 0.02 atteindr 0.68 0.03 marin
0.66 0.03 open 0.68 0.03 bas
0.67 0.03 battr 0.68 0.03 major
0.67 0.03 habilit 0.68 0.03 invas
0.66 0.03 inscrir 0.68 0.03 colonel
0.66 0.03 tournoi 0.68 0.03 cheval
0.66 0.03 provinc 0.68 0.03 devint
0.66 0.03 circuit 0.68 0.03 commenc
0.66 0.03 classiqu 0.68 0.02 nord
0.67 0.04 espagnol 0.68 0.03 canc
0.66 0.03 compagn 0.68 0.02 princip
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0.66 0.03 occas 0.68 0.02 techniqu
0.66 0.02 attaqu 0.68 0.02 physiolog
0.66 0.04 mixt 0.68 0.02 anatom
0.66 0.03 organ 0.68 0.02 fonction
0.66 0.03 alpin 0.68 0.02 suiss
0.66 0.04 disciplin 0.68 0.03 cel
0.66 0.03 skieur 0.68 0.03 pet
0.66 0.04 genr 0.68 0.02 construct
0.66 0.03 infanter 0.68 0.03 parven
0.66 0.04 invas 0.68 0.03 droit
0.66 0.04 interrompr 0.67 0.03 moyen
0.65 0.03 front 0.67 0.03 muet
0.66 0.03 cours 0.67 0.02 champion
0.66 0.03 sportif 0.67 0.03 nobless
0.66 0.03 informat 0.67 0.03 natif
0.66 0.03 colonel 0.67 0.03 jurist
0.66 0.03 capitain 0.67 0.02 cursus
0.66 0.03 gouvern 0.67 0.03 vif
0.66 0.04 sall 0.67 0.03 artist
0.66 0.03 coup 0.67 0.02 pendu
0.66 0.05 italien 0.67 0.02 plongeur
0.66 0.04 sport 0.66 0.02 veuf
0.66 0.04 gagn 0.66 0.02 human
0.66 0.04 polon 0.66 0.02 derni
0.67 0.03 pouvoir 0.66 0.03 charg
0.66 0.03 conseil 0.66 0.03 historien
0.67 0.04 junior 0.66 0.03 modern
0.66 0.04 philolog 0.66 0.03 championnat
0.66 0.03 originair 0.66 0.03 vedet
0.67 0.05 termin 0.66 0.03 voitur
0.67 0.03 jurist 0.66 0.03 patineur
0.67 0.03 sav 0.66 0.03 skeletoneus
0.67 0.03 progress 0.66 0.03 batteur
0.67 0.04 devint 0.66 0.03 pos
0.67 0.04 liaison 0.66 0.03 amant
0.66 0.04 concour 0.66 0.03 blond
0.66 0.04 modern 0.66 0.03 pasteur
0.66 0.04 veuv 0.66 0.03 cuisin
0.66 0.04 corp 0.66 0.03 clarinet
0.66 0.03 devoir 0.66 0.03 progress
0.66 0.04 nomm 0.66 0.03 confl
0.66 0.04 cel 0.65 0.04 cercl
0.66 0.04 pilot 0.66 0.04 architectur
0.66 0.05 oncle 0.65 0.04 apprentissag
0.66 0.04 automobil 0.66 0.04 concert
0.66 0.04 pap 0.65 0.04 architect
0.66 0.04 cardinal 0.65 0.04 doctrin
0.66 0.04 apparit 0.65 0.05 noc
0.66 0.05 confi 0.65 0.04 cher
0.66 0.04 grav 0.65 0.04 spectacl
0.67 0.05 peintr 0.65 0.04 version
0.66 0.05 collect 0.65 0.04 euro
0.66 0.05 natural 0.65 0.04 endur
0.66 0.05 entrer 0.65 0.04 fer
0.66 0.05 introduir 0.65 0.04 devoir
0.66 0.04 producteur 0.65 0.04 architectural
0.67 0.04 vendr 0.65 0.04 coloratur
0.66 0.03 charg 0.65 0.04 main
0.66 0.04 philologu 0.65 0.04 astronom
0.66 0.05 romain 0.65 0.04 observatoir
0.66 0.04 pris 0.65 0.04 observ
0.66 0.04 romanci 0.65 0.04 microscop
0.66 0.03 central 0.65 0.04 vent
0.66 0.04 effectu 0.65 0.04 chass
0.66 0.04 version 0.65 0.04 affich
0.66 0.04 vent 0.65 0.04 planch
0.67 0.04 partisan 0.65 0.04 infanter
0.67 0.04 oriental 0.65 0.04 croix
0.66 0.04 empir 0.65 0.04 capitain
0.66 0.03 honneur 0.65 0.04 apparit
0.66 0.03 vocal 0.65 0.04 autobiograph
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0.66 0.04 volontair 0.65 0.04 grav
0.66 0.03 chinois 0.65 0.04 mexicain
0.66 0.03 approch 0.65 0.03 bataillon
0.66 0.03 german 0.65 0.03 part
