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Abstract

A core concept in the field of second language
assessment is that of construct validity. That is,
ensuring we are testing for what we claim to
be testing for. The introduction of neural net-
works for automated assessment clashes with
this concept due to their lack of transparency.
Moreover, explainability methods tend to re-
quire technical expertise, increasing the risk of
automated assessment systems being used to
replace teachers rather than to support them.
In this paper we introduce the ABC Diagnos-
tics Tool, a web-based system that provides an
interactive user interface to display feature im-
portance for essay classification systems. We
showcase it by exploring the role of given
names and names of places when doing CEFR
level classification of Swedish learner essays.
We notice that altering this information has no
noticeable impact in terms of feature impor-
tance or classification results.

1 Introduction

Proof of language proficiency is often requested in
contexts such as when studying or working abroad.
However, determining a person’s proficiency in a
given language is not a trivial task as the concept
of ‘language proficiency’ is not well defined (Spol-
sky, 2007). This has led to a focus on construct
validity in second language assessment, that is, ver-
ifying that language tests actually evaluate what
they claim to be evaluating (Messick, 1989; Im
et al., 2019).

As with many other endeavours, AI has been pro-
posed as a way to either automate or semi-automate
language assessment. This is not hypothetical: sev-
eral large corporations dedicated to standardized
testing already do so (e.g. the Duolingo English
Test, Cardwell et al., 2023).

This work is licensed under a Creative Commons
Attribution 4.0 International Licence. Licence details:
http://creativecommons.org/licenses/by/4.0/.

When using NLP-based systems, this task is
called automated essay scoring (AES). In the Eu-
ropean context, this is commonly done using the
CEFR1 scale as a reference, which consists of six
levels ranging from level A1 (elementary communi-
cation skills) to level C2 (advanced communication
skills). While older systems used handcrafted fea-
tures (e.g. Pilán et al., 2016b), current approaches
tend to use encoder-only models (e.g. Wilkens et al.,
2023). Of note is that generative models do not
tend to perform this task well (Benedetto et al.,
2025), despite them establishing the state of the art
in many other NLP tasks nowadays.

This raises a key concern: while construct valid-
ity is a major focus in the field of second language
assessment, neural networks are infamous for their
lack of transparency (hence the term ‘black box
models’). Moreover, most current approaches as-
sume (either implicitly or explicitly) an end-to-end
approach. This opens up the question of whether
these systems are meant to support or to substitute
highly qualified professionals.

In this paper we introduce the ABC Diagnos-
tics Tool. This tool uses explainability features to
determine which words are important for the un-
derlying model when assigning CEFR levels. It
allows for versions of the same text with minimal
changes to be evaluated next to each other (see
Figure 1). As such, it can be used as a tool to ex-
plore the dynamics between learner language and
things unrelated to language assessment such as
names or other pieces of personally identifiable
information (PII). This can be done through the
use of artificially biased corpora2 to help identify
cases where the underlying model is making spuri-
ous correlations by focusing on features that have
nothing to do with the construct validity, which can

1Common European Framework of Reference, originally
introduced by the Council of Europe (2001) as a means to
standardise teaching and evaluation of second language learn-
ing.

2Hence the ABC in its title.

295
Proceedings of the 15th Workshop on Natural Language Processing for Computer Assisted Language Learning (NLP4CALL 2026)

pages 295–305, November 19–20, 2026, University of Tartu Library



Figure 1: High-level overview of the design of our interactive visualization tool, implemented as a web-based
application that processes input text documents (learner essay texts) in two versions: original and modified by users.

lead to unfair assessment. Furthermore, the ABC
Diagnostics Tool has an easy-to-interpret visual in-
terface to allow for qualitative analysis, making it
accessible for non-technical people (such as teach-
ers or students). We make the code necessary to
run the ABC Diagnostics Tool locally available on
GitHub,3 as well as a video demo on how to use
it.4

In order to showcase the tool, we explore how
a Swedish BERT model fine-tuned for CEFR clas-
sification (Muñoz Sánchez et al., 2024a) reacts to
PII within the text, more specifically, names of
people and places. This aims to provide useful
insights into the viability of using methods such
as pseudonymization to protect the privacy of the
people whose writing is being assessed.

