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Abstract

Personally Identifiable Information (PII) is per-
vasive in linguistic data, making open sharing
thereof complicated from both the legal and
ethical perspective. Simply redacting out the
PIIs or replacing them with pseudonyms pre-
supposes a detection step, where the personal
information is identified. In this study, we ex-
pand the existing research on PII detection in
unstructured data (learner essays) in Swedish,
testing more Large Language Models (LLMs)
on a larger amount of data. We compare three
different LLMs, two Swedish (KB-BERT and
Al Sweden’s RoBERTa) and one multilingual
(M-BERT). We found that KB-BERT tends to
be better than the other models but that there is
some overlap in their performance.

1 Introduction

A non-negligible portion of texts that could be used
in research or for training language models con-
tains Personally Identifiable Information (PIIs), i.e.
elements that could lead to the reidentification of
the data subject. As such, they are protected by
various regulations; in the EU, the GDPR governs
the usage and sharing of such data (Official Journal
of the European Union, 2016). Being able to elimi-
nate PIIs from the text enables the sharing of not
only corpora intended for linguistic research or lan-
guage model training, but also collections of texts
relevant for research in broadly understood digital
humanities or fields related to law and medicine.
For example, essays written by language learners
often contain Plls, as the students are commonly
prompted to talk about themselves or their experi-
ences, limiting the texts’ shareability without any
privacy-protecting measures in place. This can be
an issue as this kind of data is essential in language
acquisition research (e.g. Golden et al., 2017),
for developing essay grading (e.g. Beigman Kle-
banov and Madnani, 2020; Wilkens et al., 2023;

Lagutina et al., 2023), or grammatical error detec-
tion tools (e.g. Bryant et al., 2023; Grundkiewicz
and Junczys-Dowmunt, 2019). There is, therefore,
a strong need for protecting author identities in this
specific domain, as has been underlined by Stemle
et al. (2019).

The two most common ways of handling the
presence of PIIs in the text are anonymization
and pseudonymization. Lison et al. (2021) define
the former as the “[c]omplete and irreversible re-
moval from a dataset of any information that, di-
rectly or indirectly, may lead to a subject’s data
being identified," whereas the latter, according to
them, consists of replacing direct identifiers with
pseudonyms and retaining the mapping separately.
Other researchers choose not to limit it to direct
identifiers (Volodina et al., 2020). What connects
both of these procedures is the step in which the
personal elements are identified, which is why de-
veloping robust methods for PII identification is
extremely relevant for both of these applications.

Our experiment is an extension of the one con-
ducted by Szawerna et al. (2024) and is therefore
also inspired by the work done by Grancharova
and Dalianis (2021), where the ability of various
Large Language Models (LLMs) to detect personal
information in Swedish texts was tested. We set
out to test the capabilities of three different LLMs,
namely KB-BERT (Malmsten et al., 2020), Al Swe-
den’s RoBERTa (Al Sweden), and Multilingual
BERT (Devlin et al., 2018) and two versions of
cross entropy loss: weighted and not weighted
(Ansel et al., 2024). We use SweLL-pilot and
SweLL-gold, corpora of essays written by learners
of Swedish as a second language which contain
PIIs, the presence of which has been manually an-
notated (Volodina et al., 2016; Wirén et al., 2018;
Volodina et al., 2019).

While Szawerna et al. (2024) have already
shown that LLMs can learn to simply distinguish
between PIIs and other kinds of tokens, what we



want to test in our version of this experiment is a)
whether AI Sweden’s RoBERTa performs better
than the models tested by Szawerna et al. (2024)
and b) if the performance changes noticeably with
the improvements to the pre-processing and the
addition of more training data.

2 Prior Research

While a lot of work on PII detection has already
been conducted, much of it focuses on English and
normative text, with the genres likely to include e.g.
misspellings or nonstandard variation being under-
represented, and the bulk of the pseudonymization
and anonymization efforts being focused on medi-
cal and legal data (Lison et al., 2021).