0.66 0.03 entreprendr 0.64 0.04 cantatric
0.66 0.04 favorit 0.64 0.04 disqu
0.66 0.04 observ 0.64 0.04 mod
0.66 0.04 princip 0.64 0.04 adapt
0.66 0.03 technolog 0.64 0.04 photo
0.66 0.03 arab 0.64 0.04 agenc
0.66 0.05 bas 0.64 0.04 tournag
0.66 0.03 suiss 0.64 0.04 blanc
0.66 0.04 inclin 0.64 0.04 montagn
0.66 0.04 mission 0.64 0.05 nu
0.66 0.04 nobless 0.64 0.05 originair
0.66 0.03 voi 0.64 0.04 gagn
0.66 0.02 grec 0.64 0.05 corp
0.66 0.03 gouverneur 0.64 0.04 sort
0.66 0.03 astronom 0.64 0.05 album
0.67 0.03 jardin 0.65 0.04 singl
0.66 0.03 milit 0.65 0.04 vendr
0.66 0.03 impos 0.65 0.03 arbitr
0.66 0.03 transport 0.65 0.03 effectu
0.67 0.03 canc 0.65 0.03 voi
0.67 0.03 sprint 0.65 0.03 concour
0.66 0.03 dopag 0.65 0.03 magazin
0.66 0.03 individuel 0.65 0.03 lanc
0.66 0.03 fonctionnair 0.65 0.03 artiller
0.66 0.03 parfois 0.65 0.03 crim
0.66 0.03 offens 0.65 0.03 thrill
0.66 0.03 volum 0.65 0.03 combattr
0.66 0.02 libr 0.65 0.03 rabbin
0.66 0.03 zoolog 0.65 0.03 entrer
0.66 0.03 chim 0.65 0.04 volontair
0.66 0.03 royaum 0.65 0.04 apparaı̂tr
0.66 0.03 sud 0.65 0.04 bobeur
0.66 0.03 air 0.65 0.04 million
0.66 0.03 singl 0.65 0.04 me
0.66 0.03 oppos 0.65 0.04 titr
0.66 0.03 plant 0.65 0.05 semain
0.66 0.03 standard 0.65 0.05 dout
0.66 0.03 apprentissag 0.65 0.04 oppos
0.66 0.04 million 0.65 0.05 jug
0.66 0.03 institut 0.65 0.05 meilleur
0.66 0.03 august 0.65 0.04 tradit
0.66 0.03 physiolog 0.65 0.04 savoir
0.66 0.03 traductric 0.65 0.05 mannequinat
0.66 0.03 styl 0.65 0.04 imprimeur
0.66 0.03 combattr 0.65 0.05 auquel
0.66 0.02 architectur 0.65 0.04 chart
0.66 0.02 architect 0.65 0.04 pass
0.66 0.02 bataillon 0.66 0.04 habilit
0.66 0.03 semain 0.65 0.04 doctorat
0.66 0.03 success 0.65 0.04 chim
0.66 0.02 spectacl 0.65 0.05 jour
0.65 0.04 exerc 0.65 0.05 mois
0.66 0.03 discipl 0.65 0.05 direct
0.66 0.03 concert 0.65 0.06 descript
0.66 0.03 rar 0.65 0.05 simpl
0.65 0.03 recteur 0.65 0.05 prisonni
0.66 0.03 aim 0.65 0.05 approch
0.66 0.03 instrument 0.65 0.05 ethnolog
0.66 0.02 successeur 0.65 0.05 loi
0.66 0.02 traducteur 0.65 0.06 di
0.66 0.03 human 0.65 0.06 fabriqu
0.66 0.03 cofond 0.65 0.06 fonctionnair
0.65 0.03 saut 0.65 0.06 institut
0.66 0.03 magazin 0.65 0.06 discipl
0.66 0.04 pos 0.65 0.06 recteur
0.66 0.03 forc 0.64 0.06 success
0.66 0.04 mod 0.64 0.06 successeur
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0.65 0.04 parven 0.64 0.06 colon
0.66 0.04 canadien 0.64 0.06 oriental
0.66 0.04 podium 0.64 0.06 institu
0.66 0.04 cercl 0.64 0.06 physiqu
0.66 0.03 patineur 0.63 0.06 quantiqu
0.66 0.04 hiv 0.63 0.06 nobel
0.66 0.03 neveu 0.63 0.06 notion
0.66 0.03 organist 0.63 0.06 provinc
0.66 0.03 alleman 0.63 0.06 partisan
0.66 0.04 cursus 0.63 0.05 filmograph
0.66 0.03 tripl 0.63 0.06 convent
0.66 0.03 germano 0.65 0.03 vill
0.66 0.03 remplac 0.65 0.03 cathol
0.66 0.03 possess 0.65 0.03 margrav
0.66 0.03 mandat 0.65 0.03 neveu
0.66 0.03 solut 0.65 0.03 bord
0.66 0.02 dessin 0.65 0.03 producteur
0.66 0.03 branch 0.65 0.03 transport
0.66 0.03 margrav 0.65 0.03 parfois
0.66 0.02 confl 0.65 0.03 grec
