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ABSTRACT: In this paper, we report three experiments evaluating a variety
of feature sets and models intended to develop a new readability model for
French as a Foreign Language (FFL) materials. The purpose of this model
is to predict the levels of texts on a scale widely used in foreign language
teaching, namely the six proficiency levels defined in 2001 in the Common
European Framework of Reference for Languages (CEFR). Our new model
has two main advantages. Firstly, it is the first readability model for FFL
based on a deep learning model, which shows substantially better accuracy
and generalizability than the previous state-of-the-art work. Secondly, it will
be freely available through a website for the community of FFL teachers to
use. We also investigated new cognitive and pedagogical features, but they
failed to outperform existing features sets. Our best performing readabil-
ity model, obtained by fine-tuning BERT, outperforms the state-of-the-art
model by a gain of 8 percentage points in accuracy and adjacent accuracy.

KEYWORDS: Readability model, French as a foreign language, Beacco ref-
erentials, deep learning, cognitive and pedagogical features.

1. INTRODUCTION

In our digital societies, the growing prevalence of written texts both in pro-
fessional and personal settings is well-documented (Belfiore et al. 2004). As
a result, the ability to read efficiently has become a social necessity. Indeed,
not only does it open access to different knowledge areas and to alterity, but it
strongly correlates with socioeconomic status as well (Willms 2003). In sec-
ond language (L.2) acquisition, reading became a pivotal skill too and one of
the main stakes of .2 curriculum is to support learners in their reading practice.
Extensive reading especially, an approach in which learners process numerous
relatively easy materials, has been shown to foster reading fluency, vocabulary
size, and reading comprehension skills (Grabe 2014). In a further meta-review,
Jeon & Day (2016) measured an overall Cohen’s d effect of 0.57 of extensive
reading over intensive or traditional reading settings.
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However, extensive reading requires accessible texts, i.e. texts fitting the
learner’s reading proficiency level, in order to be efficient (Day & Bamford
2002). Finding such texts is a complex task, since many parameters can affect
the text’s level of difficulty for an L2 reader. For instance, various scholars in-
vestigated the relationship between learner’s vocabulary size and reading com-
prehension. Hu & Nation (2000) suggested on this matter that learners must
know at least 98% of the words in a fiction text for unassisted understanding.
Later, Laufer & Ravenhorst-Kalovski (2010) established that the knowledge
of 8,000 word families allows a learner to understand 98% of words in most
texts. Although useful, such knowledge does not directly help L2 teachers se-
lect concrete materials readable by their students. Scientists in education have
been developing readability formulas for this purpose, to help matching texts
to the reading proficiency of a group of learners. This area of research on
readability dates back to the 1920s with the seminal work of Lively & Pressey
(1923), and has since expanded considerably.

Throughout the 20™ century, numerous formulas have been developed, in-
cluding the famous ones by Flesch (1948) and Dale & Chall (1948). In a
survey, DuBay (2004: 2) reports that, by the 1980s, more than 200 readability
formulas had already been published. A vast majority of these formulas share
the same methodological approach. First, text excerpts are collected and their
reading difficulty is measured with various techniques (for more details, see
Francois (2014)). This measure is the dependent variable that the model aims
to predict. Predictions are thus based on several linguistic variables (e.g. word
length, sentence length, etc.) computed on the excerpts and included in the
model as the independent variables (or predictors). Finally, a multiple linear
regression model (MLR) is trained on the excerpts. MLR has been used by
the large majority of scholars until the work of Si & Callan (2001), who ap-
plied machine learning and natural language processing (NLP) techniques to
the field of readability. Their work gave rise to a large number of studies (see
Section 2) relying on non-linear models — such as logistic regression, support
vector model (SVM), or, more recently, deep learning — and on NLP-enabled
engineered features (e.g. N-grams, tree-based syntactic features, etc.). In most
of these studies, linguistic features were manually developed by experts, rely-
ing on findings about the reading process. Such feature design is called feature
engineering and, in the case of readability, it has the shortcomings of perform-
ing a coarse aggregation of the word characteristics at the text level.

In this paper, we hypothesize that distributed representations such as word
embeddings and deep learning models should achieve a better aggregation
of linguistic information available at the different levels of text. To this aim,
we compare the performance of engineered-based readability SVM models
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with several state-of-the-art deep learning architectures: a hierarchical atten-
tion model (HAN) and a Fine-Tuned BERT model. To our knowledge, it is
the first approach of readability for L2 French using deep learning. We also
investigate new engineered features that have not been used for L2 French
readability previously. At the cognitive level, we identified three types of fea-
tures that have been shown to be correlated with the reading difficulty of texts
(concrete/abstract words, OLD20, and average number of commonly-known
senses), but have not been used in French readability models so far. We also
developed new pedagogical variables, based on the official Reference Level
Descriptors (RLD) for French (Beacco et al. 2008). Using the official RLD vo-
cabulary lists should allow our models to better capture the different learner’s
interlanguage stages. To our knowledge, the only work to leverage RLD-based
variables is due to Xia et al. (2016). It was dedicated to L2 English and re-
sorted on the English Vocabulary Profile.

The paper includes three experiments and is structured as follows: sec-
tion 2 offers a brief summary of previous studies in readability and further
motivates our main assumptions. Section 3 describes the methodology for our
experiments, first introducing the data used to train and evaluate our models
(Section 3.1), then detailing the features entered in the models (Section 3.2),
before describing the architecture of the three machine learning models we
compared (Section 3.3). Section 4 describes the three sets of experiments and
reports the results. The first set assesses the contribution of the different types
of features; the second compares the model architecture and the third one is
dedicated to the discussion of generalization power of our models, an issue
that is often overlooked in readability. Finally, we discuss the results in Sec-
tion 4.4, before concluding.

2. PREVIOUS WORK IN READABILITY

2.1 Advances in the field of readability

As explained above, readability is a field that has been extensively investi-
gated by scholars during the last century. Work from the 20 century has been
thoroughly described in previous syntheses (Chall & Dale 1995; DuBay 2004;
Francgois 2011; Benjamin 2012; Vajjala 2021). To briefly summarize this large
body of work, it is enough to say that, after a first wave of pioneering research
in the 1930s — the most exhaustive of which is Gray & Leary (1935) — it began
the classical period that spans across the 1940s and 1950s. During this period,
readability formulas were kept as simple as possible and included two or three
predictors only. Some of the most famous formulas date back to that period,
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such as those of Flesch (1948), Dale & Chall (1948) or Gunning (1952). The
classic period ended when cloze tests replaced reading comprehension tests as
a measure of the reading difficulty of texts (Coleman 1965; Bormuth 1966).
The first computerized formulas also appeared at that time (Smith & Senter
1967), which eventually led to an even more superficial view of text difficulty,
due to computer limitations. As a result, and also under the influence of ad-
vances in cognitive psychology and linguistics, increasingly sharp criticism
was directed at readability formulas (Kintsch & Vipond 1979; Kemper 1983),
leading the field into a sort of dormancy at the end of the 20™ century.