When it comes to Swedish, a significant amount
of work was done on medical data, including using
rule-based approaches, machine learning, and fine-
tuning LLMs for the task (Dalianis, 2019; Berg
et al., 2019; Berg and Dalianis, 2019, 2021; Gran-
charova and Dalianis, 2021). Many valuable in-
sights pertaining to the handling of PIIs also stem
from the creation of the SweLLL. corpus, where both
manual and automatized, rule-based methods were
used to detect and replace personal information
(Volodina et al., 2020). The data from a pilot ver-
sion of this corpus was further utilized by Szawerna
et al. (2024) to fine-tune and test several models.

Since the goal of this experiment is to test the
performance of an array of fine-tuned LLMs on
PII detection, it is worth reviewing the results re-
ported by Grancharova and Dalianis (2021) and
Szawerna et al. (2024). Grancharova and Dalianis
(2021)’s best performing model (KB-BERT fine-
tuned on original, in-domain data) reaches 0.923
precision, 0.922 recall, and 0.922 F1 on the task of
PII detection in the medical domain. In Szawerna
et al. (2024), KB-BERT is also the basis for the best
performing models; here, however, its versions fine-
tuned with and without a weighted loss function ex-
cel at different aspects of the task in learner-written
texts. The model without a weighted loss function
has the highest precision (0.875) and F1 (0.803),
whereas the one with a weighted loss function has
the highest recall (0.902).

3 Materials and Methods

The setup of this experiment follows closely the
one of Szawerna et al. (2024), albeit with a num-
ber of significant changes. While they originally
used only the SweLL-pilot corpus (Volodina et al.,

2016), we also include the SweLL-gold corpus!
(Volodina et al., 2019; Wirén et al., 2018). This has
doubled the number of essays and nearly tripled
the instances of PIIs, as seen in Table 12. The data
in both of the aforementioned corpora consists of
essays written by learners of Swedish as a second
language, of varying levels of proficiency, but also
varied in terms of topic or genre. Following the
original experiment, we disregard the detailed PII
type annotation, focusing only on whether a token
belongs to a PII passage or not, and assigning the
appropriate inside-outside-beginning (IOB) tag. It
is important to note that the annotation of personal
information in the two SweLL corpora was con-
ducted by different people, though they did follow
the same guidelines (Megyesi et al., 2021).

. SweLL-pilot +
SweLL-pilot SweLL-gold
B 1142 3111
I 86 237

Table 1: The counts of the instances of B and I PII
classes in Szawerna et al. (2024) and in our experiment.

The two major improvements relative to the
original experiment concern the preprocessing of
the samples. During their construction, we pre-
tokenize them using the respective LLM’s tokenizer
in order to be able to obtain samples with as much
context as possible, i.e. as close to 512 sub-word
tokens as possible without the sample ending in
the middle of a word (whereas previously samples
had the maximum length of 100 tokens). Since
this is dependent on the LLM tokenizer used, the
number of non-PII tokens varies between models
(see Table 4, Table 5, Table 6 in Appendix A). The
samples obtained from the same essay are bound
to be in the same data split.

We ensure that an equal number of samples that
include personal information and ones that do not
do that are included in our data splits. We calcu-
late the class weights using Scikit-learn (Pedregosa
et al., 2011). The exact class counts, proportions,
and weights are provided in Appendix A. In the fi-
nal step of the pre-processing, we perform a 5-fold
cross-validation in order to obtain a better overview
of their performance.

'SweLL-gold was originally pseudonymized, we reintro-
duced the PIIs into the texts in order to use this corpus in our
experiment.

%For details concerning the types of PIIs that can be found
in the data, consult Megyesi et al. (2021).