0.66 0.02 artiller 0.65 0.03 confi
0.66 0.02 main 0.65 0.04 parc
0.66 0.02 ski 0.65 0.04 august
0.66 0.02 vieux 0.64 0.04 pouvoir
0.66 0.02 tradit 0.64 0.04 pris
0.66 0.03 loi 0.64 0.05 signatur
0.66 0.02 di 0.64 0.05 solut
0.66 0.02 buteur 0.64 0.05 naissent
0.66 0.02 descript 0.64 0.05 offre
0.66 0.02 cher 0.64 0.05 brevet
0.66 0.02 financ 0.64 0.05 zur
0.66 0.03 savoir 0.64 0.05 obtint
0.66 0.02 nobel 0.63 0.05 sprint
0.66 0.02 champ 0.64 0.04 ornithologu
0.67 0.02 auquel 0.63 0.05 devenu
0.66 0.02 adapt 0.64 0.05 protocol
0.66 0.02 agenc 0.63 0.05 alert
0.66 0.02 classif 0.63 0.05 nageur
0.66 0.02 anatom 0.63 0.05 fantast
0.66 0.02 chevali 0.63 0.05 sitcom
0.66 0.02 duo 0.64 0.04 entomolog
0.66 0.02 feuill 0.63 0.05 peintr
0.66 0.02 bravour 0.63 0.05 dessin
0.66 0.02 acte 0.63 0.05 lituanien
0.66 0.01 me 0.63 0.05 ordinair
0.66 0.02 prisonni 0.63 0.05 impression
0.66 0.02 us 0.63 0.05 central
0.66 0.02 doctrin 0.62 0.05 administr
0.66 0.02 muet 0.62 0.05 empereur
0.66 0.01 guitar 0.61 0.05 romain
0.66 0.02 assassinat 0.60 0.05 sud
0.66 0.01 blond 0.60 0.04 olymp
0.66 0.02 apparaı̂tr 0.61 0.05 jeu
0.66 0.01 vedet 0.61 0.04 argent
0.66 0.01 accord 0.62 0.04 rel
0.66 0.01 bavarois 0.62 0.04 bronz
0.66 0.01 fabriqu 0.63 0.05 sportif
0.66 0.01 dout 0.63 0.04 fondeux
0.66 0.01 remari 0.63 0.04 empir
0.66 0.01 pasteur 0.62 0.05 german
0.66 0.01 vif 0.62 0.04 mond
0.66 0.01 chanceli 0.63 0.04 record
0.66 0.01 chanceller 0.64 0.04 moteur
0.66 0.01 bel 0.64 0.03 aviat
0.66 0.01 brevet 0.64 0.03 mission
0.66 0.01 forteress 0.63 0.04 branch
0.66 0.01 territoir 0.63 0.04 conseil
0.66 0.01 seigneur 0.63 0.05 diplomat
0.66 0.02 paysan 0.62 0.05 inclur
0.66 0.01 peupl 0.62 0.05 mer
0.66 0.02 object 0.62 0.04 dopag
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0.66 0.02 soldat 0.62 0.05 sall
0.66 0.02 vert 0.62 0.05 remport
0.66 0.02 noc 0.63 0.03 sport
0.66 0.02 secon 0.63 0.03 compatriot
0.66 0.02 qualifi 0.64 0.03 duo
0.66 0.02 instruct 0.63 0.03 forc
0.66 0.02 euro 0.63 0.03 or
0.66 0.02 affich 0.64 0.03 polon
0.66 0.02 fervent 0.63 0.03 royaum
0.66 0.02 jug 0.63 0.04 territoir
0.66 0.02 marin 0.63 0.05 gouverneur
0.66 0.03 microscop 0.63 0.05 vieux
0.66 0.03 inclur 0.63 0.05 grossess
0.66 0.03 photo 0.62 0.05 navir
0.66 0.03 moral 0.62 0.05 battr
0.66 0.03 institu 0.63 0.05 alsacien
0.66 0.02 montagn 0.63 0.05 individuel
0.66 0.03 devenu 0.63 0.05 cours
0.66 0.03 veuf 0.63 0.04 nag
0.66 0.03 crim 0.63 0.03 libr
0.66 0.03 bord 0.63 0.04 oncle
0.66 0.03 chapel 0.63 0.04 fleuv
0.66 0.04 pologn 0.63 0.04 soldat
0.66 0.03 hai 0.63 0.04 cavaler
0.66 0.04 chart 0.63 0.04 assassinat
0.66 0.03 docu 0.63 0.05 alpin
0.66 0.03 meeting 0.63 0.04 skieur
0.66 0.03 cyrill 0.63 0.04 canadien
0.66 0.03 cheval 0.64 0.03 chinois
0.66 0.03 cavaler 0.63 0.05 logiqu
0.66 0.03 parc 0.63 0.05 chanoin
0.66 0.03 aviat 0.63 0.05 chroniqu
0.66 0.03 chroniqu 0.63 0.05 catcheur
0.66 0.03 optiqu 0.63 0.05 chasseur
0.66 0.03 aili 0.63 0.05 champ
0.65 0.03 observatoir 0.63 0.04 acte
0.65 0.03 psychanalyst 0.63 0.04 chevali
0.66 0.03 analyst 0.62 0.04 bravour