Interest in the field of readability intensified again at the dawn of the
21% century, when techniques from machine learning and NLP helped deal
with some of these criticisms. NLP techniques made it possible to take more
complex linguistic phenomena into account. For instance, Collins-Thompson
& Callan (2005) showed that including word distributions across grade lev-
els within a multinomial Naive Bayes classifier outperforms classic formulas.
Schwarm & Ostendorf (2005) used a syntactic parser to extract several parser-
based features, whereas Pitler & Nenkova (2008) investigated various semantic
and discourse features, such as lexical chains and discourse relations. A more
detailed overview of recent readability models can be found in the surveys by
Collins-Thompson (2014) and Francgois (2015).

One aspect that should be stressed is that all these previous approaches
relied on engineered features, i.e. features engineered by experts in line with
psycholinguistic theories describing what makes a text difficult to read. On
the one hand, the use of engineered features has the advantage of producing
more interpretable models and fosters the use of variables whose effect on
reading is theoretically or empirically proven. On the other hand, engineered
features are generally computed at the text level and need to aggregate the
information from lower levels such as words and sentences. The common
aggregation method in the field is the mean (Flesch 1948; Gunning 1952; Chall
& Dale 1995; Schwarm & Ostendorf 2005; Vajjala & Meurers 2012). More
recently, Chen & Meurers (2018: 2) compared several ways to aggregate word
frequency and concluded: “High quality readability assessment depends on
[...] a method for aggregating lexical frequency information that represents
the distribution of word frequencies in a text more richly than using a single
mean’.

Recently, two advances in the field of NLP have allowed for more com-
plex ways of aggregating information: the use of distributed representations of
texts (e.g. embeddings) and deep learning models that can automatically or-
ganise distributed representations into higher-level features (Lee et al. 2009).
In readability, Cha et al. (2017) showed, on the Common Core Standards cor-
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pus, that bag-of-words indeed performed poorly, whereas using features from
semantic spaces (e.g. word embeddings or Brown clustering) within a SVM
model outperforms a model based on engineered features and mean aggrega-
tion. Whigham et al. (2018) built on this idea, adding a transitional network
over the clustered word2vec vectors to better capture structural characteristics
of texts. Nadeem & Ostendorf (2018) compared two deep learning models:
the Gated Recurrent Unit (GRU) and hierarchical recurrent neural networks
(RNN) with various attention mechanisms. Interestingly, none of their neu-
ral networks was able to beat their baseline engineered model by Vajjala &
Meurers (2014). Based on a large set of experiments, Martinc et al. (2021)
report that “neural classifiers can either outperform or at least compare with
approaches leveraging extensive feature engineering”. Finally, we should also
mention the work by Filighera ef al. (2019), who compared various genera-
tions of language models, from word2vec and GloVe to ELMO (Peters et al.
2018) and BERT (Devlin et al. 2019).

One reason that could explain why engineered-based models remain com-
petitive for readability would be that, despite the popularity of word embed-
dings, they might not be able to encode all properties of a text that matter
for readability prediction. Jiang et al. (2018) first investigated this issue with
their knowledge-enriched word embedding approach that, roughly said, inte-
grates age-of-acquisition, word frequencies, and word length within a knowl-
edge graph and combines it with word embedding. Similarly, Le et al. (2018)
combined word embedding representing word meanings with frequency em-
beddings (based on word frequencies) and found that the latter indeed help
improve model’s performance. This is the reason why, in this paper, we will
investigate both models based on distributed representations such as BERT and
models combining engineered features.

2.2 L2 readability

Our work also focuses on L2 French readability, a domain that has not yet
been investigated in light of the two new advances described above: distributed
representations and deep learning.

In general, L2 readability has been overlooked, with most formulas being
based on L1 data applied to L2 contexts (Francois 2011). This situation is due
to the belief, until the 1970s, that reading processes were deemed universal re-
gardless of the readers background. We now know it is not the case and Koda
(2005: 7) highlights three main differences between L1 and L2 readers as fol-
lows: (1) L2 readers must deal with interferences from their L1; (2) they are
generally older and therefore have a better conceptual and world knowledge;
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(3) they cannot rely on linguistic knowledge acquired orally as native speakers
do. Such differences are likely to require different readability models to be ac-
counted for. Tharp (1939) might be the first one to have criticized the use of L1
readability formulas for L2 learners, partly because of their inability to capture
the L1-L2 lexical interferences (i.e. cognates). However, using L1 readability
formulas for a L2 audience was not really challenged before the work of Ham-
sik and Brown in the 1980s (Greenfield 2004: 8-10). But if Brown’s experi-
ment did suggest L1 formulas were inappropriate for L2 learners, Greenfield
(2004) reached the opposite conclusion as difficulties encountered by native
speakers and ESL learners on his corpus texts were relatively similar.

One limitation of Greenfield (2004)’s study is that it does not use any fea-
tures specific to the L2 context, such as the pedagogical progression defined
in L2 curriculum, cognates or other types of interferences. With the rise of
Al readability, more scholars have designed readability models for L2 readers
and more features were considered. Heilman et al. (2007) proposed a model
for L2 English that takes into account the specific pedagogical progression of
22 syntactic structures. Weir & Anagnostou (2008) and Francgois & Watrin
(2011) focused their efforts on multi-word expressions, known to be difficult
to acquire for L2 learners. On another level, Crossley et al. (2008) investigated
the effect of cognitive variables for L2 readability, with one measure of textual
cohesion in particular. Beinborn et al. (2014) further explored lexical read-
ability by capturing cognates within a readability formula and confirming their
effect. For Swedish, Pildn et al. (2016) combined 61 variables (length-based,
lexical, morphological, syntactic and semantic) and were able to outperform a
classic formula for Swedish, LIX. Finally, Xia et al. (2016) proposed a gener-
alization method to train L2 readability models on L1 data. To our knowledge,
they were also the first to use features based on the official CEFR reference
level descriptors, namely the English vocabulary profile.

As regards French readability, a limited amount of studies has been pub-
lished. The most popular L1 formula might be the adaptation of Flesch for-
mula to French by Kandel & Moles (1958). Even though more recent models
have been proposed (Henry 1975; Mesnager 1989; Daoust et al. 1996; Dascalu
2014; Blandin et al. 2020), none of them are available to the public. For French
L2, the situation is the same. Cornaire (1988) showed that L1 Henry’s formu-
las could be applied to L2 readers. Uitdenbogerd (2005) developed a formula
too, including cognates along with sentence length, but had little data to train
it. More recently, Frangois & Fairon (2012) proposed the first Al readability
for FFL, leveraging NLP tools to capture richer linguistic information in the
texts, such as tense distribution, multi-word expressions, N-grams frequencies,
etc. However, none of these formulas are freely accessible to FFL teachers or
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researchers, nor do they try to capture the different stages of FFL learners’ in-
terlanguage, for instance using the CEFR reference level descriptors as done
by Xia et al. (2016).

