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Abstract
Digital Humanities (DH) research, among
many others, relies on data, a subset of which
comes in the form of language data that con-
tains personal information (PI). Working with
and sharing such data has ethical and le-
gal implications. The process of removing
(anonymization) or replacing (pseudonymiza-
tion) of personal information in texts may be
used to address these issues, and often begins
with a PI detection and labeling stage. We
present a new tool for personal information
detection and labeling for Swedish, SBX-PI-
DETECTION (henceforth SBX-PI), alongside a
visualization interface, (IM)PERSONAL DATA,
which allows for the comparison of outputs
from different tools. A valuable feature of
SBX-PI is that it enables the users to run the
annotation locally. It is also integrated into the
text annotation pipeline SPARV, allowing for
other types of annotation to be performed si-
multaneously and contributing to the privacy by
design requirement set by the GDPR. A novel
feature of (IM)PERSONAL DATA is that it al-
lows researchers to assess the extent of detected
PI in a text and how much of it will be manip-
ulated once anonymization or pseudonymiza-
tion are applied. The tools are primarily aimed
at researchers within Digital Humanities and
Natural Language Processing and are linked to
CLARIN’s Virtual Language Observatory.1

1 Introduction and prior work

Personal information (PI) 2 is ubiquitous in many
kinds of language data – data which oftentimes

1https://spraakbanken.gu.se/en/
analyses/sbx-swe-pi_detection-sparv (DOI)
https://vlo.clarin.eu/record/Other_47_
doi_10_23695_6wp0_ds77.xml?1&count=3&
index=0&q=sparv-plugin (VLO)

2In this paper this term is used to refer to both information
that on its own or in combination with other pieces of informa-
tion can be used to re-identify a natural person, i.e. Personally
Identifiable Information (PII), and sensitive information (e.g.
sexuality, religious beliefs).

is the basis for research in fields such as Digital
Humanities (DH), Natural Language Processing
(NLP), or linguistics. When working with this
kind of data, one may choose to employ privacy-
protection measures in order to comply with ap-
propriate legislation (e.g. GDPR (Official Journal
of the European Union, 2016)) or out of ethically
motivated concerns for data subject privacy. Com-
monly employed privacy-protection methods at the
text level are the removal (anonymization) or re-
placement (pseudonymization) of PI. The differ-
ence is illustrated in (1), where the original sen-
tence is anonymized using , pseudonymized
using tags and pseudonymized using replace-
ment entities.

(1) Mitt
Mitt
Mitt
Mitt
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namn
namn
namn

är
är
är
är

Sonja

name
Anna

och
och
och
och

jag
jag
jag
jag

är
är
är
är

29

age
31

‘My name is Sonja and I am 29’

While anonymization and pseudonymization can
be carried out manually, it is very time-consuming.
As with many other types of annotation, this can
be sped up with the help of automated methods.

Both pseudonymization and anonymization can
be construed of as two-stage processes, with the
first one — PI detection and labeling, necessary
in order to know what elements need to be han-
dled — being shared by both, and succeeded by, re-
spectively, the removal or replacement of detected
spans.3 Automatic PI detection and labeling is
a task closely related to Named Entity Recogni-
tion and Classification (NER, NERC) (Lison et al.,
2021). The key distinction is that while the over-
lap between PI and Named Entities (NEs) is large,

3There exist approaches where this distinction is not made,
e.g. seq2seq or LLM prompting to directly return a sanitized
text, cf. Yermilov et al. (2023).

https://spraakbanken.gu.se/en/analyses/sbx-swe-pi_detection-sparv
https://spraakbanken.gu.se/en/analyses/sbx-swe-pi_detection-sparv
https://vlo.clarin.eu/record/Other_47_doi_10_23695_6wp0_ds77.xml?1&count=3&index=0&q=sparv-plugin
https://vlo.clarin.eu/record/Other_47_doi_10_23695_6wp0_ds77.xml?1&count=3&index=0&q=sparv-plugin
https://vlo.clarin.eu/record/Other_47_doi_10_23695_6wp0_ds77.xml?1&count=3&index=0&q=sparv-plugin
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not all PIs are NEs and not all NEs are personal in
nature; whether a piece of information in a text is
personal is highly dependent on the context.