The novelty of this work is three-fold:

1. We apply token-level feature importance meth-
ods to determine the effects of personally-
identifiable information (PII) appearing
within the texts. This allows us to conduct
bias testing following a counterfactual reason-
ing workflow beyond the usual minimal pairs
approaches with potentially multiple compar-
isons across several text versions (Kusner
et al., 2017; Hofmann et al., 2024; Sorin et al.,
2025).

2. We provide a visual possibility to explore cu-
mulative effects of text perturbations in lan-
guage learner essays in a step-by-step manner,
gradually adding the intensity of changes ap-
plied to the text under controlled conditions —
the task that has not been previously explored
for language learner essays to the best of our
knowledge.

3. We conduct qualitative analysis of a Swedish
essay grading model with respect to the effects

3https://github.com/spraakbanken/ABC-Diagnos
tics-Tool.

4Video demo link is provided from the repository.

of pseudonymising learner essays, which con-
trasts the risks of privacy breaches versus the
risks of unfair grading due to biases regard-
ing personally-identifiable information (PII)
appearing within the essays.

Proof-of-concept study. There are indications
that names appearing within student essays might
affect how humans grade and provide feedback
(Aldrin, 2017). Muñoz Sánchez et al. (2024b)
looked at whether similar patterns surfaced when
using automated grading tools. That is, given the
original essay containing one given name (e.g. "My
name is Anna"), they replaced that name with one
from another cultural context (e.g. ’Fatima’). The
authors asked the question: would the model grade
the essay differently depending on the pseudonyms
used instead of the original name? Their results
showed that their system was stable in its classifi-
cation outputs despite such changes.

We take this scenario further and explore
whether replacing several mentions of personal in-
formation may have cumulative effect on the sys-
tem output. We are primarily interested to inspect
model behaviour in more detail, zooming into the
change of weights assigned by the model to individ-
ual tokens in the essay in the course of performed
substitutions.

In this respect, pseudonymisation of learner es-
says is a double-edged sword: On the one hand, it
is ethically and legally required to protect privacy
of a leaner/writer (Official Journal of the European
Union, 2016; European Data Protection Supervi-
sor, 2025; Volodina et al., 2025a). On the other
hand, replacements may harm a learner through
unfair grading, as shown in multiple studies with
human graders (e.g. Tyrefors Hinnerich et al., 2015;
Aldrin, 2017; Menegatti et al., 2017).

The ABC Diagnostics Tool is aimed at method-
ological exploration of a system behaviour in re-
sponse to changes introduced to the original ver-
sion, so that potential unfair assessment can be dis-
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Figure 2: Interface of the web application for two versions of the same text (see Appendix A for a transcription).
The tool shows the CEFR levels assigned both versions of the text, marked with an asterisk (original on the left,
modified on the right). It also includes the level assigned to the original version of the essay along with the modified
version (denoted by P(A2)), as well as color-coded feature importance for each level given the current essay. Shades
of blue mean that specific token makes it more likely for the model to select that level, while shades of orange make
it less likely to do so. Darker shades mean that the effect is more marked. Note that, even though this example only
contains two versions of the same text text, the tool allows for an arbitrary number of versions to be compared in a
tree-like manner.

covered before a system deployed in a real-world
context. In our particular proof-of-concept study,
we explore whether we can protect learners’ iden-
tity through pseudonymisation without influencing
assessment results in a negative way. The ABC
tool, thus, allows the users to explore the effects
of intensity of perturbations in the input text, ex-
amining both the model output in the form of the
CEFR grades, as well as through visualisation and
focused inspection of changing feature weights in
response to such perturbations.