In this paper, we will propose a new readability formula for FFL, based on
the later advances in NLP such as distributed representations and deep learn-
ing, but we will also assess the effect of two types of variables that were over-
looked in FFL readability, namely cognitive variables and pedagogical vari-
ables.

3. METHODOLOGY

3.1 The Data

Training a readability model requires a corpus in which the reading difficulty
of each text has been evaluated according to a reference scale. For FFL pur-
poses, an obvious choice was the beginner/intermediate/advanced continuum,
redefined in the Common European Framework of Reference for Languages
(CEFR) (Council of Europe 2001) as the six following levels: Al (Break-
through); A2 (Waystage); B1 (Threshold); B2 (Vantage); C1 (Effective Opera-
tional Proficiency) and C2 (Mastery). This scale has become the reference for
foreign language teaching and testing in Europe, and all pedagogical materials
published after 2001 should be evaluated using this scale. This characteristic
can be leveraged to build CEFR-annotated corpus, as done earlier by Francois
& Fairon (2012). Reapplying this methodology, we expanded the original cor-
pus to create FLE-CORP, a larger and more diverse collection of texts found
in FFL pedagogical material. For validation purposes, we also got access to a
corpus of simplified readers used to build the FLELex resource (Francois et al.
2014), which is briefly introduced at the end of this section.

The FLE-CORP Corpus

The first step to build this corpus was to collect new material while applying
the same selection criteria as in Frangois & Fairon (2012): (1) textbooks have
to be published after 2001 and have a CEFR level and (2) they must be in-
tended for adults or teenagers learning FFL for general purposes. The original
corpus of Francois & Fairon (2012) (called FF-2012), which we were able
to reproduce, is composed of 1793 texts taken from 27 textbooks published
between 2001 and 2008. For this study, 20 new textbooks ranging from lev-
els Al to C2 were collected, from which we similarly extracted texts related
to a reading comprehension task only. Selected texts were scanned with op-
tical character recognition tools and manually revised. We then assigned to
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each text the CEFR level of the book it came from, which had therefore been
given by experts.! At the end of this process, we were able to expand FF-2012
by 2,769 texts, totaling 4,562 texts distributed across the 6 CEFR levels and
among 8 text types. These types are narrative, informative, text (other), dia-
logue, mail/e-mail, sentence (short unauthentic series of sentences to fit in a
specific lesson, usually found in A levels textbooks), gap filling exercise, and
a varia category including recipe, poetry, song, advertisement, etc. The whole
corpus presents a major weakness: it is heavily unbalanced towards the be-
ginner levels, which also include more shorter texts. We thus carried out two
operations in order to correct this unbalanced distribution: merging C1 and C2
levels and undersampling to balance the categories.

CEFR descriptors for the C1 and C2 levels are similar with regards to
the type of texts to be understood, namely long and complex texts including
literary works, specialized articles and manuals or long technical instructions.
In fact, both levels usually share one textbook in which modules can be studied
in any order (e.g. Cosmopolite 5, Tendances C1/C2) and texts are sometimes
graded as C1/C2. The main difference between both levels lies in the reading
context: while C2 learners are expected to read any kind of text unassisted, C1
learners can understand them “provided there are opportunities for rereading
and they have access to reference tools” (Council of Europe 2001). In other
words, linguistic characteristics of these texts, that readability formulas should
model, do not matter as much as the condition in which learners are reading.
As a result, we decided to merge C1 and C2 level into a single C level for the
rest of the paper.

As mentioned above, the corpus is unbalanced, with more than a thousand
texts at the A1, A2 and B1 levels and only 467 and 580 texts at B2 and C lev-
els, respectively. We therefore decided to undersample it in order to get more
balanced categories. Before undersampling, we carried out an outlier analysis,
based on two principles. First, it is acknowledged that short texts are an issue
for automatic readability assessment. Therefore, we rejected 514 very short
texts made of less than 20 words in Al or 30 words in A2 to C levels. Most
of these texts were of the sentence genre, meaning that we mainly removed
short reading exercises. Second, some documents in the varia genre, such as
poems, songs, recipes, website pages or classified ad, have atypical charac-
teristics (e.g. absence of punctuation, overuse of abbreviations, etc.) that are
prone to disrupting readability models. To identify and root these texts out, we
applied a standard outlier detection methodology. We first selected five vari-
ables, each one representative of a category of text features (lexical, syntactic,

I For the shortcomings of this approach, see Frangois (2014).
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discursive, cognitive and pedagogical). Then, for each distribution of scores
corresponding to one CEFR level and one of the features, we transformed the
distribution into z-scores and removed the texts for which at least one of the
features was located beyond three standard deviations from the mean. Conse-
quently, 97 texts were dismissed, most of which belonging to the varia type,
as expected.

Finally, we performed a random sampling on levels A1l to Bl in order to
reduce their number of texts to 580 and obtain a more balanced dataset. The
resulting corpus, called FLE-CORP in the rest of the paper, includes 2,751
texts, for a total of 566,676 words, as described in Table 1.

TEXT TYPE Al A2 Bl B2 C ALL LEVELS
text 98 130 254 100 281 863
narrative 21 39 28 28 55 171
informative 62 95 84 66 107 414
dialogue 105 51 25 15 0 196
mail/e-mail 43 31 25 24 12 135
sentence 106 64 26 56 42 294
blank sentence 22 16 12 14 2 66
varia 123 154 126 139 70 612
WORDS 61,159 82,598 113,588 122,722 186,609 566,676
words per text 105 142 196 278 328 206
TEXTS 580 580 580 442 569 2751

TABLE 1: FLE-CORP DESCRIPTION.

Validation Corpus

Due to the lack of available datasets, the performance of most readability for-
mulas published so far has been estimated on the same corpus used to train
them, using a cross-validation scheme for the most recent ones. Since such
procedure is likely to overestimate the models generalization capabilities, we
decided to use another corpus presenting slightly different characteristics than
the FLE-CORP. This validation corpus, called GRADED READERS, has not
been used for readability yet, but was collected as part of the FLELex project
by Francois et al. (2014). It consists of 29 simplified readers, labelled accord-
ing to the CEFR from level A1 to B2 and split according to their chapters. The
resulting 317 texts are distributed as follows: 71 Al, 114 A2, 84 B1, and 48
B2. The total number of words amounts to 244,604. It should be mentioned
that as texts were extracted from readers, most of them are narrative. In ad-
dition, the difficulty of simplified readers is generally much more controlled
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than excerpts used in textbooks, since authors use pedagogical guides such as
vocabulary lists to write them. We can therefore expect Graded Readers to be
more homogeneous than FLE-Corp.

