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Abstract

Designing vocabulary learning activities for for-
eign/second language (L2) learners highly de-
pends on the successful identification of diffi-
cult words. In this paper, we present a novel
personalised word difficulty classifier for L2
Spanish, using the LexComSpal.2 corpus as
training data and a BILSTM model as the ar-
chitecture. We train a base version (using the
original LexComSpal.2 data) and a word fam-
ily version of the classifier (adding word fam-
ily knowledge as an extra feature). The base
version obtains reasonably good performance
(F1 = 0.53) and shows weak positive predictive
power (¢ = 0.32), underlining the potential of
automated methods in determining vocabulary
difficulty for individual L2 learners. The “word
family classifier” is able to further push perfor-
mance (F1 =0.62 and ¢ = 0.45), highlighting
the value of well-chosen linguistic features in
developing word difficulty classifiers.

1 Introduction

In the rapidly evolving digital era of the 21 cen-
tury, language and technology are growing closer
together than ever. Language technology tools —
especially those driven by large language models
(LLMs) — have become very adept at performing
a wide range of tasks, ranging from summaris-
ing documents to translating texts from one lan-
guage into another. In some cases, their output has
even shown to be virtually indistinguishable from
human-written materials (Else, 2023).

At the same time, despite the wealth of tech-
nological assistance, being able to understand and
speak a foreign/second language (L2) can be said to
remain an indispensable skill for anyone who wants
to fully engage in foreign cultures, as building sus-
tainable intercultural relationships involves tasks
that are much more difficult to achieve by means of
technological tools alone, such as interpreting hu-
mour and facial expressions (Godwin-Jones, 2019).

What language technology tools do possess, how-
ever, is the ability to play the role of a valuable
assistant in the L2 learning process.

This interface between second language acquisi-
tion (SLA) and computer assistance has commonly
been referred to as Computer-Assisted Language
Learning or CALL. Recently, the field of CALL
has witnessed a growing interest in the specific sub-
domain of Intelligent CALL (ICALL). With tech-
niques coming from the field of Artificial Intelli-
gence (Al) and its subdomain of Natural Language
Processing (NLP) as their source of “intelligence”,
ICALL environments aim to — among other goals
— facilitate and/or (partially) automate the creation
of language learning materials. Although the ori-
gins of ICALL can be traced back as far as to the
1980s (Nyns, 1989), it was not until the advent
of static (Mikolov et al., 2013) and contextualised
word embeddings (Devlin et al., 2019) followed by
full-fledged generative LLMs that a true paradigm
shift from CALL towards ICALL has started to
take shape.

ICALL platforms can foster virtually any lan-
guage skill, but in this paper we will specifically
focus on ICALL for vocabulary learning purposes.
With a large body of studies showing that text
comprehension and vocabulary knowledge are pos-
itively correlated (e.g., Laufer and Ravenhorst-
Kalovski, 2010; Schmitt et al., 2011), we know that
a wide vocabulary is a fundamental requisite to be
able to function in a language. Or, in the words
of Wilkins (1972, p. 111): “without grammar very
little can be conveyed, without vocabulary nothing
can be conveyed”. To help learners expand their
L2 vocabulary, a combination of implicit and ex-
plicit learning activities is to be recommended (Na-
tion, 2019; Schmitt, 2010a). Explicit vocabulary
learning activities (e.g., fill-in-the-blanks exercises)
require paying deliberate attention to vocabulary
items, while in implicit activities the increase in
vocabulary knowledge is achieved as a by-product,
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because the main goal of the activity is the suc-
cessful completion of an authentic task such as
understanding the plot of a book.

In both of these strands, knowing which words
might be difficult for target learners to understand
or produce is a valuable source of information. In
the case of the implicit approach, one of the key
notions is that learners acquire vocabulary when
they are exposed to input that is comprehensible but
slightly beyond their current knowledge (Lichtman
and VanPatten, 2021), implying that it should be
known which parts of the input are comprehensible
and which are not. For explicit learning, on the
other hand, informed decisions need to be made on
which words to in- and exclude from the activities,
a task that becomes considerably easier if we know
which words are (un)known by the learners.

In other words, identifying difficult words (or
word uses) plays a pivotal role during the devel-
opment of vocabulary learning materials. As an
alternative to the labour-intensive process of identi-
fying these words by hand, research within the field
of ICALL has explored NLP-driven approaches to
perform this task. Methods exploiting computer-
readable resources in which words are linked to dif-
ficulty levels (or frequency bands, since frequency
correlates with difﬁcultyl; Schmitt, 2010b) consti-
tute a first option, as they can automatically assign
words in digital texts to their corresponding diffi-
culty/frequency label (Finlayson et al., 2023).

However, apart from having limited coverage
(only words included in the resources will be as-
signed a label), this approach does not take into
account individual differences among learners. To
overcome these limitations, machine learning sys-
tems can be designed, which offer more flexibility:
in theory, they can classify any text, sentence or
word into any set of difficulty levels, and tailor pre-
dictions to individual learner profiles (Tack, 2021).

In this paper, we present a first-of-its-kind indi-
vidualised word difficulty classifier for L2 Span-
ish. As our training data, we make use of Lex-
ComSpal.2 (Lexical Complexity for Spanish L2;
Degraeuwe and Goethals, 2024), a publicly avail-
able dataset’ containing 2,240 in-context target

'Tt should be noted that this difficulty - frequency correla-
tion does not mean that word difficulty equals word frequency.
As shown in previous research (Pintard and Francois, 2020),
word difficulty cannot be predicted by frequency values alone.