2 The ABC Diagnostics Tool

2.1 Testing Environment

Essay analysis tools have previously been used to
visualise the complexity of a text being evaluated
(e.g. Pilán et al., 2016a, see Appendix C). However,
such tools tend to do CEFR level classification and
word-level complexity separately. This means that
there is no actual correlation between the word-
level complexity labels and the overall level of the

input text. This is true even if both tasks were
trained concurrently, as complexity labels would
not serve as explainability features even in this
case.

The ABC Diagnostics Tool aims to fill this gap
by providing insights into which features5 are the
most important for the resulting level. As such, we
focused on the following requirements for the tool:

R1 allow users to provide and modify their own
texts,

R2 support comparison between the original text
and subsequent modified versions of it,

R3 use explainability tools to determine token-
based feature importance across CEFR levels,

R4 represent feature alignment across the original
and modified versions of the text, and

5As determined by the embedding layer of the model used.
In the context of text data and BERT models, features corre-
spond to word/subword-level tokens.
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Figure 3: The complete user interface of the tool, in-
cluding the results for three documents.

R5 allow users to download weights for further
inspection.

To address these requirements, the ABC Diag-
nostics Tool consists of a computational backend
and a web-based interactive tool, implemented
in Python and JavaScript. Figure 1 provides an
overview of the tool and its components. Even
though the visualizations are the central component
of the tool, users can also download the numerical
values for further inspection.

The computational backend exposes a REST-
ful API for a BERT-based classification model
while enriching the classification results with addi-
tional metadata such as feature importance weights.
The feature importance functionality relies on the
transformers-interpret library,6 which itself
uses the layer integrated gradients technique (Sun-
dararajan et al., 2017) from Captum (Kokhlikyan
et al., 2020).7

In order to explore the essay classification re-
sults, the user accesses the web-based frontend
served from either their local machine or a server.
The backend of this interactive tool performs text
preprocessing, dispatching text classification re-
quests to the computational backend and the anal-
yses related to alignment when provided with sev-
eral versions of the same text. For the latter
task, we make use of the pytokenizations and
sequence_align Python packages. These back-
end analyses ensure that the interactive interface
represents the alignment of the latest results in line
with the respective parent document.

The web-based user interface is organized to
represent the computational results for a series of
documents. These documents consist of the origi-
nal input document, as well as any modified child
versions. This forms a tree structure where each

6https://github.com/cdpierse/transformers-int
erpret (Accessed: 2026-09-25)

7https://captum.ai/ (Accessed: 2026-09-25)

modified document can be compared to its parent
version. After the user provides the initial input
text, they can request classification and/or create a
new version of the document. The platform allows
for child versions to be modified manually or by
applying a modification strategy through a modal
dialog.

The classification and feature importance results
are represented in a user interface for each docu-
ment (see Figures 2 and 3). Details about the top
predicted class are displayed for the document by
default, while those for other classes are folded to
avoid visual clutter.

A sequence-aligned heatmap allows for feature
importance comparison across multiple CEFR lev-
els for a given version of the text. Meanwhile, the
alignment of features and respective feature im-
portance values between a document and both its
parent and children versions allows for determin-
ing whether specific changes affect the levels the
model assigns to the text. This in turn opens the
gate to do counterfactual analysis on how certain
characteristics of the text affect classification (for
more details see Barocas et al., 2023, Chapter 5).
This heatmap representation was inspired by prior
work on text alignment visualization (Yousef and
Jänicke, 2021), as well as prior work on feature im-
portance representation for text classification (e.g.
Štrumbelj and Kononenko, 2014; Ribeiro et al.,
2016). Shades of blue are used to denote that a
specific token increases the likelihood of the model
selecting that level, while shades of orange mean
the opposite. The intensity of a shade represents
how marked this effect is.

2.2 The ABC Diagnostics Tool in Practice

When developing a tool, it is important to keep
in mind concrete real world scenarios in which it
could be used. Throughout this section we present
some potential practical uses of the ABC Diagnos-
tics Tool, both by researchers and by non-technical
users (such as teachers and students).

Students can use the tool in order to self-asses
their CEFR level in a preliminary manner. Fur-
thermore, they can test whether specific vocabulary
choices or grammatical errors would have lead to a
different level.