3.2 Text Features

In this section, we describe the five sets of features used in our experiments.
Lexical, syntactic and discursive features are first described, then we introduce
the cognitive and pedagogical feature sets. These three sets of features can
be referred to as engineered features, as they are defined by researchers based
on theoretical or empirical knowledge about their effect on reading (e.g. word
length, conceptual density). As mentioned previously, this paper also investi-
gates the use of distributed representations, which are introduced later in this
section. Finally, we also used log-term frequency features, used in previous
work, for comparison purposes.

Lexical, Syntactic and Discursive Features

As the main set of engineered features, we decided to replicate 43 features out
of the 46 listed in (Frangois & Miltsakaki 2012: 53), hereafter refer to as the
“LSD” features. These features capture together lexical, syntactic, and discur-
sive information about the text. They are briefly introduced in the Appendices
section, to which the reader can also refer to find the explanation for the names
of variables used in this section. Three variables out of the 46 original ones
were not replicated : they are the ones based on multi-word expressions vari-
ables (NCPW, NAColl, and MeanNGProb-G). They were dropped from the
model as there were not possible for us to reproduce and did not bring much
information to the model anyway (Francois & Watrin 2011).

Cognitive Features

Regarding cognitive features, we relied on psycholinguistic studies to identify
3 types of variables that were never used for French L2 so far.

1. The proportion of abstract and concrete words

Neuroscientists and psycholinguists have shown that abstract and con-
crete words are processed differently in the brain (Paivio 1991; Just et al.
2004) and that concreteness gives an advantage in recognition and re-
call tasks due to their higher degree of imageability (Jessen et al. 2000;
Steacy & Compton 2019). Goriachun & Gala (2020) recently automat-
ically developed a list of 7,898 abstract and concrete French nouns, ob-
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tained through the collection of the nearest neighbors and syntactic co-
occurrences of 61 seed concrete and abstract words in the Les Voisins
De Le Monde lexical database. Based on this list, the largest available
for French, we derived 3 variables: the proportion of abstract words, the
proportion of concrete words and the text coverage of the list.

. The average OLD20 and PLD20 per word

The Orthographic Levenshtein Distance 20 (OLD20) is a measure in-
troduced by Yarkoni et al. (2008) to improve Coltheart’s orthographical
neighborhood index, which has been widely used in psycholinguistic
studies to reflect the interference produced by a high number of ortho-
graphic neighbors in visual word recognition tasks and first applied to
readability by Francois & Fairon (2012). In order to go beyond Colt-
heart’s definition of orthographic neighbors (i.e. words that can be pro-
duced by changing a single letter in a word of the same length), Yarkoni
et al. (2008) proposed, for a given word, to compute its Levenshtein
distance to all the other words in the lexicon, no matter their length.
The OLD20 is then obtained by calculating the average Levenshtein dis-
tance of the 20 closest words found in the lexicon. The authors showed
that their new measure explains more variance than the number of ortho-
graphic neighbors. PLD20 stands for Phonological Levenshtein distance
and adapts OLD20 at the phonemic level. For French, New & Pallier
(2019) applied the same process on the 125,653 orthographically differ-
ent entries of the Lexique 3.6 database. We used their work to compute
the average OLD20 and PL.D20 per word in each text of our corpus.

. The average number of commonly known senses per word

Polysemy is an important factor in reading comprehension as it requires
the reader to select the appropriate meaning of a word according to its
context. There is a consensus in scientific literature about semantic plu-
rality inhibiting word recognition in context (Hino et al. 2002) but the
question of how to parametrize this effect is still open. Indeed, simply
counting the number of meanings per word in a dictionary has shown its
inadequacy, since a common reader does not usually know all existing
meanings of the words (Gernsbacher 1984). Measuring lexical poly-
semy as the number of commonly known senses per word better reflects
the psychological reality of this factor and several methods have been
tested to do so (Millis & Button 1989). An automatic approach explored
by Francgois et al. (2016) for French language is to derive information
from the large semantic network BabelNet (Navigli & Ponzetto 2012),
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in order to detect all possible meanings of each word, before merging
the similar ones together. In this process, highly specialized senses are
left out while a reduced number of distinct and commonly known mean-
ings comes forth,” resulting in this case in a list of 23,242 French words
automatically annotated with their level of commonly known polysemy.
For our study, we used this lexical resource as a variable representing
the average number of commonly known senses per word.

Pedagogical features

We also designed 5 variables based on the pedagogical knowledge provided

by the official Reference Level Descriptors (RLD) for French (Beacco et al.

2008). This pedagogical resource is based on the CEFR framework and presents
a selection of linguistic forms (e.g. vocabulary, syntactic structures, phonemes,

etc.) to be mastered at each level. The classification of linguistic forms to a
given level was performed based on criteria selected by the authors for their
relevance and objectivity: essentially the official descriptors from the CEFR,

collective knowledge and experience of experts, teachers and examiners, and

examples of learner productions deemed to be at a particular level (Beacco

et al. 2008). We used the RLD chapters 4 and 6, relative to lexicon, since they

prove to be a valuable source of information when trying to infer the CEFR

level of words from their frequency in FFL material (Pintard & Frangois 2020).

Those chapters share the same architecture across levels Al to B2, organizing

words within semantic categories, specifying the part-of-speech (POS) cate-

gories and sometimes providing a context. Polysemous words can have up to

8 entries across the four levels (e.g. “étre”, to be). However, as these semantic

categories diverge from sense inventories used in word sense disambiguation
systems, we decided to ignore the information on semantic category from the
French RLDs. When a form is linked to more than one CEFR levels, we kept
the lowest one. This method led us to drop about 2,968 entries, going from
8,486 to 5,518 entries. We then defined 5 pedagogical features from the RLDs,

namely the proportion of words from the text assigned to A1, A2, B1 and B2

levels by Beacco and his collaborators, and the proportion of words not cov-

ered by the RLDs, supposedly being the most difficult ones.

2 The method used to reduce the number of meanings per entries is refered to as NASARI: a
Novel Approach to a Semantically-Aware Representation of Items (Camacho-Collado et al.
2015).

3 The RLD for C levels does not contain information relative to lexicon like the other ones.
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Features based on Distributed Representations

As a fourth source of information, we also selected features based on dis-
tributed representations contributed by Deep Learning. These representations
come in the form of densely-encoded embedding vectors that capture semantic
and syntactic information from the text. These are learned by training Deep
Learning models on large corpora. In this paper, we use two kinds of embed-
dings that are pervasive in modern NLP:

fastText — fastText provides state-of-the-art word embeddings (Bojanowski
et al. 2016). One of its key innovations was to incorporate sub-word
information to facilitate representation sharing across words, enabling it
to efficiently learn useful representations, even for very rare words.