’The dataset is made available through a GitHub repository
and was released under the ODC-By license, which grants the
right to freely use and adapt the data as long as any use of the
dataset is adequately attributed.

words with the corresponding difficulty judgements
of 26 L2 Spanish students. We compare the re-
sults of training two different versions of the clas-
sifier: a base version (only using the original Lex-
ComSpal 2 data) and a word family version (adding
word family knowledge as an extra feature).

2 Related Research

This literature overview discusses lexical diffi-
culty/complexity as defined in the field of linguis-
tics in Section 2.1, the technique of lexical com-
plexity prediction (i.e. the approach adopted to
build LexComSpal_2) in Section 2.2, individualised
learning in Section 2.3, and a detailed account of
word families (used to create a “linguistically en-
riched” version of LexComSpal.2) in Section 2.4.

2.1 Difficulty and Complexity in SLA

In linguistics, the concept of “word diffi-
culty/complexity” is usually subdivided into sev-
eral dimensions, often dichotomous in nature. One
of the most prominent distinctions is the one be-
tween absolute (or objective) and relative (or agent-
related) complexity (Kortmann and Szmrecsanyi,
2012). In the former type, complexity is understood
in terms of the linguistic properties of words, rang-
ing from their length over the number of vowels and
diphthongs they contain to their homonymic and/or
polysemous character (i.e. the number of different
meanings/senses they have). Especially the last
feature plays an important role in an SLA setting,
as lexically ambiguous items have shown to be
more challenging to process and learn than single-
meaning words (Bensoussan and Laufer, 1984).

Relative complexity (also denominated ‘“diffi-
culty”; Bulté et al., 2025), on the other hand, corre-
sponds to the complexity as perceived by a particu-
lar language learner, meaning that psycholinguistic
factors and world knowledge can come into play
(North et al., 2023; Kortmann and Szmrecsanyi,
2012). In an L2 setting, an additional crucial fac-
tor in determining agent-related complexity is L1
influence, which can manifest itself through false
friends (e.g., ES listo [‘ready’] - NL list [‘ruse,
trick’]) or cognates (e.g., ES individuo - NL indi-
vidu - EN individual).

2.2 Lexical Complexity Prediction

Computational approaches to identifying diffi-
cult/complex words focus on “operationalising” the
abovementioned linguistic concepts. A crucial as-
pect of this operationalisation is the presence of
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some kind of “inventory” in which words are linked
to discrete difficulty/complexity labels. One pos-
sible way to build such inventories is exploiting
computer-readable versions of graded vocabulary
lists (Dang et al., 2017), frequency lists (Davies and
Hayward Davies, 2018), or graded coursebooks (in
which case words are assigned to the level at which
they first occur; Alfter, 2021). Another approach
is to collect human annotations, either through on-
line (crowdsourcing) platforms (Shardlow et al.,
2021) or by means of dedicated research experi-
ments (Tack, 2021).

The dataset used in this study, LexComSpal.2,
falls in the last category (for more details on the
corpus, see Section 3.1.1). The LexComSpal.2
annotations were gathered according to the prin-
ciples of lexical complexity prediction (LCP; see
Table 1 for an example), a relatively new strand
within the field of NLP that provides an alternative
to the binary complex word identification (CWI)
approach (which labels words as either complex or
non-complex; Yimam et al., 2018).

By using a five-point scale going from “very
easy” to “very difficult” (for the full descriptors,
see Section 3.1.1), LCP not only yields more fine-
grained judgements than the binary CWI labels, it

Sentence

They do hold elections, but candidates have
to be endorsed by the conservative clergy, so
dissenters are by definition excluded.

Target word LCP Label
do 1
hold

2
elections 3
candidates 1
have
be
endorsed

conservative

dissenters

1

1

4

2

clergy 5
5

definition 1
2

excluded

Table 1: Fictitious example of LCP annotations. The
target sentence is taken from the CompLex dataset, the
first LCP corpus ever created (Shardlow et al., 2020). In
line with the LexComSpal.2 corpus, only nouns, verbs,
and adjectives are considered in the example.

also enables making predictions based on “compar-
ative complexity” (i.e. whether a word is more or
less complex than another target word; North et al.,
2023). Importantly, the term “complexity” as used
in the field of LCP represents an amalgam of the
concepts of complexity and difficulty described in
Section 2.1, as it refers to the difficulty an individ-
ual may experience in understanding a given word
as a result of both their personal knowledge and a
word’s linguistic properties (North et al., 2023). In
this paper we adopt the same comprehensive defini-
tion but will give preference to the term “difficulty”
instead of “complexity”, since the individualisation
of the predictions puts slightly more emphasis on
the (personal knowledge of the) learner than on the
linguistic properties of the target words.

To the best of our knowledge, LexComSpal.2
is the only available LCP dataset that (1) specifi-
cally targets L2 learners and (2) enables training
personalised word difficulty classifiers. Other LCP
datasets are mostly constructed for the purpose of
training models that can be integrated in a lexi-
cal simplification pipeline (Paetzold and Specia,
2017). A comprehensive overview of existing LCP
datasets can be found in Shardlow et al. (2024).