Teachers can use the system in order to identify
areas of opportunity for further development of the
students by looking at which features of the texts
led to the given level. They can also use these
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systems to determine whether specific aspects of
the texts could have led to another result, be them
linguistic or otherwise.

Researchers can use the tool to explore whether
the underlying models focus on the same aspects of
the texts as human assessors would. It can also be
used to explore whether the systems present biases
or whether techniques used for privacy preserva-
tions (such as pseudonymisation) affect the lev-
els assigned by the models. The proof-of-concept
study included in Section 3 shows how the latter
can be done.

2.3 Language Resources

The ABC Diagnostics Tool itself is in principle
model- and language-agnostic (within the scope
of transformer-based approaches). However, it re-
quires a model to be loaded when deploying it.
We focus on Swedish as there are several non-
overlapping language-learner datasets available,
one of which is annotated with PII information.

SweLL-gold is a dataset of pseudonymized
Swedish learner essays (Volodina et al., 2019,
2025b). It contains annotations with approximate
proficiency levels according to course advancement
(beginner, intermediate, or advanced) and with PII
labels. This allows us to explore the effects of
altering pieces of PII in Swedish learner texts.

We use the model by Muñoz Sánchez et al.
(2024a)8 in the backend. This model is a version of
Swedish BERT (Malmsten et al., 2020) fine-tuned
for CEFR classification on Swedish learner texts.9

This model was originally trained on SweLL-pilot
(Volodina, 2024), a dataset of Swedish learner es-
says annotated with CEFR labels. Of note is that
this model has not seen any of the essays from
SweLL-gold during training, thus avoiding poten-
tial contamination from having previously seen the
texts.

3 Proof-of-Concept Study

3.1 Methodology

In order to assert the role that pseudonymization
and PII play in CEFR classification, we take two es-
says for each of the three proficiency levels present

8sprakbanken-se/KB-bert-swedish_CEFR-classif
ication (Accessed: 2026-09-25)

9Note that we do not use generative models as they under-
perform for CEFR classification (Benedetto et al., 2025). Even
though BERT-like models are considered to be outdated in var-
ious NLP tasks, they still represent the current state-of-the-art
across multiple languages (Imperial et al., 2025).

in the SweLL-gold dataset. These essays are cho-
sen such that each of them have at least three (in
the case of beginner and intermediate essays) or
two (in the case of advanced-level essays) distinct
pieces of PII mentioned in the text. The IDs of the
chosen essays can be found in Appendix B.

For each of these essays we create a parallel ver-
sion where only PII is changed, leaving all other
linguistic content intact. These intermediate ver-
sions between these texts are generated by partially
substituting individual pieces of PII in a lattice man-
ner. That is, at the ends of the lattice we have both
the original pseudonymized text and the version
with all pieces of PII changed. In between we have
versions where only one or two kinds of PII have
been changed. We would expect that the level pre-
dicted by a fair model should not change between
versions of the same text.

Of note is that SweLL-gold was pseudonymized
using names of fictionalized places, with the origi-
nal texts not being available for the general public.
In order to substitute the names, we use a combi-
nation of the name lists used by Muñoz Sánchez
et al. (2024b) and rare names (e.g. less than 10 peo-
ple with that given name in Sweden). We generate
substitutions of place names by using real-world
places fitting the background of the given names
chosen (e.g. matching typical Finnish names with
typical Finnish cities within the same text).

Given the challenges involved in identifying suit-
able substitutions and the large number of replace-
ments required, we limit the present analysis to a
qualitative study of a small number of essays.

To illustrate the scale of the task, the sample es-
say on Figure 4 contains 20 instances of PII, com-
prising six first names, one country, one city, and
three other pieces of PII. Analysing the effect of
perturbing PII in a cumulative manner in this es-
say would require generating 220 variants of this
essay in a lattice manner. Besides, for each cultural
context considered, we would need to identify ap-
propriate and reliable substitutions for culturally
dependent entities such as first names and course
names. Given these methodological and practical
challenges, we restrict the present work to a small-
scale qualitative analysis and leave a systematic
quantitative investigation for future work.