The approaches to PI detection and labeling
range from rule-based systems (Accorsi et al.,
2012; Dalianis, 2019; Blokland et al., 2020; Volo-
dina et al., 2020) through machine learning ap-
proaches using e.g. Conditional Random Fields
(Berg and Dalianis, 2019, 2020; Adams et al., 2019;
Eder et al., 2020), Recurrent Neural Networks
(Adams et al., 2019; Eder et al., 2020; Jensen et al.,
2021; López-Garcı́a et al., 2023), or Transformer-
based classifiers (Johnson et al., 2020; Jensen et al.,
2021; Eder et al., 2022; Meaney et al., 2022; López-
Garcı́a et al., 2023; Ngo et al., 2024; Szawerna
et al., 2024, 2025), to Large Language Model
(LLM) prompting (Yang et al., 2023; Ilinykh and
Szawerna, 2025) or knowledge distillation from
LLMs (Deußer et al., 2025), and combined ap-
proaches (Jensen et al., 2021; Eder et al., 2022;
Cabrera-Diego and Gheewala, 2024). Notably, the
ability to conduct automated PI detection locally is
advantageous, since sending potentially sensitive
data to external tools or APIs increases the chance
of a security breach and information leakage. Ease
of use also plays a role, since the more complicated
a tool is to set up or use, the smaller its userbase is
likely to become.

In this paper we present a new, flexible plugin
SBX-PI for Personal Information detection and
labeling in Swedish for the SPARV text annota-
tion pipeline, alongside a novel visualization tool,
(IM)PERSONAL DATA, intended for analyzing and
comparing the performance of such systems. The
tools stand out in two ways: on the one hand, SBX-
PI embeds ethics into SPARV through addressing
the g the ‘privacy by design’ requirement imposed
by the GDPR (Official Journal of the European
Union, 2016); on the other hand, (IM)PERSONAL

DATA is the only tool known to us allowing the
users to assess how much of the research data will
be altered once anonymization or pseudonymiza-
tion are applied, making it possible to assess the
value and validity of the data after the applied ma-
nipulations. We showcase both tools on a sample
text4 and compare the performance of the PI detec-
tion plugin to that of the commercially available

4While we acknowledge that evaluation measures would be
valuable, there is no openly available dataset for PI detection
in Swedish. The performance of the models used in our tool
on their test set was reported in Szawerna et al. (2025).

tool MICROSOFT PRESIDIO,5, the web-based tool
for Swedish texts HB DEID (Berg and Dalianis,
2019, 2021),6 and the results of prompting GEMMA

2 9B (Gemma Team et al., 2024),7 with the help
of the visualization tool. GEMMA 2 9B has previ-
ously been used by Ilinykh and Szawerna (2025)
to detect and label personal information and per-
formed best out of the tested models; due to its size
it could potentially be run locally. We discuss the
differences in performance and the advantages and
disadvantages of the aforementioned approaches.
Finally, we present plans and suggestions for fur-
ther development of both of our tools.

2 SPARV plugin

SPARV (v5.3.0, Hammarstedt et al., 2022)8 is a
Python-based modular command line tool for text
annotation designed primarily for Swedish, created
and maintained by Språkbanken Text. It can be
run locally and is designed to handle importing the
data, annotating it, and exporting it. The choice
of formats and annotations is controlled using a
corpus configuration file. SPARV’s design makes
it also very easy to extend it with new modules or
plugins, which has enabled the addition of Personal
Information detection and labeling, meaning that
this task can be performed together with other kinds
of annotation, e.g. part-of-speech tagging.