Regarding the features used in LCP classifiers,
recent research has revealed that a hybrid approach
combining linguistic features (see Section 2.1) and
LLM embeddings (e.g., BERT embeddings; De-
vlin et al., 2019) results in the highest performance
(Ortiz-Zambrano et al., 2025). Earlier research,
however, showed that also with static word em-
beddings good performance levels can be achieved
(Tack, 2021). In this paper, we build on this line
of research by combining static word embeddings
with linguistic information on word families. By
focusing on word families we aim to gain new in-
sights into the value of linguistic features in auto-
mated word difficulty prediction, as previous re-
search has mainly paid attention to lexical features
related to the word itself (e.g., word length and
number of syllables) and semantic features taken
from resources such as WordNet (Fellbaum, 1998;
e.g., number of synonyms, hypernyms, and/or hy-
ponyms of a given target word).

2.3 Individualised Learning

As already touched upon above, another core and
unique aspect of our word difficulty classifier is that
it outputs personalised predictions. This way, we
aim to integrate findings from the literature on indi-
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vidual differences in SLA?. In brief, research in this
domain has demonstrated that a variety of factors
related to the individual can impact the learning
process and learning outcomes. As mentioned in
Section 2.1, a first crucial dimension of individ-
ual differences is the linguistic background of the
learner, particularly (proficiency in) their L1 and
experience with (learning) other languages (Degani
and Goldberg, 2019). Other individual differences
that have a considerable impact on the vocabulary
learning process of L2 learners include cognitive
factors such as memory capacity (Martin and Ellis,
2012) and the degree of out-of-school exposure to
the L2 (De Wilde et al., 2022).

The domains of ICALL and NLP started to de-
vote increasingly more attention to individualising
system outputs. The most comprehensive approach
to personalising the L2 learning process can be
found in Intelligent Language Tutoring/Teaching
Systems (ILTSs), which tailor learning materials to
the specific needs of individual users on a macro
(selecting and sequencing activities) and/or mi-
cro level (providing scaffolded feedback) (Meurers
et al., 2019; Ruiz et al., 2023). Regarding word
difficulty prediction, both in the domain of CWI
(Gooding and Tragut, 2022; Tack, 2021) and LCP
(Degracuwe and Goethals, 2024; North et al., 2023)
efforts have been undertaken to adopt a learner-
centred and personalised perspective. In the present
study, we aim to continue this line of research.

2.4 Word Families

Finally, we briefly discuss the concept of word fam-
ilies (Bauer and Nation, 1993), based on which we
expanded the LexComSpal.2 dataset and trained
a separate version of the classifier. As defined by
Webb (2021, p. 941), “[w]ord families are made
up of a headword, its inflections, and derivations”.
For the headword address, for example, this means
that the word family consists of both the nomi-
nal (addresses) and verbal inflections (addresses,
addressed, addressing), as well as derivations of
the two (e.g., addressee, readdress, unaddressed)
plus their inflected forms (e.g., addressees, read-
dresses, readdressed). Supported by empirical ev-
idence from cognitive linguistics (Zhang and Lin,
2021), one of the main arguments in favour of using
word family information in an L2 learning setting is
that, once learners have acquired knowledge of the
form-meaning connection of a given family mem-

3For extensive overviews of this domain, we refer to
Dornyei (2014) or Skehan (1991).

ber (e.g., legal), they can use their knowledge of
the morphological system to infer the meaning of
other members of the family (e.g., legally, illegal)
(Nation and Webb, 2011; Nation, 2016).

3 Methodology

The methodology consists of two main steps: (1)
the preparation of the dataset on which the dif-
ferent versions of the classifier should be trained
(Section 3.1) and (2) the actual development and
training of the classifier (Section 3.2).

3.1 Dataset Preparation
3.1.1 Original LexComSpaL2 Dataset

To train the base version of the personalised word
difficulty classifier, we used the LexComSpal.2
dataset in its original format (Degracuwe and
Goethals, 2024; see Table 2 for a dataset sample).
LexComSpal.2 includes 2,240 target words dis-
tributed over 200 sentences coming from four dif-
ferent domains (economics, health, law, and migra-
tion). The sentences were selected from L1 news-
paper corpora using a dedicated method specifi-
cally designed to extract pedagogically suitable
sentences from corpus data (Pilan et al., 2016). Re-
garding the annotations, 26 L2 Spanish learners
(from different proficiency levels but all L1 Dutch)
were asked to rate the (in-context) difficulty of all
nouns, verbs, and adjectives in the 200 sentences
according to the five-point LCP scale. Importantly,
Degraeuwe and Goethals (2024) tailored the orig-
inal LCP descriptors to L2 learners as the target
audience by projecting the LCP labels onto the vo-
cabulary knowledge continuum (Schmitt, 2019),
which conceptualises vocabulary knowledge as a
construct that gradually moves from “no knowl-
edge” over “receptive mastery” to “productive mas-
tery” (see Table 3 for the adapted scale).

In summary, the 58,240 self-perceived judge-
ments of word difficulty included in LexComSpal.2
constitute relevant and representative data to train
personalised word difficulty classifiers for L2 learn-
ers, as the annotations were (1) provided by actual
L2 learners and (2) taken from pedagogically suit-
able sentences that were selected in an attempt to
mimic the often thematic organisation of real-life
vocabulary learning courses and materials.

3.1.2 Word Family-Enriched Dataset

To enrich the original LexComSpal.2 dataset with
word family information, we considered the fol-
lowing three word family levels: the word’s token
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Sentence ID Sentence text Target word Individual judgements
El directivo, que ha celebrado un almuerzo de directivo {P1:3,P2: 2, P3: 2, [...],
11 Navidad con la prensa, ha asegurado que [...] P24: 3,P25: 1, P26: 1}
- (‘“The manager, who has held a Christmas lunch {P1:2,P2: 1,P3: 1, [...],
with the press, has assured that [...]") celebrado P24: 2, P25: 1, P26: 1}
Las investigaciones sobre atencién primaria, | e ctioaciones {P1: 1,P2: 1,P3: 1, [...],
neurologia, oncologia médica y microbiologia P24: 1,P25: 1, P26: 1}
4.50 van después, [...] (‘Research into primary care, ., {P1: 2,P2: 1,P3: 1, [...],
neurology, medical oncology and microbiology atencion P24: 1, P25: 1, P26: 1}
comes after, [...]")