In this experiment we fine-tune three different
BERT-based LLMs, using 5-fold cross-validation.
The LLMs in question are the BERT model for
Swedish developed by the National Library of Swe-
den? (KB-BERT, Malmsten et al. (2020)), the mul-
tilingual BERT* (M-BERT, Devlin et al. (2018)),
as in Szawerna et al. (2024)), and — unlike in the
original experiment — AI Sweden’s ROBERTa> (Al-
Sweden’s RoBERTa, Al Sweden). The fine-tuning
process is conducted in the same way as in Sza-
werna et al. (2024), utilizing modified code from
the Transformers library (Wolf et al., 2020) and the
same settings: a batch size of 8, 3 epochs, and the
AdamW optimizer (learning rate: 05e-05).

4 Results and Discussion

While performing a 5-fold cross-validation of the
models allows us to gain better insights into the
performance of the respective LLMs on the task
of PII detection, we do not have enough versions
per model to provide a reliable statistical analysis.
This is due to the computational requirements of
fine-tuning these models. Therefore, in Table 2 and
Table 3 we only report the mean scores across the
folds, alongside the standard deviation (Numbers
in bold indicate the highest score across both ta-
bles). We highlight the best performances in bold.
We have also selected to focus our analysis on the
weighted averages of precision, recall, F1, and F2°
scores only across the PII classes (disregarding the
scores for the non-PII tokens) — following Gran-
charova and Dalianis (2021) and Szawerna et al.
(2024). Focusing only on the PII classes allows
us to compensate for the class imbalance of the
non-PII vs. PII classes. We chose to report F2
since it gives more importance to recall, which is
essential for reflecting how many of the PIIs were
detected (and, therefore, how successful the model
is at protecting the data subjects). Nevertheless,
precision is important as well, since we want to
tamper with the data as little as necessary. Detailed
per-model results and a wider selection of measures
are provided in Appendix A.

In terms of per-PlII-class precision, Szawerna
et al. (2024) report 0.8748 as the highest score,

3https://huggingface.co/KB/bert—base—swedish
-cased

4https://huggingface.co/google—bert/bert—bas
e-multilingual-cased

Shttps://huggingface.co/AI-Sweden-Models/robe
rta-large-1160k

6FB — (1 +,62) * i precisionxrecall

B2xprecision)+recall

where § = 2

KB-BERT
Precision Recall F1 F2
Average 0.857 0.784 0.810 0.793
STD 0.036 0.054 0.039 0.047
M-BERT
Precision Recall F1 F2
Average 0.831 0.775 0.794 0.782
STD 0.027 0.033 0.026 0.030

Al-Sweden’s RoBERTa

Precision Recall F1 F2

0.690 0.653 0.665 0.657
0.387 0.367 0.372 0.368

Average
STD

Table 2: Measures across only the PII classes for the
models without a weighted loss function.

KB-BERT
Precision Recall F1 F2
Average 0.619 0.883 0.727 0.813
STD 0.032 0.037 0.031 0.032
M-BERT
Precision Recall F1 F2
Average 0.625 0.858 0.721 0.797
STD 0.036  0.043 0.032 0.035
Al-Sweden’s RoOBERTa
Precision Recall F1 F2
Average 0.261 0.354 0.300 0.330
STD 0.360 0.486 0.413 0.453

Table 3: Measures across only the PII classes for the
models with a weighted loss function.

obtained by their KB-BERT model fine-tuned with-
out a weighted loss function. In our case, the best
performance is also obtained by the same model
and loss function combination, but the actual score
drops to 0.857 with a standard deviation of 0.036.

As far as the per-Pll-class recall is concerned,
Szawerna et al. (2024)’s best model is KB-BERT
with a weighted loss function, which scores 0.902.
Among our models, once again the same model
prevails, with 0.883 recall and an STD of 0.037.