2.1 System Design

Our plugin9 makes use of six PI detection clas-
sifiers for Swedish (Szawerna et al., 2025) based
on KB/bert-base-swedish-cased (Devlin
et al., 2019; Malmsten et al., 2020), hosted on
Språkbanken Text’s HuggingFace page.10 The
models’ performance reported in Szawerna et al.
(2025) is shown in Table 1. The models differ in
terms of the tags that they can assign to the de-
tected spans, as outlined in Table 2. It is very im-
portant to highlight that, as per their HuggingFace
model cards, these models “[...] perform best on
[...] second-language learner essays,” the type of
texts that they were trained on. By not including
the models in the plugin itself but accessing them

5https://microsoft.github.io/presidio/
6https://hbdeid.dsv.su.se/
7https://huggingface.co/google/

gemma-2-9b
8https://spraakbanken.gu.se/sparv/
9https://github.com/spraakbanken/

sparv-sbx-pi-detection
10https://huggingface.co/sbx

https://microsoft.github.io/presidio/
https://hbdeid.dsv.su.se/
https://huggingface.co/google/gemma-2-9b
https://huggingface.co/google/gemma-2-9b
https://spraakbanken.gu.se/sparv/
https://github.com/spraakbanken/sparv-sbx-pi-detection
https://github.com/spraakbanken/sparv-sbx-pi-detection
https://huggingface.co/sbx
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Model F2
detailed iob 0.519 ± 0.085
detailed 0.558 ± 0.063
general iob 0.720 ± 0.054
general 0.763 ± 0.059
basic iob 0.800 ± 0.045
basic 0.824 ± 0.038

Table 1: Mean results ± standard deviation for each
type of model, courtesy of the authors (Szawerna et al.,
2025).

via HuggingFace, we make it possible to access
newer versions of the same models, should they
ever be released. It also makes it relatively sim-
ple to expand the plugin with additional models by
modifying very little of the code.

We follow the general recommended structure
for SPARV plugins.11 The code is accompanied
by a number of required or recommended files
specifying the functionality or behavior of the
plugin for both SPARV itself and the user. The
plugin’s requirements are Sparv 5.0 or higher,
Transformers 4.51.3 or higher (Wolf et al.,
2020), and PyTorch (Ansel et al., 2024).

The core of the plugin’s functionality lies in the
pi detection.py file, which defines the func-
tions called when the annotations provided by this
plugin are requested by the user. In such a case the
input is first tokenized at word level using a user-
defined or SPARV’s default tokenizer. The appro-
priate classifier model and corresponding tokenizer
are loaded in according to the corpus configura-
tion using Transformers. Since BERT-based
models use sub-word tokenization and have a max-
imum input length, each input text is chunked if it
were to exceed the length of 512 sub-word tokens,
with the boundaries following the word-level tok-
enization. Next, predictions are obtained from the
model for each chunk. Finally, these are mapped
back to the word-level tokens. In cases where mul-
tiple sub-word tokens constituting one word have
received different tags, the following heuristics are
applied: i) if at least one sub-word token is tagged
as personal information, the entire word is tagged
as that and ii) if two different personal information
tags were assigned to two sub-word tokens of one
word, the one closest to the beginning of the word
is selected, as we consider that to be more likely

11https://spraakbanken.gu.se/sparv/
developers-guide/writing-sparv-plugins/

to be the meaning-bearing element of the word.
These tags are then forwarded to the export method
defined by the user in the corpus configuration.

We also provide a sample corpus with our plu-
gin, which consists of two text files, one with an
example essay and one intended for the user to edit,
alongside a corpus configuration file.

2.2 Functionality
Once the plugin is installed following the instruc-
tions that come with it, the user can request the
PI annotation in the config.yaml configuration
file for their corpus. First of all, in annotations,
one has to specify the annotation type as
<token>:sbx pi detection.pi. Next, the
specific tagset (and, consequently, classifier) has to
be specified, e.g. pi detection: general.
The names of the available tagsets in the config-
uration are the same as in Table 2, and more de-
tailed user instructions are included in the plugin’s
README file. Both the input and output format
for the data are independent from our plugin and
depend on the user choice defined in the corpus
configuration.

A key advantage that our plugin has is its integra-
tion into SPARV, as that allows for other types of
annotation to be carried out simultaneously, accord-
ing to what is defined in the corpus configuration.
This also makes it easy for current SPARV users to
incorporate PI annotation in their workflow.