Table 2: Sample from the LexComSpal.2 corpus that was also presented in Degracuwe and Goethals (2024).
Aggregated judgements (per proficiency level and overall) were omitted from the sample, since we only used the

individual judgements to train the classifier. Target words are underlined and “P” stands for participant.

Rating  Original LCP description Adapted description

1 Very easy: this word is very Iknow this word and its meaning, and I also use it actively in speaking/writing.
familiar to me

2 Easy: I am aware of the mean- I know this word and its meaning, but I might not be able to use it on the top
ing of this word of my head in an oral/written conversation. When I have some time to think,

however, I do think I would use it naturally.

3 Neutral: this word is neither I have heard/seen this word before and given the context I think that I more or
difficult nor easy less know what it means, but I do not see myself using this word actively.

4 Difficult: the meaning of this  This word sounds vaguely familiar and based on the context I could make an
word is unclear to me, but I  educated guess about its meaning, but I would still need a dictionary to be able
may be able to infer it from to understand its exact meaning.
the sentence

5 Very difficult: I have never This word does not sound familiar at all to me, and even based on the context I

seen this word before / this
word is very unclear to me

do not know what it means, so I would definitely need a dictionary to get to
know its meaning.

Table 3: Original LCP descriptions compared to adapted descriptions proposed by Degraeuwe and Goethals (2024).
The adapted descriptions are based on the vocabulary knowledge continuum (Schmitt, 2019).

form (also called the “type”), the word’s lemma,
and the source from which the word’s lemma is
derived (i.e. the “parent” of the lemma in the “fam-
ily tree”)*. As an illustration, let us consider the
word desaparecido (‘disappeared’): the token level
consists of all occurrences of this exact word form
in the LexComSpal 2 dataset; the lemma level cor-
responds to the lemma of desaparecido (i.e. the
infinitive desaparecer - ‘to disappear’) and includes
all of its other conjugated forms (e.g., desaparezco,
desaparecieron); the source level corresponds to
the “parent” of desaparecer (i.e. aparecer - ‘to
appear’) and encompasses all inflected forms of
this parent (e.g., aparezco, aparecia).

*The token and lemma levels correspond to, respectively,
Level 1 and Level 2 of the Bauer and Nation (1993) taxonomy.
The source level is specific to this study.

Next, we applied the following procedure to ev-
ery target word in the LexComSpal.2 dataset:

1. Check if the exact token of the target word oc-
curs more than once in the corpus. If so, we (1)
calculate if there is a statistically significant
difference (p < 0.05) between the annotations
and (2) gather, for all participants individually,
the lowest and highest annotated LCP value
for the token in question.

2. Check if the lemma of the target word occurs
more than once in the corpus. If so, we repeat
the process described in the first step, but in
this case for the target word’s lemma.

3. Check if the source of the target word’s
lemma occurs more than once in the corpus. If
so, we repeat the process described in the first
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step for the source lemma. If the target word’s
lemma is a headword, this step is skipped.

All words were disambiguated for part of speech
using Stanza’, meaning that words such as humano
(‘human’), which can both be a noun and adjec-
tive, constitute two different tokens. To compute
statistical significance, we used the non-parametric
Kruskall-Wallis H-test (Kruskal and Wallis, 1952),
which can be applied to two or more samples and
does not assume normally distributed data. To look
up the source lemma of a given target word, we
used the publicly available word family resource®
developed within the Spanish Corpus Annotation
Project (Goethals, 2018).

We added the data to the original LexComSpal.2
corpus by creating three new versions of the corpus
(one per word family level), in which we added
four extra columns: one indicating if the target
word occurs multiple times (True or False as value),
one indicating if the annotations differ significantly
(True, False, or N/A if the target word only occurs
once), and two columns including the lowest and
highest annotation per participant (or again N/A).
This “word family-enriched” version of the dataset
are made available as a part of the original Lex-
ComSpal.2 GitHub repository’.

The descriptive statistics of the word family en-
richment are presented in Table 4. For the token
and lemma levels, #candidates refers to the num-
ber of, respectively, unique tokens and lemmas that
occur more than once in the corpus. For the source
level, #candidates refers to the number of unique
tokens whose source lemma also occurs in the cor-
pus. The #statSignDiff column indicates for how
many of those candidates the learners’ annotations
differed significantly. Although these numbers are
a by-product of the research and should also be
interpreted as such, it does seem opportune to high-
light that they seem to confirm as well as contra-
dict the assumption that knowledge of one word
family member means that learners also know the
meaning of other family members (Section 2.4).
At the token and lemma levels, the low number of
statistically significant differences reveals that the
annotations (and therefore also the degree of word
knowledge) were consistent across the different oc-
currences. For the lemma level, this means that if
learners acquired a certain degree of knowledge for

5https ://stanfordnlp.github.io/stanza/
6https ://scap.ugent.be/overview-resources/
"https://github.com/JasperD-UGent/LexComSpal 2

Level | #candidates #statSignDiff | #enriched
Token 159 2 355/2,240
Lemma 273 6 632 /2,240
Source 248 106 297 /2,240

Table 4: Descriptive statistics of word family enrich-
ment of LexComSpal.2. The #enriched column con-
tains the number of target words for which information
other than N/A was added.

one inflected form, they are highly likely to have
the same degree of knowledge for other inflected
forms. At the source level, however, we see that
this conclusion does not hold, as in 106 of the 248
cases there was a statistically significant difference
in the learners’ difficulty judgements. The results
clearly indicate that knowledge acquired at the to-
ken level is not necessarily transferred to the source
level in the family tree (or vice versa). Returning
to the example above, this means that if learners
know desaparecido it does not necessarily imply
that they also know aparecer (or vice versa).