BERT — Pre-Training for Deep Bidirectional Transformers (BERT) is a state-
of-the-art language model which represents tokens as contextual word
embeddings (Devlin ef al. 2019). Because the embeddings are contex-
tual, the special end token captures semantic and syntactic information
of the entire passage, and thus can be used as an embedding to represent
that passage. In our case, we extract embeddings for sentences, and then
take the mean across sentences to produce passage-level embeddings.*
We use a pre-trained BERT model named CamemBERT (Martin et al.
2019) specially trained for French.

Log Term Frequency

For a baseline model, we also use log-term frequency, i.e. a set of features
representing the log of the frequency with which each term occurs in the pas-
sage. This is similar to unigram features used in previous works (Vajjala &
Luci¢ 2018). These features are motivated by the fact that vocabulary is very
important to readability (Hu & Nation 2000), and that these kinds of features
are very easy to implement.

3.3 Models

In our experiments, we evaluate the three models listed below:

Linear Support Vector Machine (SVM) — Support Vector Machines (SVMs) are
a commonly used classifier that work by attempting to maximize the
margin between the classification boundary and the nearest labeled data

4 We found that this produced slightly better results than extracting one embedding for the entire
passage, and also avoids the need to truncate long passages.
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points. We use a linear kernel with L2 regularization, optimized via a
hyperparameter sweep over the values v/0.125, 0.25, v/0.25, 0.5, /0.5,
1,v2,2,/8,4,/32,8,1/128, and 16.

Hierarchical Attention Network (HAN) — Hierarchical Attention Networks are
a Deep Learning Architecture used for document classification, origi-
nally proposed by Yang et al. (2016) and was first evaluated for its appli-
cations to reabability by Nadeem & Ostendorf (2018). These networks
aggregate sequences of embeddings using two layers: an encoding layer
using a recurring network structures such as RNN, LSTM, GRU, or bi-
directional GRU (as in our case), and an attention layer that aggregates
the encoded elements into a fixed-length embedding. In this way, HANs
aggregate sequences of token embeddings into sentence embeddings,
and sequences of sentence embeddings into document embeddings. The
document embedding is then fed into a linear classifier to make the pre-
diction. For our purposes, an advantage of a HAN model is that it can
incorporate arbitrary features designed for readability, while, unlike the
SVM model, also modeling non-linear relationships and interactions be-
tween features.

Fine-Tuned BERT — BERT is a state-of-the-art language model that is fre-
quently used to encode passages into embeddings for downstream tasks,
as we described in subsection 3.2. However, a pre-trained BERT model
can also be fine-tuned by training it directly on labeled documents. This
is a form of transfer learning and enables more tailored feature extrac-
tion than can be achieved by just using embeddings extracted from the
pre-trained model alone. Since the model’s weights are initialized via
pre-training on large corpora, it can often be trained for a particular clas-
sification task with very small corpora despite its numerous parameters.
As before, we use CamemBERT (Martin ef al. 2019) as implemented by
Wolf et al. (2020).”

3.4 Metrics

To evaluate the performance of our different models, we applied three metrics,
commonly used in readability:

Accuracy (Acc.) —The proportion of passages that were correctly classified by
the model.

> Note: BERT models are limited to 512 tokens, and so passages longer than this are truncated.
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Adjacent Accuracy (Adj. Acc.) — The proportion of passages that were cor-
rectly classified plus those classified within 1 class of the correct class.

Pearson Correlation (R) — The Pearson correlation between (1) weighted av-
erage computed from the predicted level probabilities of each document
and (i1) the true class.

4. EXPERIMENTS

In the following subsections, we present three experiments. In subsection 4.1,
we explore the utility of various features for FFL readability. In subsection 4.2,
we explore the use of Deep Learning models instead of linear SVMs. In sub-
section 4.3 we run cross-corpus experiments to evaluate how well these mod-
els will generalize to texts drawn from sources other than those the model was
trained on.

4.1 Experiment 1: Features

In this experiment, we explore the utility of the different types of features we
implemented, including cognitive, pedagogical, and deep learning features.
All features are evaluated with SVM models (see subsection 3.3), using 10-
fold cross validation on the FLE-CORP corpus. Results are shown in Table 2.

For this experiment, we had three baselines. The first is the majority class
baseline, which simply shows what can be trivially achieved by predicting all
texts to be assigned to the most common class. It serves as a reference for the
difficulty of the classification task. The second baseline model includes the 43
lexical, syntactic, and discursive features described in section 3.2 (LSD) and
reproduces the model by Frangois & Fairon (2012). It achieves 50 % accu-
racy and 82 % adjacent accuracy, which is in line with the results published by
Frangois & Fairon (2012) — 49 % accuracy and 80 % adjacent accuracy — on a
much smaller corpus. Our third baseline uses only the log term-frequency fea-
ture set described in section 3.2. This baseline appears as a particularly strong
one, as it increases accuracy by 3 percentage points and adjacent accuracy by
1 point compared to the LSD baseline and ends up being the second most effi-
cient set of features on the FLE-CORP.

From here, we explore whether adding cognitive and/or pedagogical fea-
tures improve the LSD baseline model’s accuracy, shown in the second group
of rows in Table 2. We evaluate each feature type separately, and in com-
bination with other types of features. Evaluating each individually, we find
that both are strong predictors of readability, achieving an accuracy of 35 %
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FLE-CoORP

features Acc. Adj. Acc. R
Majority Class 0.21 0.42 -
Lex., Syn., Disc. (LSD) 0.50 0.82 0.71
Log Term-Frequency 0.53 0.83 0.71
Cognitive (Cog.) 0.35 0.67 0.44
Pedagogical (Ped.) 0.40 0.69 0.52
Cog. + Ped. 0.42 0.74 0.57
LSD + Cog. 0.50 0.82 0.70
LSD + Ped. 0.50 0.83 0.71
LSD + Ped. + Cog. 0.51 0.82 0.70
fastText 0.50 0.82 0.70
BERT 0.51 0.84 0.71

LSD + Ped. + Cog. + BERT  0.56 0.87 0.77

TABLE 2: FEATURE EXPERIMENT RESULTS.

and 40 %, respectively. However, when added with LSD features, they fail to
substantially improve that baseline’s metrics.

Finally, we explore whether using Deep Learning distributed representa-
tions as features improves performance. Surprisingly, both word-level fastText
embeddings and contextual BERT embeddings achieve similar results as the
LSD baseline. When combined with the previously evaluated engineered fea-
tures, they achieve a modest lift in all metrics, achieving 56 % accuracy and
87 % adjacent accuracy .