3 (Im)Personal Data visualization

In order to visualize the system output, a custom vi-
sualization12 was commissioned with INFRAVIS13,
the Swedish National Research Infrastructure for
Data Visualization.

3.1 System Design
The interface is realized as a Vue 3 frontend and
builds on two modules. The first module uses Texty
(Nualart and Pérez-Montoro, 2013), “an icon that
represents the physical distribution of keywords of
a text as a flat image,” to give an overall impression
of the distribution of labels in the text (see Figure 1).
The second module aligns the input texts on the
word level and allows for the comparison of labels
across different methods (see Figure 2).

In order to allow for new text additions, the in-
terface is written in such a way as to adapt to new

12https://github.com/spraakbanken/
impersonaldata

13infravis.se

https://spraakbanken.gu.se/sparv/developers-guide/writing-sparv-plugins/
https://spraakbanken.gu.se/sparv/developers-guide/writing-sparv-plugins/
https://github.com/spraakbanken/impersonaldata
https://github.com/spraakbanken/impersonaldata
infravis.se
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Model Tags

detailed

O, firstname male, firstname female, firstname unknown,
initials, middlename, surname, school, work,
other institution, area, city, geo, country, place,
region, street nr, zip code, transport name,
transport nr, age digits, age string, date digits, day,
month digit, month word, year, phone nr, email, url,
personid nr, account nr, license nr, other nr seq, extra,
prof, edu, fam, sensitive

detailed iob O, B-firstname male, I-firstname male, ...

general
O, personal name, institution, geographic,
transportation, age, date, other

general iob O, B-personal name, I-personal name, B-institution, ...
basic O, S
basic iob O, B, I

Table 2: Tagsets in the models available in the plugin. O appears in all of them and marks the non-PI tokens. IOB
models have the same semantic categories as their base versions, but with the addition of marking the beginning and
inside of the span. See Megyesi et al. (2018) and Szawerna et al. (2025) for more details on the tagsets and models.

data automatically. New data is added by adding
the annotated texts in a specific folder, running the
Texty Python script, and, finally, running a custom
script that calculates word alignment and copies all
the relevant data to the frontend folder.

3.2 Functionality

In the interface, the user can choose one of the pre-
selected texts, which is then displayed. The user
can then visualize the high-level label distribution
of different methods with Textys, and inspect the
labels more closely in detail view.

The current interface loads static pre-computed
files, but this behavior may be changed in the future
— adding a proper backend could allow users to test
their own texts dynamically.

4 Case study

We use a sample text in order to better illustrate
the performance of our plugin and the visualization
tool. The text is a fictive personal story in Swedish,
i.e. it contains information that would be personal
if it referred to any natural person, and is structured
like a personal story.14

We obtained PI annotations from four different
tools: (a) GEMMA 2 9B (Gemma Team et al.,
2024), (b) HB DEID (Berg and Dalianis, 2019,
2021), (c) MICROSOFT PRESIDIO, (d) our plu-
gin. In the case of MICROSOFT PRESIDIO and HB

14The text can be found here: https://github.com/
mormor-karl/annotating-PI-with-SPARV

DEID we mapped these tools’ tagsets to the one
used by the general model in our plugin, and we
instructed GEMMA 2 9B to follow the same type
of annotation (one-shot prompting adapted from
Ilinykh and Szawerna (2025) with alterations for
a different tagset and enforcing a JSON output).
Importantly, using MICROSOFT PRESIDIO for a
language other than English requires additional
coding to enable the use of NER models for the lan-
guage in question. While MICROSOFT PRESIDIO

can be further customized (e.g. by adding rules),
we opted for trying to use it as ”out of the box” as
possible; the same is true in the case of prompts for
GEMMA 2 9B, which we did not engineer beyond
including our tagset in the aforementioned prompt
structure. We unified the output formats to follow
the requirements for inputs to the visualization tool.