3.2 Classifier Training
3.2.1 Base Classifier

As the architecture for the base classifier, we used a
Bidirectional Long Short-Term Memory (BiLSTM)
model that follows a similar design as the CWI clas-
sifier presented in Tack (2021), who found that this
type of neural network is able to personalise dif-
ficulty predictions. For each observation (i.e. a
word linked to a learner’s LCP annotation), the
base model takes the following features as input: a
character embedding?, the word’s fastText embed-
ding (Cafiete, 2019), and the participant informa-
tion (unique identifier, proficiency level, years of
experience, and L1°). Based on a softmax activa-
tion function, the output layer yields a probability
distribution for the different classes, with the class
for which the highest probability is obtained be-
ing selected as the predicted difficulty level for the
word in question. A simplified visualisation of the
model’s architecture is presented in Figure 1 (for
a full visualisation, see Appendix A) and the un-
derlying code is made available in a GitHub reposi-
tory !,

8Randomly initialised and trained with a convolutional
neural network (De Hertog and Tack, 2018).

°It should be noted that, since all annotators in the Lex-
ComSpal.2 corpus have Dutch as their L1, this feature will
not contribute to personalising the predictions.

10https: //github.com/JasperD-UGent/
personalised-word-difficulty-classifier
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This is a sentence with a difficult word.

fastText Proficiency
embedding level
EEEEEEEEEEENEEEEEEEE

Learner ID

!

BiLSTM classifier

This is a sentence with a difficult word.

Character
embedding

#years
experience

0.05
0.11
0.51
0.26
0.07

g oM W N =

Figure 1: Simplified representation of BILSTM word
difficulty classifier.

To evaluate the model, a tenfold cross-validation
setup was adopted. As our dataset split, we used the
split added by Degraecuwe and Goethals (2024) to
the LexComSpal.2 repository in anticipation of the
corpus being used to train future machine learning
models. This sentence-level dataset split includes
ten different “folds” of the LexComSpal_2 data into
a training (160 sentences or 80%), validation, and
test set (20 sentences or 10% each). The complete
overview of the number of training instances per
fold is included in Appendix B.

Regarding training parameters, we set the num-
ber of epochs to 50, the batch size to 64, and the
loss strategy to sparse_categorical_crossentropy.
Adam was used as the optimiser and an early stop-
ping monitor on the validation loss (with a patience
of 10) was added to the training process. In each
cross-validation run, the weights for the training
samples were calculated (Appendix C) and used
for weighting the loss function. A mask was set to
all “non-target words” (i.e. all tokens which are not
a noun, verb, or adjective and thus did not receive
a label during the data collection) and their input
vectors and sample weight were set to 0. This way,
the sentence context was still correctly represented

but the masked tokens were ignored during training.
Finally, zero-padding (to the maximum sentence
length of 35) was applied to all inputs and outputs.

3.2.2 Word Family-Enriched Classifier

The word family version of the classifier was built
based on the exact same architecture as the base
version. The only difference is that one additional
feature was added to the word vector, containing
the content of the four columns that were added
to the dataset (Section 3.1.2). A simplified visuali-
sation of this updated word vector is presented in
Figure 2. To gain insights into the impact of each
word family level, we trained the classifier based
on (1) only the foken level information as extra
data, (2) only the lemma level data, (3) only the
source level data, and (4) all three levels combined
(combi). The word vector for combi was obtained
by concatenating the “word family feature” from
the three individual levels (i.e. the light-coloured
part on the right-hand side of the vector visualisa-
tion in Figure 2) and appending these values to the
“base features” (i.e. the dark-coloured part on the
left-hand side of the vector in Figure 2).

4 Results and Analysis

The performance scores are presented in Table 5.
We compare the results against a naive most fre-
quent label (MFL) baseline, which always predicts
the most frequent difficulty label in the dataset (i.e.
label 1). For evaluation, we first calculate two
measures that are insensitive towards changes in
class distribution: (1) the D’ coefficient, which
determines the degree of certainty in the predic-
tions (Smith et al., 2021), and (2) the Matthews
correlation coefficient (abbreviated as MCC and
denoted as ¢), which determines the quality of
the predictions by estimating the strength of as-
sociation between the true and predicted classes
(Matthews, 1975). Changes in the values of these

fastText Proficienc y Multiple Lowest
embedding level occurrences? annotated value

Character
embedding

Learner ID Hyears Statistically significant Highest
?