0.65 0.03 autobiograph 0.62 0.05 feuill
0.65 0.03 attentat 0.61 0.05 gymnast
0.65 0.04 penseur 0.61 0.05 natat
0.65 0.04 mer 0.61 0.06 australien
0.65 0.03 chanti 0.61 0.06 object
0.65 0.03 paroiss 0.61 0.06 polytechn
0.66 0.02 complot 0.61 0.06 peupl
0.65 0.03 nu 0.61 0.06 charm
0.65 0.03 astronaut 0.61 0.06 international
0.65 0.03 horreur 0.61 0.05 joueur
0.65 0.03 chass 0.62 0.04 doubl
0.65 0.03 rejoint 0.64 0.04 mixt
0.65 0.03 notion 0.65 0.04 cardinal
0.65 0.02 obtint 0.64 0.04 pap
0.65 0.02 impression 0.63 0.04 graveur
0.65 0.02 vision 0.63 0.04 perform
0.65 0.02 colon 0.63 0.03 sabin
0.65 0.02 loin 0.63 0.03 occas
0.65 0.02 amant 0.63 0.03 sommet
0.65 0.02 sex 0.64 0.03 tour
0.65 0.02 moteur 0.64 0.03 chapitr
0.65 0.02 hauteur 0.63 0.03 final
0.65 0.02 tournag 0.65 0.02 open
0.65 0.02 reproduir 0.64 0.02 exerc
0.65 0.02 canon 0.64 0.03 bel
0.65 0.02 colonial 0.64 0.03 affair
0.65 0.02 anobl 0.64 0.02 ministr
0.65 0.02 vitess 0.63 0.01 polit
0.65 0.02 chasseur 0.60 0.02 gouvern
0.65 0.02 zur 0.58 0.02 class
0.65 0.01 assum 0.60 0.02 impos
0.65 0.01 signatur 0.60 0.02 atteindr
0.65 0.01 mondiau 0.60 0.02 mandat
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0.65 0.01 pont 0.59 0.02 circuit
0.65 0.01 fondeux 0.60 0.03 bavarois
0.65 0.01 chanoin 0.60 0.02 us
0.65 0.02 cuisin 0.60 0.02 air
0.65 0.02 suspens 0.60 0.02 rar
0.64 0.02 austral 0.60 0.02 austral
0.65 0.01 fourn 0.60 0.03 adjud
0.65 0.02 mannequinat 0.60 0.03 financ
0.64 0.01 casting 0.60 0.03 chanceli
0.64 0.01 natif 0.60 0.02 junior
0.64 0.02 chapitr 0.60 0.03 chanceller
0.65 0.01 architectural 0.60 0.03 tournoi
0.65 0.01 qualif 0.61 0.03 fed
0.64 0.01 australien 0.61 0.03 termin
0.64 0.01 sommet 0.62 0.03 hiv
0.64 0.01 abbess 0.62 0.03 heptathlon
0.64 0.01 poid 0.62 0.03 lor
0.65 0.01 diam 0.64 0.02 inclin
0.65 0.01 javelot 0.64 0.03 accord
0.65 0.01 slalom 0.64 0.03 moral
0.64 0.01 glob 0.64 0.03 disciplin
0.64 0.01 descent 0.65 0.04 javelot
0.65 0.01 sup 0.65 0.04 anobl
0.65 0.01 adjug 0.65 0.04 meeting
0.65 0.01 devanc 0.65 0.04 qualifi
0.65 0.01 totalis 0.65 0.04 cart
0.65 0.01 quantiqu 0.65 0.04 diam
0.65 0.01 cart 0.65 0.05 penseur
0.64 0.01 serb 0.64 0.05 querel

C.3 (ER-ES) and (ES-ER)

These are the features that did not overlap, using the RF and SVM on the English
set.

RF only SVM only

0.7534305859629195 studi 0.7763485314172518 guard
0.7374029450178502 gold 0.7760905145561288 psychoanalyst
0.735114159491174 bronz 0.774566064358371 chairwoman
0.7351060649559984 compet 0.7664229117232927 parliamentari
0.7333359046549179 record 0.7605734026539887 bride
0.7323116133679644 medal 0.7580272510251359 car
0.7251917771170378 death 0.7486069765436616 motorcycl
0.7246802822325076 finish 0.747843292797435 dowri
0.7241762286529699 event 0.7475898106553004 hill
0.7221402753332272 silver 0.7468264502291835 maid
0.7213759432992907 final 0.7346191671121585 happi
0.7213707701775379 intern 0.7341099362921406 vfb
0.7198537588135362 music 0.7315644337747436 hide
0.7170476553453762 top 0.7231665065408378 abb
0.7167938490593866 place 0.720112418196151 s