4.2 Experiment 2: Model Architecture

In the previous experiment, we explored the contribution of various types of
features within the context of linear SVM models that are commonly used
in readability formula. In this section, we explore whether moving to Deep
Learning gives additional gains over what can be achieved with linear SVM
models. Specifically, we evaluate the two deep learning models described in
Section 3.3. We compare these to two previous baselines and the best per-
forming SVM: the one combining LSD, pedagogical, cognitive, and BERT
features. We also compare to the results of the SVM model using the fastText
embedding, for a more direct comparison to the HAN model.

The results are shown in Table 3. First, comparing the fastText SVM to the
HAN model, we find that the architecture of the Hierarchical Attention Model
(HAN) achieves modestly better results than the linear SVM using the same
embedding features (i.e., fastText, SVM). However, we see in the last line

244



INVESTIGATING READABILITY OF FRENCH AS A FOREIGN LANGUAGE WITH DEEP LEARNING

FLE-CoORP

Features Acc. Adj. Acc. R
LSD SVM 0.50 0.82 0.71
Log Term-Frequency SVM 0.53 0.83 0.71
fastText SVM 0.50 0.82 0.70

LSD + Ped. + Cog. + BERT 0.56 0.87 0.77

Hierarchical Attention (HAN)  0.53 0.85 0.75
Fine-Tuned BERT 0.58 0.90 0.82

TABLE 3: MODEL EXPERIMENT RESULTS.

that Fine-Tuned BERT does better than all SVM baselines, and dramatically
better than the previously state-of-the-art LSD baseline, raising accuracy by
8 percentage points from 50 % to 58 %, accompanied by similar increases in
the other metrics. Interestingly, Fine-Tuned BERT also outperforms BERT in
accuracy by 7 percentage points, confirming that tuning it even on a relatively
small number of texts can help a lot for readability.

4.3 Experiment 3: Generalization

In this final experiment, we attempt to evaluate how well the models general-
ize to texts sampled from sources other than those used in the training corpora,
but on which the model could be validly applied. Textbooks are a convenient
source of CEFR-labeled passages, but their content is also determined by the
pedagogical progression and by commercial constraints specific to each pub-
lisher or each textbook series. It is therefore possible that the models we have
evaluated may overfit to these patterns, and thus will not generalize well to
texts sampled from other sources. To determine each model’s generalizeabil-
ity to other sources of texts, we evaluate them using two new setups:

Series-Split — The FLE-CORP includes as much as 47 textbooks, but they
belong to a limited amount of series, each of which is likely to be char-
acterized by specific features. In this setup, we evaluated the models on
FLE-CORP using cross validation as before, but with the folds sampled
in a way that ensures that passages from the same series never appear in
both the train and test dataset. In effect, we train on a set of textbooks
series, and evaluate on a different set of textbook series. This ensures
that the model’s metrics cannot be inflated by relying on statistical cues
that are only applicable to a given textbook series.
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Graded Readers — In this setup, we do a cross corpus experiment where the
model is trained on the full FLE-CORP corpus, and is then evaluated
on the GRADED READERS corpus described at subsection 3.1. This is
perhaps the most robust of our evaluations, as the train and test passages
come from very different kinds of books.

The results are shown in Table 4. We see that not all the models that per-
formed well in the previous evaluations performed well in this evaluation. In
particular, the Log Term-Frequency model, that was our second best model
in the first experiment, ends up among the worst models, indicating that it is
prone to overfitting on the specific vocabulary of the training corpus. Interest-
ingly, we can also notice that, unlike in experiment 1, adding BERT features to
the engineered features failed to improve the performance of the models using
engineered features alone. Fine-Tuned BERT, on the other hand, continues to
perform considerably better than all other models.

SERIES-SPLIT GRADED READERS
Features Acc. Adj. Acc. R Acc. Adj. Acc. R

Most Common Class 0.03 0.20 -0.47

Lex., Syn., Disc. (LSD) 0.44 0.80 0.66 042 0.82 0.56
Log Term-Frequency 0.39 0.78 0.59 0.28 0.68 0.32
LSD + Cog. 0.44 0.79 0.66 041 0.81 0.55
LSD + Ped. 0.45 0.80 0.67 044 0.81 0.54
LSD + Ped. + Cog. 0.44 0.78 0.64 042 0.83 0.55
fastText 0.40 0.76 0.60 041 0.83 0.46
BERT 0.38 0.79 0.61 042 0.83 0.37
LSD + Ped. + Cog. + BERT 0.43 0.81 0.6 0.43 0.82 0.42
Hierarchical Attention (HAN) 0.44 0.79 0.66 0.32 0.86 0.52
Fine-Tuned BERT 0.48 0.86 0.74 0.50 0.94 0.59

TABLE 4: MODEL EXPERIMENT RESULTS.

4.4 Analysis and Discussion

A first important result is that fine-tuning BERT appears to improve substan-
tially on Frangois & Fairon (2012), significantly beating the baseline in all
three experimental setups we evaluated. Transfer learning seems to be its great-
est advantage: despite its much larger number of parameters and small training
corpus size, it was able to do better than using pre-trained BERT embeddings
as features and the Deep Learning HAN model. A follow-up analysis about the
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effect of text genres on the quality of predictions, detailed in Appendix III, re-
vealed that fine-tuning BERT was also the most versatile model of all the ones
tested in this paper. However, there may still be reasons to use the feature-
engineering-based models. In particular, an advantage of linear models on
engineered features is that they are easily interpretable, and this characteristic
could be used to provide feedback on how to adjust the text to better suit a
particular CEFR level.

We also showed that both cognitive and pedagogical features had strong
predictive capability for this task. However, none of them were able to in-
crease performance when combined with LSD features. We believe that this
is due to the overlap in information with variables already in the LSD model.
For instance, the feature PA-Alterego, which corresponds to the proportion of
absent words from a list of A1 words found in the Alter Ego textbook, corre-
lates as much as 0.66 with one of the pedagogical features, and between 0.25
and 0.44 with the others (more detailed information is available in Appendix
II. For English, Xia et al. (2016) seemed to reach a similar conclusion, as their
pedagogical features based on EVP were included in the lexical category that
did not perform better than the traditional features. However, the pedagogical
set, with only 5 features, remains a very efficient way to achieve decent results.
It is worth stressing that they achieved better performance than the previously
best-performing feature group (i.e., lexical features) from Frangois & Fairon
(2012), while having far fewer features (5 vs 16).