value

Figure 2: Simplified representation of word vector en-
riched with word family information. Word family val-
ues are different for each of the three possible word
family levels (token, lemma, and source). Highest and
lowest annotated value are provided per participant.
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Classifier type D't MCC 1 F171 MSE | RMSE | Accuracy 1
MFL baseline 0 0 0.32 2.61 1.62 0.49
CBase | 008(E00D) 032(£002) 053(£002) 132(£01) LIS(004) 056(E002)
 Word family (token) | 0.23 (£0.01) 037 (£002) 056(£001) 125007 1LI12(+003) 059 (%002
Word family (lemma) | 0.26 (£ 0.01) 0.4 (£0.02) 0.59(£0.02) 1.18(£0.08) 1.09(£0.04) 0.61 (£0.02)
Word family (source) | 0.23 (£0.01) 0.38(£0.02) 0.57(x£0.02) 1.24(£0.11) 1.11(£0.05) 0.59 (£ 0.02)
Word family (combi) | 0.32(+0.01) 0.45(+0.02) 0.62(+0.02) 1.11(£0.1) 1.05(£0.05) 0.63 (£ 0.02)

Table 5: Performance of the different personalised word difficulty classifiers. We report the mean score across the
ten cross-validation runs for each of the six performance metrics. Standard deviation values are included between
parentheses and the top score per metric is presented in bold.

metrics can be fully attributed to changes in the
model, and not to aspects inherent to the data such
as class imbalance (Tack, 2021). MCC values can
go from —1 (inverse prediction) over O (average
random prediction) to 1 (perfect prediction), while
the D’ coefficient ranges between 0 (no discrimi-
native power) and 1 (full discriminative power).

In addition, we also report three commonly used
metrics in machine learning: weighted F1 (i.e.
the harmonic mean of precision and recall), mean
squared error or MSE (i.e. the average squared dif-
ference between the true and predicted values), and
root mean squared error or RMSE (which converts
MSE values to the same units as the dependent
variable, in our case the 1-5 LCP scale). Finally,
we also include the intuitive accuracy metric (i.e.
the number of correct predictions divided by the
total number of predictions).

Since, to the best of our knowledge, this is the
first study which specifically analyses the poten-
tial of including word family information as an
input feature, our research provides valuable new
insights into the added value of linguistic features
in LCP-based classifiers. The results in Table 5 un-
equivocally show that word family information has
a noticeable positive impact on model performance,
with the top-performing combi classifier achieving
a large increase on all metrics in comparison to
both the MFL baseline (+0.32 for D’; +0.45 for
MCC; —0.57 for RMSE) and the base classifier
(+0.14 for D’; +0.13 for MCC; —0.1 for RMSE).

When breaking down the results per type of clas-
sifier, a first finding to be highlighted is that, though
leaving ample room for improvement, the base
classifier already achieves reasonably good perfor-
mance. The mean D’ and MCC values (0.18 and
0.32, respectively) suggest that the model has ac-

quired weak positive discriminatory and predictive
power, while the RMSE score reveals that — on
average and including penalisation — the model’s
prediction is only 1.15 away from the true label.
Importantly, the base model also outperforms the
MFL baseline by a large margin (e.g., MCC of 0
compared to 0.32, weighted F1 of 0.53 compared
to 0.32, and RMSE of 1.15 compared to 1.62).

When comparing the base to the word family-
enriched classifier, the results clearly show that
any type of word family information is helpful for
the model, as all subtypes outperform the base ver-
sion on every metric. The increase in performance
is most notable at the lemma level (+0.08 for MCC;
—0.06 for RMSE), suggesting that the model suc-
cessfully leveraged information on the knowledge
a given learner has acquired for one inflected form
of a lemma to predict the label of other inflected
forms of that lemma. However, it should be noted
that the lemma level is also the level at which most
instances in the dataset were enriched (Table 4),
which may have played an important role in this
particular subtype obtaining the largest increase.
Regarding the results for the source subtype, it
should be highlighted that — next to the lower num-
ber of enriched instances — the 106 statistically
significant differences in annotations between the
target word and its source (see Section 3.1.2) might
be a second reason for the smaller increase at the
source level compared to the lemma level.

In summary, the findings of our study provide
strong evidence in favour of integrating word fam-
ily features (and well-chosen linguistic features in
general) into personalised word difficulty classi-
fiers. Particularly, with the combi classifier obtain-
ing the highest scores, the take-home message is
that the more relevant data on word family knowl-
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edge are added, the better the classifier’s predic-
tions of word difficulty become.

5 Conclusion

In this paper, we presented a personalised word
difficulty classifier for L2 Spanish, trained on the
LexComSpal .2 dataset (Degraecuwe and Goethals,
2024). Based on a straightforward BiLSTM archi-
tecture with a softmax activation function, the clas-
sifier can take any Spanish target sentence as input
and will predict a difficulty label ranging from 1 to
5 for every content word in the sentence. Moreover,
thanks to the inclusion of learner-specific features
in the training process (e.g., proficiency level and
years of experience), the model attempts to tailor
its output to the unique profile of every learner indi-
vidually. In doing so, the classifier goes beyond the
generic, one-size-fits-all difficulty levels often used
in L2 vocabulary learning resources (e.g., based on
the Common European Framework of Reference
for Languages [CEFR]).

By comparing a base classifier to a “word family-
enriched” one, we highlighted the notable added
value of feeding information on word families —
and of adding linguistic features in general — to
word difficulty classifiers. With the top-performing
model obtaining an MCC value of 0.45, an F1 score
of 0.62, and an RMSE score of 1.05, our classifier
shows great potential to be included in real-life
ICALL scenarios, for instance as a “difficult word
detector” in a personalised reading assistant.