0.7152655074878775 rule 0.7188395044536521 noblewoman
0.7147533684343648 beat 0.718584728207334 choic
0.714506359284385 relay 0.7160398690351738 lover
0.7124700859395149 found 0.7137494669079499 dem
0.7106872906180514 botanist 0.7084091845399362 goalscor
0.7101712634857693 competit 0.7076442075132715 realist
0.7094111428507117 doctor 0.7058643286627582 dynast
0.7091589556365064 album 0.7053560694505598 freelanc
0.7089083866703397 state 0.7033142947213543 salon
0.7089019145019304 doubl 0.7028060355091561 programm
0.7086519921759827 champion 0.702298098793322 featherweight
0.7086458441514285 ordain 0.6931394051078852 drummer
0.7084001258106505 travel 0.692626612000444 orchestra
0.7083972159296648 achiev 0.6921199718600299 middleweight
0.7078834512144037 repres 0.6898295689090604 boxer
0.7063632050018156 explor 0.6893226046247913 betroth
0.7061107002337192 emperor 0.6888149928765578 cameraman
0.7058520375561226 interest 0.6880513091303312 propaganda
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0.7053463657285461 player 0.6870305834257834 trajectori
0.7048345458764155 elect 0.6867722440682961 pregnant
0.7043334071203368 bishop 0.6816854479611444 clean
0.7030527271052447 physic 0.6809224116788825 rtg
0.7028008607399124 run 0.6806679587526739 wrestler
0.7017921077643635 send 0.6804125342186456 wrestl
0.7017862830599189 releas 0.6788864624778672 guitarist
0.7017849889557352 collect 0.6773584483451951 guitar
0.7007707387145785 track 0.6765934696710395 rhythm
0.7005114293967628 championship 0.6760839147071667 organist
0.7002569789417906 runner 0.6735581594288165 maker
0.7002524401040745 der 0.6732962610788878 nationalist
0.6994955567888399 teach 0.6730431022568628 spokesman
0.6992446628550726 list 0.6730307996177903 husb
0.6987370544018211 medalist 0.6727896201147284 cult
0.6987357586501464 second 0.6725218929416275 niec
0.6987266958021332 king 0.6722807134385655 conspiraci
0.6987250792015856 expedit 0.6722687341196025 pregnanc
0.6977095290900267 natur 0.6720317627204376 recur
0.6974566960593477 scientif 0.6712680797979567 artilleri
0.697202239838157 sell 0.671267108190137 offens
0.697201914046811 und 0.6697384465935003 ship
0.6971980317342601 sprint 0.6697352076261864 ensembl
0.6961918702620604 artist 0.6689757344550935 contralto
0.6961828107090292 region 0.6684632646677617 battalion
0.6956709900331531 semifin 0.6684606772831398 spanish
0.6956687251448953 cover 0.6682088109178076 sitcom
0.6954246332896109 genus 0.6679407653670701 horn
0.6954226843077531 physicist 0.667938822151431 citat
0.695420747682078 botani 0.6676846925453318 volleybal
0.6951617625081172 ski 0.6671919699970472 horror
0.6951607925477886 no 0.6671774049409531 protocol
0.6949102227578764 empir 0.6671770816208437 releg
0.6946609462484025 mix 0.6669235986549636 refere
0.6944013136104771 particular 0.6666688215848999 averag
0.6943990478984738 extens 0.6661738341483574 theater
0.6941458882527034 speci 0.6659044895509634 fairi
0.6941426509328805 polici 0.6651599072273103 clarinet
0.6938930519270424 plant 0.6651595830834551 provinc
0.6938843148703753 songwrit 0.6649025403013883 prostitut