We do, however, note that our best F1 score is
higher than that reported by Szawerna et al. (2024).
Theirs was of KB-BERT without a weighted loss
function at 0.803, while ours — for the same model
and loss function — is 0.810, with a standard devi-
ation of 0.039. It is worth pointing out, however,
that the STD for that score is quite big (0.054),
meaning that there is larger variety between recall
scores.


https://huggingface.co/KB/bert-base-swedish-cased
https://huggingface.co/KB/bert-base-swedish-cased
https://huggingface.co/google-bert/bert-base-multilingual-cased
https://huggingface.co/google-bert/bert-base-multilingual-cased
https://huggingface.co/AI-Sweden-Models/roberta-large-1160k
https://huggingface.co/AI-Sweden-Models/roberta-large-1160k

While the F2 score has not previously been re-
ported for this task, we note that if we consider
recall more important than precision, then this com-
bined score elevates KB-BERT with a weighted
loss function, as it achieved F2 equal to 0.813 (STD:
0.032).

Notably, with the changes that we have intro-
duced we no longer see the catastrophic drop in
the performance of the M-BERT model fine-tuned
with a weighted loss function reported by Szaw-
erna et al. (2024). Interestingly, though, we do
note that a similar effect can be observed in Al-
Sweden’s RoBERTa when using weighted loss,
where the scores revolve around 30% on average,
with large standard deviations. When inspecting
the per-model scores, we noted that three out of five
runs seem to have completely stopped predicting
the PII classes. This is also true for one out of five
RoBERTa runs without a weighted loss function
(resulting in a large STD for those as well). This
could very well be due to the large imbalance of the
PII classes versus the non-PII tokens, but further
experiments would be needed to confirm whether
that is the case.

What is worth noting is that the different folds
for AI-Sweden’s RoBERTa lead to very inconsis-
tent performances, and while on the results of some
of those models on their own are quite high, the
fine-tuning of this LLM is not reliable with the
current setup.

5 Conclusions

Within this experiment we attempted to improve
the PII detection model introduced by Szawerna
et al. (2024), increase the amount of training data,
and evaluate one more Large Language Model’s
performance. When it comes to the best performing
models, we did not note any changes that are likely
to be statistically significant. Our changes and
improvements have, however, led to eliminating the
issues with M-BERT with a weighted loss function.

We have also observed that the current setup
leads to very inconsistent results when fine-tuning
Al-Sweden’s RoBERTa, but we note that singular
results from those models exceed those of any other
model. This suggests that better results can be
obtained using the latter model, but that requires us
to eliminate the issues leading to the over-detection
of the “outside" class.

This experiment solidifies the previous findings
that simplifying the personal information detec-

tion task down to whether a token is personal or
not given the context (but disregarding further sub-
classification) is a valid method, and hopefully con-
tributes to the efforts of building a pipeline for
anonymizing or pseudonymizing a wider variety of
Swedish texts.

6 Future Work

Given the results reported for Al-Sweden’s
RoBERTa, a natural continuation of this experi-
ment would be to identify and neutralize the is-
sues causing the model’s inconsistent performance.
Since the model is only trained on one domain of
data (learner essays), it would be interesting to see
how it performs on other kinds of data, or how
mixing data from various domains will affect the
performance. Another idea would be to compare
I0B-based PII detection to more detailed classifi-
cation.

Limitations

We would like to draw the attention to the limi-
tations concerning the fine-tuning of the models
that are present in our experiment. With a total of
6 model and loss function combinations, it would
have been very computationally expensive to fine-
tune more versions; however, this has a negative
impact on our ability to make statistically relevant
comparisons. Additionally, better scores are likely
possible with some hyper-parameter tweaking.

Ethics Statement

When working with personal information, the
safety and privacy of our data subjects is paramount.
Since our training data contains such information,
we can share neither the data, nor the fine-tuned
models. For the same reason we can only use mod-
els which can be run locally, without uploading the
data to any third parties.
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A Appendix: Class Counts, Weights, and

Detailed Results
Instances (%) | Count | Weight
B 1.41% 3111 23.66
I 0.11% 237 310.52
(0] 98.48% 217430 | 0.33

Table 4: The proportions of token instances of classes
in the data used in the experiment and the correspond-
ing calculated class weights for experiments with KB-

BERT.