In future studies, we aim to test other machine
learning architectures (e.g., using LLMs) and com-
pare them against the BiLSTM classifier presented
in this study. Other directions for future research in-
clude (1) studying the effect of replacing the static
fastText embeddings as an input feature by con-
textualised word embeddings, (2) analysing the
addition of more linguistic features next to word
family information, and (3) collecting — in a GDPR-
compliant fashion — more information about the
participants in order to expand the “learner pro-
file” input feature. Possible additional types of
participant information include personal interests
(e.g., hobbies), reading behaviour (in L1 or L2),
and mastery of other languages than Dutch as L1
and Spanish as L.2.

Limitations

A first important observation to be made concerns
the real-life applicability of the classifier. Despite

the promising results, it could be argued that the
predicted values of the model — even for the best-
performing classifier — are not yet close enough to
the expected values for the model to be integrated
as is in real-life settings. As shown by the (R)MSE
scores'! of 1.11 and 1.05 for combi, there is still a
considerable difference between what the classifier
should predict and what it actually predicts. Espe-
cially in a pedagogical setting it is crucial to obtain
relatively high accuracy and precision rates (which
is why the F1 and accuracy metrics were included
in the analysis), because it should be avoided at all
cost that learners lose precious time over errors in
their learning materials. For example, if the classi-
fier were used to identify vocabulary items that are
known passively but not actively by a given learner
(i.e. label 3) and ended up selecting words which
are known (very) well by the learner, the exercise
would lose most of its pedagogical value.

As obtaining promising but not (yet) pedagogi-
cally usable results is a recurrent finding in research
on automated word difficulty prediction — Pintard
and Francois (2020), for example, report a top accu-
racy score of 0.54 for their French CEFR classifier
—, one might be left to wonder if the concept of
word difficulty (especially for individual learners)
is too sophisticated for machine learning classi-
fiers to fully capture. In fact, despite the existence
of clear patterns (e.g., high-frequency words tend
to be easier than low-frequency words and long
words tend to be more difficult than short words),
there is also a wide range of factors that may af-
fect perceived word difficulty but that are much
harder to model using computational techniques
(e.g., a word’s degree of abstractness/concreteness,
a learner’s world knowledge, or a learner’s ability
to deduce meaning based on morphological knowl-
edge or contextual clues). Yet, using (generative)
LLMs as classifiers and/or expanding the number
of features related to the learner (see also Section 5)
are two research avenues which have the potential
of providing the domain of automated word diffi-
culty prediction with a new élan and leading to a
considerable increase in performance. Addition-
ally, the integration of features indicating how spe-
cialised words are for a given domain — for instance
using “keyness” (Gabrielatos, 2018) or “termhood”
(Rigouts Terryn et al., 2021) metrics — could also
be a direction worth pursuing.

""These metrics penalise predictions that are far from the
true label more severely than near-correct predictions (e.g., a
predicted value of 1 while the true label is 5).
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Secondly, in the current setup, every learner who
wants to get personalised predictions from the clas-
sifier first needs to annotate all 200 sentences in
the LexComSpal.2 corpus, as this information is
used to build the “learner profile” input feature.
As suggested by Degracuwe and Goethals (2024),
to facilitate the implementation in a real-life set-
ting, an item analysis could be performed on the
dataset to identify the most “informative sentences”
and have new learners annotate this “concentrated”
set of sentences instead. Another limitation of the
dataset is that, currently, only annotations from L1
Dutch speakers are included. To assess the true
personalisation potential of the classifier, the Lex-
ComSpal.2 dataset would need to be expanded with
annotations coming from L2 Spanish who do not
have Dutch as their L1.

Finally, regarding the analyses conducted, the
present paper did not provide an in-depth evalua-
tion of the personalisation potential of the classifier.
In future research, we aim to isolate this aspect
of the model, for example by performing a com-
parative analysis of the results per learner in order
to identify potential differences and look for fac-
tors that might explain these differences (e.g., by
studying if they correlate with the learners’ profi-
ciency level). Additionally, the study did not ad-
dress if and how the sentence context impacts the
perceived difficulty of a word (perspective of the
learner) and how this relates to the predicted dif-
ficulty of that word (perspective of the computer).
Finally, it should be noted that we did not apply
any word sense disambiguation (WSD) method to
the data. As a result, homonymic and polysemous
words (e.g., banco as a bench and as a financial
institution) were not considered as two separate
tokens or lemmas.
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A Full Visualisation Classifier
Architecture

The full visualisation of the architecture of the Bi-
LSTM classifier is presented in Figure 3.

B Overview of Observations per
Cross-Validation Fold

The overview of the observations per cross-
validation fold (overall and per LCP label) is pro-
vided in Table 7.

C Class Weights for Cross-Validation

The class weights used by the BiLSTM classifier
are presented in Table 6.
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Fold 1 2 3 4 5

s

0.41 0.9812 1.2587 2.2369 3.333
0.4137 0.9859 1.2493 2.1925 3.2078
0.4126 0.9924 1.2446 2.1808 3.2616
0.4068 0.9899 1.2553 2.2354 3.4804
0.4094 0.9847 1.2505 2.2173 3.4355
0.4129 0.9877 1.2444 22119 3.2232
04116 0.9984 1.2529 2.1998 3.161

0.411 0.9974 1.2524 2.1979 3.2137
0.4059 0.9845 1.2613 2.2673 3.4856
0.405 0.9801 1.267 2.2647 3.5718

O 0 N N L bW

—_
S

Table 6: Class weights of BILSTM word difficulty classifier per cross-validation fold.