We also discovered that certain features appeared to do very well when
assessed in a cross-validation setting, but failed to generalize adequately when
evaluated on texts extracted from sources slightly different from the training
one. In particular, the Log Term-Frequency features generalized very poorly.
This may partly have to do with the large number of features involved in all
of these models. It may also be that these features encode writing constraints
applied to texts to keep them simple for L2 learners (e.g., internal word lists
used by textbook publishers), which do not generalize to other sources. This is
an important discovery, as readability models are often trained and evaluated
on corpora extracted from a limited set of sources which are split between train
and test or through cross validation, as we did in Experiment 1. This suggests
that we need to be careful when evaluating L2 readability models, as high
accuracy scores can be misleading if they are not tested across heterogeneous
corpora, as already showed by Nelson ef al. (2012) in another context.
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5. CONCLUSION

This paper has reported a set of three experiments about French L2 readability
in which, for the first time, the effect of distributed representations and deep
learning models was evaluated for this task. In addition, we introduced sev-
eral new features for French or French L2: on the one hand, a set of cognitive
features aimed at capturing polysemy, the abstractness level of words, and the
perceptual ambiguity during word recognition caused by close orthographic
neighbours. On the other hand, we defined a set of 5 pedagogical features en-
coding learners’ progression in lexicon acquisition according to the CEFR lev-
els, as described in the French RLD published by Beacco and his colleagues.

Our experiments revealed that neither our new sets of features, nor dis-
tributed representations such as fastText or BERT were able to outperform the
baseline by Francgois & Fairon (2012). The model that combined these engi-
neering and embedding features, the one using Log-Term Frequency, and the
HAN model were all able to beat this baseline in the cross-validation setting,
but failed to keep this advantage on two other datasets: the SERIES-SPLIT
and the GRADED READERS. However, fine-tuning BERT on our train data
allows us to clearly surpass the previously state-of-the-art readability model
by Frangois & Fairon (2012) by 8 percentage points for the accuracy and 8
percentage points for adjacent accuracy. As regards the pedagogical set of fea-
tures, we should mention that we only selected the two chapters of the French
RLD dedicated to vocabulary. Future investigations should focus on the pa-
rameterization of the other chapters, dedicated to communication functions,
syntactic structures, etc.

Our new readability model for L2 French based on fine-tuning BERT will
be included in a web interface,® freely accessible to the general public. We
hope that this accessibility will foster the use of readability tools among L2
teachers, textbook publishers, and for language assessment purposes.
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APPENDIX I:

FEATURES IN THE LSD BASELINE

FAMILY TAG DESCRIPTION OF VARIABLE
PA-Alterego Proportion of absent words from a list of easy words (AlterEgol)
Unigram Probability of the text sequence based on unigrams
X90FFFC 90" percentile of inflected forms for content words only
X75FFFC 75" percentile of inflected forms for content words only
PA-Goug2000 Prop. of absent words from 2000 first of Gougenheim et al. (1964)’s list
MedianFFFC Median of the frequencies of inflected content words
PM8 Pourcentage of words longer than 8 characters
NL90OP Length of the word corresponding to the 90" percentile of word lengths
Lexical NLM Mean number of letters per word
IQFFFC Interquartile range of the frequencies of inflected content words
MeanFFFC Mean of the frequencies of inflected content words
TTR Type-token ratio based on lemma
FCNeigh75 75" percentile of the cumulated frequency of neighbors per word
MedNeigh+Freq = Median number of more frequent neighbor for words
Neigh+Freq90 90" percentile of more frequent neighbor for words
NMP Mean number of words per sentence
NWS90 Length (in words) of the 90" percentile sentence
PL30 Percentage of sentences longer than 30 words
PRE/PRO Ratio of prepositions and pronouns
GRAM/PRO Ratio of grammatical words and pronouns
ART/PRO Ratio of articles and pronouns
PRE/ALL Proportions of prepositions in the text
PRE/LEX Ratio of prepositions and lexical words
ART/LEX Ratio of articles and lexical words
PRE/GRAM Ratio of prepositions and grammatical words
NOM-NAM/ART  Ratio of nouns (common and proper) and gramm. words
Syntactic | PPres Presence of at least one present participle in the text
PPres-C Proportion of present participle among verbs
PPasse Presence of at least one past participle
Infi Presence of at least one infinive
Impf Presence of at least one imperfect
Subp Presence of at least one subjunctive present
Futur Presence of at least one future
Cond Presence of at least one conditional
PasseSim Presence of at least one simple past
Imperatif Presence of at least one imperative
Subi Presence of at least one subjunctive imperfect
avLocalLsa-Lem Average intersentential cohesion measured via LSA
ConcDens Estimate of the conceptual density with Densidées Lee et al. (2010)
. PP1P2 Percentage of P1 and P2 personal pronouns
Discourse
PP2 Percentage of P2 personal pronouns
PPD Percentage of personal pronouns of dialogue
BINGUI Presence of commas
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APPENDIX II:

FURTHER ANALYSIS OF COGNITIVE AND
PEDAGOGICAL FEATURES

In Section 4.1, we showed that cognitive and pedagogical features strongly
predicted CEFR levels in the FLE-CORP corpus, but that they fail to improve
the LSD baseline. This indicates that the information provided by these fea-
tures were already available in the baseline model. To explore this further,
we computed the correlations between these features and the baseline features.
Table 5 presents the correlation achieved when regressing the LSD features to
each cognitive and pedagogical feature (LSD Regression R), as well as the most
highly correlated individual features from that baseline. As a measure of im-
portance of each feature, we also include the correlation that can be achieved
when using each cognitive or pedagogical feature alone to classify the FLE-
CORP corpus (FLE-Corp R). Each of these features is explained in section 3.2.

feature FLE-CORP LSD Most Correlated

R Regression R LSD Features
01d20 0.34 0.87 NLM (0.79), PM8 (0.79)
pld20 0.37 0.87 NLM (0.83), PM8 (0.81)
old_pld_not_found 0.22 0.75 IQFFFC (-0.51), MeanFFFC (0.42)
p_abstract 0.24 0.25 NL90OP (0.12), 75FFFC (-0.12)
p_concrete 0.20 0.55 PP1P2 (-0.26), ConcDens (-0.19)
p_concreteness_unknown 0.20 0.55 PP1P2 (0.27), PPD (0.20)
mean_senses_per_word 0.17 0.56 MeanFFFC (-0.26), ART_LEX (0.21)
senses_per_word_not_found 0.21 0.56 PRE_LEX (0.24), MedianFFFC (0.23)
p_al_expressions 0.48 0.78 PA_Alteregola (-0.66), PAGoug_2000 (-0.58)
p_a2_expressions 0.21 0.43 ART_LEX (0.31), NLM (0.21)
p_bl_expressions 0.38 0.56 PA_Alteregola (0.43), NLM (0.42)
p_b2_expressions 0.37 0.76 PRE_GRAM (0.61), PRE_ALL (0.53)
not_found_expressions 0.31 0.74 PP1P2 (0.46), PPD (0.37)

TABLE 5: CORRELATIONS BETWEEN COGNITIVE AND PEDAGOGICAL FEATURES AND LSD
BASELINE FEATURES.