Instances (%) | Count | Weight
B 1.60% 3111 20.78
I 0.12% 237 272.82
(0] 98.27% 190626 | 0.34

Table 5: The proportions of token instances of classes
in the data used in the experiment and the corresponding
calculated class weights for experiments with M-BERT.

Instances (%) | Count | Weight
B 1.79% 3111 18.59
I 0.14% 237 244.013
(0] 98.07% 170145 0.34

Table 6: The proportions of token instances of classes
in the data used in the experiment and the correspond-
ing calculated class weights for experiments with Al-
Sweden’s RoOBERTa.



.. Sensitive ~ Sensitive  Sensitive  Sensitive

Accuracy Precision Recall F1 F2 MCC Precision Recall Fl 2

Model 1 0.995294  0.995074 0.995294 0.994897 0.995117 0.798232 0.862433 0.737319 0.777104 0.751789

Model 2 0.995719  0.995696 0.995719 0.995707 0.995714 0.861316 0.857771 0.856305 0.856995 0.856572

Model 3 0.994029 0.993586 0.994029 0.993698 0.993886 0.785669 0.796362 0.745710 0.763545 0.752142

Model 4 0.994902  0.994634 0.994902 0.994638 0.994774 0.820049 0.887983 0.754545 0.812867 0.776487

Model 5 0.995202 0.995131 0.995202 0.994900 0.995057 0.856825 0.880130 0.825338 0.837538 0.828830

K-fold mean 0.995029 0.994824 0.995029 0.994768 0.994910 0.824418 0.856936 0.783843 0.809610 0.793164

K-fold STD  0.000631 0.000788 0.000631 0.000721 0.000667 0.033978 0.036062 0.053501 0.039416 0.047343

Table 7: Detailed results for the KB-BERT model without a weighted loss function

- Sensitive ~ Sensitive ~ Sensitive  Sensitive

Accuracy Precision Recall F1 F2 MCC Precision Recall Fl "

Model 1 0.990770  0.993043 0.990770 0.991582 0.990991 0.707881 0.580454 0.847826 0.688978 0.776190

Model 2 0.989598 0.993134 0.989598 0.990823 0.989900 0.752192 0.617264 0.932551 0.741469 0.844452

Model 3 0.989888 0.992136 0.989888 0.990684 0.990103 0.718842 0.597128 0.845554 0.699533 0.780258

Model 4 0.991518 0.993345 0.991518 0.992142 0.991680 0.770238 0.659364 0.898485 0.760498 0.837663

Model 5 0.990039  0.992246 0.990039 0.990780 0.990223 0.765317 0.642115 0.888069 0.745001 0.824611

K-fold mean 0.990362 0.992781 0.990362 0.991202 0.990580 0.742894 0.619265 0.882497 0.727096 0.812635

K-fold STD  0.000777 0.000551 0.000777 0.000636 0.000741 0.028024 0.032134 0.036602 0.031047 0.032244
Table 8: Detailed results for the KB-BERT model with a weighted loss function

- Sensitive ~ Sensitive  Sensitive ~ Sensitive

Accuracy Precision Recall Fl1 F2 MCC Precision Recall Fl P

Model 1 0.994317 0.993833 0.994317 0.994007 0.994183 0.785353 0.809423 0.739130 0.769499 0.750605

Model 2 0.993883  0.993799 0.993883 0.993810 0.993850 0.823782 0.822239 0.816716 0.817711 0.816901

Model 3 0.994167 0.993734 0.994167 0.993742 0.993981 0.799651 0.830278 0.748752 0.776084 0.758689

Model 4 0.994300 0.994203 0.994300 0.994044 0.994178 0.834744 0.877261 0.798571 0.826560 0.808725

Model 5 0.992593  0.992039  0.992593 0.992019 0.992343 0.812006 0.818028 0.772448 0.780969 0.774885

K-fold mean 0.993852 0.993522 0.993852 0.993524 0.993707 0.811107 0.831446 0.775123 0.794164 0.781961