[ chars i [Cinput: | (None, 35,20) |
[Timer 3 [ output: | None, 35,20, 16) |
[ char_conviconviay | imput: [ (None, 35,20, 16) |

[ TimeDistributed(ConvID) | output: | (None. 35.20.4) |

[ char_max1(max_poolingld) | input: | (None. 35,20.4) |
[ TimeDistr ing1D) | output: | (None, 35, 10,4) |

[ char_conva(convid_1) | input: | (Noe. 35. 10.4) |
[ TimeDistributed(Conv1D) | output: | (None, 35, 10.4) |

[ char_max2(max_poolingld_1) | input: | (None, 35, 10, 4) |
[ TimeDistributed(MaxPooling D) | output: | (None. 35.5.4) |

[ subi_inp [ input: [ [None, 35, 26)] | [ prof_tev_inp | input: | [(None, 35, 3)] | [ n_years_exp_inp | input: | [None, 35, ] | [ fasttext | input: | [None, 35,3001 | [ 11 [ input: [ (None,35, 1] | [ char_flachiatien) | input: | (None, 35,5, 4) |

[Cimputtayer [ output: | [None. 35.26)1 | [ inputLayer | output: | (None, 35.3) | | inputlayer | output: | [(None,35. 11 | [ inputLayer | output: | [(None, 35.300)] | | nputLayer | output: | [(None, 35. 1] | | TimeDistributed(Flatten) | output: | (None, 35.20) |

[ aux_oudense) input: | (None, 35.20) |
[ TimeDistributed(Dense) | output: | (None, 35,6) |

[concat_t_| input: [ {(None. 35. 20). (None, 35. 300). (None, 35. 26). (None, 35. 3). (None. 35. 1). (None. 35, 1] |
[ concatenate | output: | (None, 35, 351) J

(None, 35, 351)

Masking (None. 35. 351)

[ bitstmasm) [ imput: [ (None, 35, 351) |
[ BidirectionalLsT™) | output: | (None, 35. 128) |

[ concar2 | input: [ [None, 35, 128), (None, 35, 26), (None, 35, 3), (None, 35, 1), (None, 35, D) |
[ concatenate | ouput: | (None, 35, 159)

[ main_outcdense_») | input: | (None, 35, 159) |
| TimeDistributed(Dense) | output: | (None, 35, 6)

Figure 3: Full representation of BILSTM word difficulty classifier.
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#observations

#observations per label

Fold (target words | annotations)
TR VA TE 1 2 3 4 5
TR: 22,781 TR:9,518 TR:7,420 TR:4,175 TR:2,802
1 1,796 146,696  21615,616 22815928 | VA: 2,747 VA: 1,146  VA: 924 VA: 516 VA: 283
TE: 2,889 TE: 1,123  TE: 948 TE: 556 TE: 412
TR: 22,589 TR:9,478 TR:7,480 TR:4,262 TR:2913
2 1,797146,722 22715902 21615,616 | VA: 3,081 VA: 1,163  VA: 888 VA: 469 VA: 301
TE: 2,747 TE: 1,146  TE: 924 TE: 516 TE: 283
TR: 22,522 TR:9,364 TR:7,466 TR:4261 TR:2,849
3 1,787 146,462 22615,876 22715902 | VA:2,814  VA: 1,260 VA:938 VA: 517 VA: 347
TE: 3,081 TE: 1,163  TE: 888 TE: 469 TE: 301
TR: 22,692 TR:9,324 TR:7,353 TR:4,129 TR: 2,652
4 1,775146,150 22615,876  22615,876 | VA: 20911 VA: 1,203 VA:1,001 VA: 601 VA: 498
TE: 2,814 TE: 1,260  TE: 938 TE: 517 TE: 347
TR: 22,851 TR:9,500 TR:7,481 TR:4,219 TR:2,723
5 1,799146,774 20215252 23916,214 | VA:2,655  VA:1,084 VA:810 VA: 427 VA: 276
TE: 2,911 TE: 1,203 TE: 1,001 TE: 601 TE: 498
TR: 22,893 TR:9,571 TR:7,597 TR:4,274 TR:2,933
6 1,818147,268 22015,720 20215,252 | VA:2,869  VA:1,132 VA: 885 VA: 546 VA: 288
TE: 2,655 TE: 1,084 TE: 810 TE: 427 TE: 276
TR:22,776  TR: 9,391 TR:7,483 TR:4,262 TR:2,966
7 1,803 146,878 21715,642 22015,720 | VA:2,772 VA: 1,264 VA: 924 VA: 439 VA: 243
TE: 2,869 TE: 1,132 TE: 885 TE: 546 TE: 288
TR: 22,822 TR:9,405 TR:7,490 TR:4,268 TR:2,919
8 1,804 146,904 21915694 21715,642 | VA:2,823 VA: 1,118  VA: 3878 VA: 540 VA: 335
TE: 2,772 TE: 1,264 TE: 924 TE: 439 TE: 243
TR:22,738 TR:9,375 TR:7,318 TR:4,071 TR:2,648
9 1,775146,150 24616,396 21915,694 | VA:2,856  VA:1,294 VA:1,096 VA:636 VA: 514
TE: 2,823 TE: 1,118 TE: 878 TE: 540 TE: 335
TR:22,672 TR:9,370 TR:7,248 TR:4,055 TR:2,571
10 1,766 145,916 22815928 24616,396 | VA:2,889 VA: 1,123 VA: 948 VA: 556 VA: 412
TE: 2,856 TE: 1,294 TE: 1,096 TE: 636 TE: 514

Table 7: Overview of observations per cross-validation fold for training (“TR”), validation (“VA”), and test (“TE”)
sets. The training set always contains 160 sentences, the validation and test sets always contain 20. The sets always

contain an equal number of sentences per domain (economics, health, law, and migration).
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