3.2 Results and Discussion

A pattern shared by all the chosen essays is that
the underlying model shows a clear preference for
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Hi Anna!

Welcome to Torrelaguna.

My name is Aylin! I am from Turkey. I speak
Kurdish and a little Spanish. I am married to
Alex. We have three children. Their names
are Aysu, Gizem, and Elif. Aysu is 11 years
old, Gizem is 9 years old, and Elif is 6 years
old.

I like Torrelaguna because my family is in
Torrelaguna and my friends are also in Torre-
laguna. I am writing now in this place. I want
to learn Spanish. I study Spanish at CEPA.

Best wishes,
Aylin

Figure 4: Sample essay from SweLL-gold, translated
into English and pseudonymised.

a given level. This is visualised in the tool as a
clear cloud of blue appearing at that level but not
at the others (see Figure 2 for an example). This is
a good sign as we would expect CEFR classifica-
tion systems to be confident about their predictions.
However, it may also mean that they are confident
even when misclassifying, which is less than desir-
able.

Of note is that none of the edits led to flips in
terms of classification regardless of whether com-
mon or uncommon names were used. This points
to PII not being a deciding factor for CEFR clas-
sification. Having said that, it would be necessary
to do causal counterfactual analysis in a systematic
manner across the whole dataset in order to be able
to assure that this is the case.

Both of these results corroborate the findings of
Muñoz Sánchez et al. (2024b), where they found
that given names within learner essays did not have
a major impact on CEFR classification systems.
They further note that these kind of systems seem to
draw upon the more basic linguistic knowledge en-
coded in the models (Muñoz Sánchez et al., 2024a).

An important future step would be to ensure that
these systems are not ignoring content words by
solely focusing on function words. Naismith et al.
(2023) suggest that BERT-like models are not good
at evaluating the coherence of a text, especially
when compared to generative models. However,
Benedetto et al. (2025) note that the current gen-
eration of generative models does not work well

for CEFR classification. There are other poten-
tial sources of bias that can arise even in this case.
For instance, Uluslu and Schneider (2025) point
out that, while content words are important, func-
tion words alone can help us determine a language
learner’s first language.

Yet another future direction is to extend the tool
to allow users to easily plug in other models for in-
spection on a range of different text-based tasks. As
mentioned in Section 2.3, the design is in principle
agnostic to a specific language or model: the cur-
rent implementation relies on explainability tech-
niques available for transformers, and thus provid-
ing access to further models (BERT or potentially
other approaches) would be of interest. Additional
explainability techniques might also complement
the current approach. For instance, NeuroX (Dalvi
et al., 2019) allows analysing individual neurons
rather than feature importance for the whole model.
Such functionality would also open up opportuni-
ties for interactive comparison across the results
predicted by several models.

4 Conclusions

In this paper we have presented the ABC Diagnos-
tics Tool. This is a web-based tool meant to as-
sist non-technical professional graders in exploring
which pieces of a text are important for automated
CEFR level classification systems; as well as a tool
for methodological inspection of effects of gradual
text perturbation on model outputs.

In order to showcase its usage, we have explored
the impact of changing PII in Swedish learner es-
says by gradually altering this information within
the texts. We have noticed that these changes have
little effect on the overall feature importance map
displayed by the tool. Moreover, these changes
did not influence the final label predicted by the
model. This is further supported by the fact that no
essay got assigned a different CEFR level because
of these changes.

Future experiments using the ABC Diagnostics
Tool should extend the replacements from PII-only
to other linguistic characteristics. This would help
us determine which linguistic features are impor-
tant for the different CEFR levels according to the
model. Not only that, but it would allow us to com-
pare whether this matches the aspects that human
assessors focus on.