We find that the most important cognitive and pedagogical features are
strongly predicted by the LSD features, which explains why they failed to
improve the LSD baseline when combined with it. In many cases, the most
correlated features also make sense. For example, PA-Alterego and PAGoug-
2000 are both easy word lists, and both strongly predict p_al_expressions.
However, other results are more surprising, such as the fact that the information
in 0ld20 can be mostly predicted by the length of words.
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APPENDIX III:

MODEL PERFORMANCE BY GENRE

Nelson et al. (2012) and Dell’Orletta et al. (2014), among others, concluded
that performance of readability models can be strongly influenced by the genre
of the document being predicted. To investigate this in the context of our ex-
periment, we took our cross-validation predictions from Experiments 1 and 2,
and computed model performance metrics for each document category. The
results are presented in Table 6.

TEXT (863) NARRATIVE (171) INFORMATIVE (414) VARIA (612)
features Acc.  Adj. Acc. R Acc.  Adj. Acc. R Acc.  Adj. Acc. R Acc.  Adj. Acc. R
LSD 0.52 0.80 0.68 0.51 0.85 0.72 0.51 0.83 0.74 041 0.82 0.60
Log Term-Freq 0.49 0.79 0.62 0.56 0.81 0.67 0.55 0.87 0.75 048 0.84 0.66
Cog. 0.39 0.63 0.39 0.35 0.69 0.56 0.37 0.66 046  0.30 0.67 0.35
Ped. 0.40 0.65 0.48 041 0.71 0.52 0.42 0.72 0.56  0.30 0.65 0.35
Cog. Ped. 0.43 0.71 0.54 048 0.77 0.65 043 0.72 0.60 0.33 0.72 0.42
LSD Cog. 0.52 0.79 0.67 0.50 0.82 0.70 0.48 0.83 0.70 040 0.82 0.59
LSD Ped. 0.52 0.81 0.69 0.55 0.85 0.72 0.48 0.84 0.74 042 0.82 0.59
LSD Ped. Cog. 0.53 0.80 0.67 0.53 0.84 0.71 0.48 0.84 0.73 042 0.81 0.58
fastText 0.53 0.79 0.64 0.49 0.82 0.69 0.47 0.85 0.74 046 0.82 0.63
BERT 0.51 0.81 0.65 0.53 0.85 0.74 0.49 0.88 0.77 045 0.83 0.62
LSDP.C.BERT 0.56 0.84 0.71 0.57 0.83 0.74 0.57 0.91 0.82 0.51 0.87 0.71
HAN 0.55 0.80 0.68 0.54 0.88 0.77 0.54 0.89 0.80 0.44 0.87 0.70
Fine-Tuned BERT 0.59 0.90 0.79 0.59 0.91 0.82 0.58 0.92 0.83 0.51 0.90 0.75
DIALOGUE (196) SENTENCE (294) BLANK-SENTENCE (66) MAIL (135)
features Acc.  Adj. Acc. R Acc.  Adj. Acc. R Acc.  Adj. Acc. R Acc.  Adj. Acc. R
LSD 0.65 0.96 0.73 0.51 0.77 0.68 0.43 0.77 0.53 0.5 0.86 0.72
Log Term-Freq 0.68 0.93 0.76  0.58 0.81 0.71 0.55 0.88 0.75 0.58 0.88 0.73
Cog. 0.44 0.81 0.21 0.35 0.68 0.39 0.26 0.65 0.11  0.30 0.66 0.43
Ped. 0.57 0.84 0.45 042 0.69 0.46 0.40 0.77 042 042 0.72 0.66
Cog. Ped. 0.62 0.88 0.50 0.40 0.70 047 0.37 0.78 0.35 044 0.72 0.61
LSD Cog. 0.63 0.97 0.71 0.54 0.79 0.68 0.38 0.74 0.36  0.55 0.86 0.74
LSD Ped. 0.65 0.96 0.73 0.53 0.78 0.71 0.40 0.77 0.51 0.51 0.84 0.69
LSD Ped. Cog. 0.67 0.95 0.71 0.53 0.78 0.66 0.43 0.78 0.48  0.55 0.85 0.70
fastText 0.62 0.92 0.61 0.50 0.84 0.69 041 0.72 045 0.51 0.87 0.71
BERT 0.67 0.93 0.67 0.53 0.79 0.64 0.52 0.83 0.67 0.54 0.89 0.76
LSDP.C.BERT 0.71 0.96 0.76  0.58 0.82 0.73 0.48 0.88 0.66  0.54 0.88 0.73
HAN 0.67 0.95 0.73 0.49 0.80 0.71 045 0.80 0.66  0.57 0.88 0.73
Fine-Tuned BERT 0.71 0.98 0.81 0.63 0.88 0.84 0.54 0.83 0.76  0.59 0.92 0.82

TABLE 6: FLE-CORP RESULTS BY GENRE.

We note that in general the models perform most poorly on varia. This may
be due to the unusual nature of these texts, which includes things such as poems
and advertisements. On the opposite end of the spectrum, the performance
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A1 (580) A2 (580) B1 (580) B2 (442) C (569)
features Acc.  Adj. Acc.  Acc. Adj. Acc.  Acc. Adj. Acc.  Acc.  Adj. Acc.  Acc.  Adj. Acc.
Cog. 0.55 0.73 0.22 0.80 0.29 0.47 0.0 0.72 0.63 0.63
Ped. 0.67 0.83 030 0.78 0.28 0.48 0.0 0.71 0.64 0.64

LSDP.C.BERT 0.73 0.95 0.52 0.91 0.49 0.83 0.29 0.82 0.72 0.81
Fine-Tuned BERT 0.83 0.99 0.57 0.98 0.56 0.91 0.18 0.83 0.67 0.80

TABLE 7: FLE-CORP RESULTS BY LEVEL

metrics are highest on Dialogue across all models. We surmise this is because,
in our corpus, this category consists mainly of lower-level CEFR texts, which
are often easier to distinguish. We can see this in Table 7, where we break
down our performance metrics across CEFR levels for the entire corpus, and
we see that the best metrics are in the A1 and A2 categories. Looking into this
table further, we notice that all models seem to struggle to distinguish B2 texts
from adjacent levels, and so tend to classify these as either B1 or C level texts,
which are the more common classes in our corpus.

Most importantly, however, Table 6 shows that our conclusions from ex-
periments 1-3 remain true regardless of which genre the readability models
are evaluated on. In particular, Fine-Turned BERT matches or beats all models
in all textual genres, which demonstrates the versatility of this model.
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