0.6936483109603027 coach 0.6648931524857746 plot
0.6936382781519608 princip 0.6646500289433278 jurisprud
0.6933841485458616 joint 0.6643962234810837 orchestr
0.693133581227186 swimmer 0.6643949277294091 island
0.6928804215814155 sport 0.6643939594165715 oil
0.6926185232314868 racer 0.6638691886376582 birthplac
0.6923660085784445 successor 0.6631181292031229 cavalri
0.6923653652332074 descript 0.6623593018485033 humor
0.6923653611144799 skier 0.6621042006345846 juri
0.6923640711290238 hit 0.6605745657826374 shift
0.6923637494564051 studio 0.6603065194081544 pageant
0.6923605071941091 alpin 0.659542835661928 cabaret
0.6923582447770881 chart 0.6595399224859602 repertori
0.6921138254829666 indoor 0.6593039177521418 constitut
0.6921128514039105 alli 0.6592864403438256 builder
0.6918606691321781 especi 0.659285792879861 coloratura
0.6913501433842311 nobl 0.659285792879861 repertoir
0.6910866259625182 qualifi 0.6592819080960736 functionari
0.6908405875966126 reign 0.658794688579615 marshal
0.6908383210608638 tournament 0.6587742963478398 adjut
0.6905884003824074 institut 0.658541205613735 agricultur
0.6905832190231996 inherit 0.6585204917093412 injur
0.6905809533111963 imperi 0.6582844869755229 membership
0.6903365373120571 rector 0.6582806038392264 wound
0.6903316833916865 professorship 0.6580200012409725 titular
0.6900756080987115 throw 0.6580132024574717 boyfriend
0.6900743098758003 medicin 0.6580115858569241 aerial
0.6898163004283868 capabl 0.658010937569214 ace
0.6893148383521985 worldwid 0.6577678140267673 print
0.689306748759496 vocal 0.6577561596754047 adulteri
0.6893064221444044 land 0.6575214506932612 substanti
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0.6893035089684365 ride 0.657248549574662 aircraft
0.6890484094020086 deriv 0.6567389946107892 symphoni
0.6887994595076263 rest 0.6567383471468246 internet
0.6885530969978657 ruler 0.6559931132404795 onlin
0.688547598084767 contain 0.6554851781721364 porn
0.6885417667903583 winner 0.6552116295895727 theatric
0.6882979966076925 investig 0.6524132899227691 mezzo
0.6880325376178313 aim 0.6513951540740794 mechan
0.6877949179309565 zoolog 0.6508859240778071 pictori
0.6877829402594843 economi 0.6498729646458521 recit
0.6877797062346434 duke 0.649618835039753 pitch
0.6875326962609182 botan 0.6496185117196436 grandchild
0.6872788883274377 physiologist 0.6491099291873357 fond
0.6872775876332899 physician 0.6465747819746444 hymn
0.6870192589844943 revis 0.6460658752984816 sens
0.6865116431175331 determin 0.6458114207247819 perhap
0.6865077566862547 mathemat 0.6453008958005805 string
0.6860069445452674 solo 0.6450467661944812 orphan
0.6860066245201399 semest 0.6447923132682727 kindergarten
0.6857401930987137 precis 0.6437745007396926 ein
0.6842244816051143 mathematician 0.6435203711335935 mentor
0.6839648448484614 consecut 0.6432642991356007 realli
0.683202459325146 theoret 0.6419913845693562 defenc
0.6821859433719861 treatis 0.641736606675547 reform

C.4 (FR-FS) and (FS-FR)

These are the features that did not overlap, using the RF and SVM on the French
set.