A particularly interesting case would be that
of gender markers in languages with male/female
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grammatical gender, such as German or French.
This would allow us to study the importance that
gender agreement has for CEFR level classification
on those languages. Not only that, but we could
also explore biases related to this. For instance,
the role that gender-based stereotypes play in how
essays are classified or whether these models work
with gender-neutral language (e.g. singular they in
English or hen in Swedish).

We consider that this is an important step to-
wards the development of tools aimed to help teach-
ers with language assessment, rather than those
meant to replace them. Furthermore, this tool can
be potentially used to explore the presence of bi-
ases in automated essay assessment systems. In
the future, we intend to continue developing this
kind of tools under the umbrella name of the ABC
Diagnostics Educational suite.

Limitations

In this paper we present a pilot version of the ABC
Diagnostics tool. It aims to provide a basis for
model behaviour explanations using feature im-
portance methodologies. This means that it is not
evaluating for more complex linguistic structures.
For instance, if a word with a conjugation error
leads to a given CEFR level, it should not be taken
to mean that conjugation is crucial for that specific
level. While it can be indicative that such is the
case, further analysis would be required in order
to assert so. As such, we encourage not to take
the results as being authoritative over those of a
professional grader.

Moreover, the tool works on a small scale basis.
That is, it uses variations of a single text. Even
though this can be indicative of the presence of
biases or other undesired correlations, a more sys-
tematic approach across the whole dataset would
be necessary in order to properly ascertain so.

Ethical Considerations

An important thing to note is that the ABC Diag-
nostics tool should not be used in lieu of profes-
sional human language assessment. Instead, it is
meant to be used in conjunction in order to help
teachers and graders understand how automated
scoring works, study which characteristics of the
texts CEFR classification models are focusing on,
or to guide students and/or teachers on which ar-
eas to focus on in order to improve in the target
language.
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A Example Essay

Below we include the example text used in Figure 2
and a rough translation into English. Note that the
pieces of PII have been replaced with tags.

Jag bor i <city_1> i lagenheten. Jag
bor med min partner. Han heter
<given_name>. Lagenheten min har pa-
tio och tre rumar. Jag tycker att bo här i
<city_1> men det tar tid att komma till
centrum, förtifem minnuter. Jag har buss.
Jag bodde i <country>, i <city_2> för-
rut. Jag tycker om där också för jag
hadde mer vänner. Jag tror det är svart att
få vänner här. Men jag gillar arbeta här
mer. I <city_2> jag jobbar på en webb-
sida. I <city_1> jag jobbar på många
webbsitor. Jag är webbdevelopper. Men
<city_1> är närmare till <country> änn
<city_2>.

An English translation of the essay is as follows.
Note that we have attempted to reproduce similar
errors as in the original Swedish version.

I live in <city_1> in the apartment.
I live with my partner. His name is
<given_name>. The apartment mine has
patio and three roomes. I like to live here
<city_1> but it takes time to go to the
city centre, fortyfive minnutes. I have
bus. I lived in <country>, in <city_2>
beffore. I like it there too because I hadd
more friends. I think it is difficalt to
get friends here. But I like to work here
more. In <city_2> i work on a website.
In <city_1> I work on many webbsites.
I am a web-developper. But <city_1> is
closer to <country> thann <city_2>.

B Essay IDs

This appendix presents the IDs of the essays chosen
as part of the experiments listed in this paper.

• Beginner-level essays

– G24GT3
– G36GT2

• Intermediate-level essays

– K5KT1
– K48KT1

• Advanced-level essays

– F25FT3
– M42MT1

C The Lärka Tool

As mentioned in Section 2.1, Lärka (Pilán et al.,
2016a) is a previously existing tool that visualises
CEFR levels at both the document and word lev-
els. However, this is done by two separate systems.
As such, the word-level labels cannot be used for
explainability purposes for the CEFR level clas-
sification system. Figure 5 provides an image of
the tool for illustrative purposes, using the same
example from Figure 2 (full text in Appendix A).
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Figure 5: The Lärka tool visualises distribution of vocabulary across CEFR levels. The overall CEFR level is also
calculated. However, there is no direct connection between the vocabulary-level labels and the document-level one.
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