K-fold STD  0.000725 0.000849 0.000725 0.000851 0.000775 0.019459 0.026694 0.032703  0.026045 0.029631

Table 9: Detailed results for the M-BERT model without a weighted loss function

.. Sensitive ~ Sensitive ~ Sensitive  Sensitive

Accuracy Precision Recall F1 F2 MCC Precision Recall Fl 2

Model 1 0.989526 0.991487 0.989526 0.990166 0.989676 0.691246 0.571514 0.809783 0.666948 0.745238

Model 2 0.988573  0.992005 0.988573 0.989773 0.988885 0.750397 0.623565 0.913490 0.740544 0.835067

Model 3 0.991328 0.992283 0.991328 0.991608 0.991388 0.747359 0.664426 0.818636 0.728981 0.779445

Model 4 0.989250  0.991456 0.989250 0.990032 0.989466 0.752611 0.649001 0.877143 0.746002 0.819511

Model 5 0.986974  0.989899 0.986974 0.987942 0.987206 0.742949 0.616482 0.870849 0.720684 0.803483

K-fold mean 0.989130 0.991426 0.989130 0.989904 0.989324 0.736912 0.624998 0.857980 0.720632 0.796549

K-fold STD  0.001578 0.000923 0.001578 0.001309 0.001507 0.025784 0.035587 0.043258 0.031590 0.035300
Table 10: Detailed results for the M-BERT model with a weighted loss function

. Sensitive ~ Sensitive ~ Sensitive  Sensitive

Accuracy Precision Recall Fl1 F2 MCC Precision Recall Fl "

Model 1 0.994879  0.994370 0.994879 0.994500 0.994714 0.828151 0.852875 0.780037 0.808646 0.790642

Model 2 0.993938  0.994188 0.993938 0.994050 0.993979 0.849293 0.832115 0.866084 0.848433 0.858830

Model 3 0.981818 0.963966 0.981818 0.972810 0.978195 0.000000 0.000000 0.000000 0.000000 0.000000

Model 4 0.994358  0.994217 0.994358 0.993958 0.994171 0.846429 0.910588 0.789781 0.833562 0.805941

Model 5 0.993385 0.993212 0.993385 0.993181 0.993286 0.848825 0.852647 0.830189 0.836233 0.831862

K-fold mean 0.991675 0.987991 0.991675 0.989700 0.990869 0.674540 0.689645 0.653218 0.665375 0.657455

K-fold STD  0.005538 0.013438 0.005538 0.009454 0.007104 0.377180 0.386632 0.366762 0.372236 0.368444

Table 11: Detailed results for the AI-Sweden’s RoOBERTa model without a weighted loss function



.. Sensitive  Sensitive  Sensitive  Sensitive

Accuracy Precision Recall Fl1 F2 MCC Precision Recall Fl P

Model 1 0.988704 0.991199 0.988704 0.989603 0.988955 0.708627 0.591056 0.837338 0.692827 0.772809
Model 2 0.990878 0.993067 0.990878 0.991648 0.991081 0.808050 0.715271 0.931587 0.807780 0.876952
Model 3 0.981818 0.963966 0.981818 0.972810 0.978195 0.000000 0.000000 0.000000 0.000000 0.000000
Model 4 0.980282 0.960952 0.980282 0.970520 0.976354 0.000000 0.000000 0.000000 0.000000 0.000000
Model 5 0.977331 0.955176  0.977331 0.966127 0.972818 0.000000 0.000000 0.000000 0.000000 0.000000
K-fold mean 0.983803 0.972872 0.983803 0.978142 0.981480 0.303335 0.261266 0.353785 0.300121 0.329952
K-fold STD  0.005751 0.017876 0.005751 0.011669 0.008065 0.416844 0.360438 0.485585 0.412963 0.453304

Table 12: Detailed results for the AI-Sweden’s RoOBERTa model with a weighted loss function
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