RF only SVM only

0.746191802252816 modifi 0.6961730287859825 ann
0.7259414893617022 projet 0.686671777221527 archiduchess
0.7219374217772216 correspond 0.6836717772215269 honor
0.7194367959949937 recommand 0.6664167709637046 pendu
0.6649220901126408 boxeur 0.6656667709637046 plongeur
0.6629167709637047 ski 0.6601648936170214 skeletoneus
0.662168335419274 instruct 0.6596652065081352 voitur
0.6609186483103879 chapel 0.6589145807259075 batteur
0.660918335419274 fervent 0.6574139549436796 clarinet
0.6606695869837297 pologn 0.653413016270338 coloratur
0.660165832290363 seigneur 0.6529089486858574 imprimeur
0.6599164580725907 coup 0.6519048811013768 ethnolog
0.6599148936170212 possess 0.6511630162703379 endur
0.6596692740926157 cyrill 0.648409574468085 planch
0.6596658322903629 forteress 0.6481614518147685 bobeur
0.6586695869837296 docu 0.647659887359199 arbitr
0.6579142678347935 paysan 0.6474114518147684 rabbin
0.6574142678347934 aim 0.6474114518147684 thrill
0.6571648936170214 tripl 0.6471589486858573 mexicain
0.655918648310388 complot 0.6444102002503129 querel
0.6556667709637047 podium 0.643657384230288 cantatric
0.654912703379224 saut 0.6429058197747184 blanc
0.6544173967459324 chanti 0.63790112640801 naissent
0.6539189612015018 paroiss 0.6374005006257822 offre
0.6531673967459325 attentat 0.635400813516896 ornithologu
0.6531667709637047 vision 0.6351505006257823 protocol
0.6519164580725907 hauteur 0.6351498748435545 entomolog
0.6511652065081351 vitess 0.6346501877346683 alert
0.6496677096370463 horreur 0.6346498748435544 fantast
0.6491645807259074 assum 0.6346498748435544 sitcom
0.6491642678347934 canon 0.6338998748435543 nageur
0.6476645807259074 colonial 0.6319067584480601 logiqu
0.647165519399249 loin 0.6316567584480601 catcheur
0.6469133291614518 devanc 0.6314092615769712 sabin
0.6466617647058823 pont 0.6296561326658323 fleuv
0.6464145807259074 reproduir 0.6294089486858574 graveur
0.6464120775969964 sup 0.6286551939924906 nag
0.645912703379224 mondiau 0.6274036295369212 alsacien
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0.6459123904881101 adjug 0.626898310387985 ordinair
0.6459114518147685 qualif 0.6268983103879849 lituanien
0.6456630162703378 suspens 0.6251523779724657 grossess
0.6456611389236546 fourn 0.6249023779724656 navir
0.6454123904881102 totalis 0.62115112640801 heptathlon
0.64541239048811 slalom 0.6091492490613266 polytechn
0.6449120775969963 casting 0.60864549436796 fed
0.6449117647058824 poid 0.6081479974968712 natat
0.6444108260325407 descent 0.6081479974968712 gymnast
0.6441608260325407 glob 0.6071479974968711 charm
0.6426611389236546 serb 0.601395181476846 adjud
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