Figure 1 shows the generated Texty images for
the annotated text. It is immediately visible that
GEMMA 2 9B predicts the most diverse categories,
followed by our plugin; upon closer inspection,
though, it can be noted that the models disagree
on which entities should be marked as other.
HB DEID only detects three categories, and MI-
CROSOFT PRESIDIO just one; in the web inter-
face of the visualization tool these are identified
as personal name, age and geographic for
the former and only geographic for the latter.

The detailed view — shown in Figure 2 — is
required to properly assess the performance of the
tools against each other, as that is where the anno-

https://github.com/mormor-karl/annotating-PI-with-SPARV
https://github.com/mormor-karl/annotating-PI-with-SPARV
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(a) GEMMA 2 9B (b) HB DEID

(c) MICROSOFT PRESIDIO (d) SPARV plugin

Figure 1: Texty visualizations for the sample essay for
each annotation tool. Colors represent PI of different
categories across the running text.

tated tokens are displayed. All of the tools agree
on the annotation of the geographic entities,
and all but MICROSOFT PRESIDIO correctly iden-
tify the ages and personal names present in the
text; here GEMMA 2 9B returns two false positives,
marking namn ‘name’ and 23 (which in the context
clearly refers to a time). Further differences be-
tween our Sparv plugin and GEMMA 2 9B concern
the institution and other categories. The
Sparv plugin is the only one to mark the foreign
languages polska ‘Polish’, engelska ‘English’, and
tyska ‘German’ as other, which is an expected
behavior. GEMMA 2 9B instead assigns this tag
to four time points (including midnatt ‘midnight’)
marking the daily routine of the person in the text;
while this was not overtly stated in the prompt, it
is interesting to see the LLM make this general-
ization, as this type of information could in some
cases lead to re-identification. Finally, GEMMA 2
9B also tags the three mentions of förskolan ‘the
kindergarten’ as institution. This is another
justified generalization on the LLM’s part, as the
Sparv plugin tends to only mark specific institu-
tions with that tag due to the way it was used in

Figure 2: Detailed view of annotation differences from
the visualization tool.

the training data (i.e. these would likely have been
tagged by the plugin if they mentioned the name of
the kindergarten). It is, however, worth pointing out
that a big part of the text describes the activities at
the kindergarten, meaning that if the type of work-
place were to lead to reidentification, more than
just ‘kindergarten’ would have to be handled. Inter-
estingly, none of the models marked förskollärare
‘kindergarten teacher’ as other (which is meant
to include professions).

Overall, the Sparv plugin and GEMMA 2 9B
are the clear forerunners for this text. Sparv is
somewhat more conservative and does not make
the same kinds of generalizations as GEMMA 2 9B,
but it does not return false positives either. Both
of these tools potentially miss some additional per-
sonal information, which highlights the importance
of using these to assist de-identification, but not
completely automatize it, as it is a high-stakes task
and no existing tool can guarantee 100% accuracy.

Another relevant point for comparison is the time
it takes the tools to annotate the data. Table 3 shows
the times we have measured, although they are not
fully comparable. HB DEID is a web-based demon-
strator and while the annotation seemed instanta-
neous, it then had to be manually transfered into
a machine-readable format. While Sparv and MI-
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Tool Time
Sparv plugin 15s

MICROSOFT PRESIDIO 10s
HB DEID -

GEMMA 2 9B 59s

Table 3: A comparison of time it takes to run the differ-
ent annotation tools.

CROSOFT PRESIDIO were run on one of our local
machines, GEMMA 2 9B was run on a server with
two GeForce RTX 2080 Ti GPUs. With that in
mind, our plugin seems to strike a good balance
between performance, speed, and hardware require-
ments, and therefore a clear winner when it comes
to sustainability and eco-friendliness, as the other
well-performing tool takes nearly four times longer
on better hardware.

5 Discussion and conclusions

We have presented SBX-PI, a new tool for personal
information detection and labeling for Swedish
texts which empowers researchers in Digital Hu-
manities, linguistics, Natural Language Processing
and other research domains dependent on access
to language data. SBX-PI functions as a plugin
for the text annotation tool SPARV. As such, its
functionality can be combined with a range of other
annotations. Our plugin is relatively lightweight
and fast for its performance. It does not require
extensive programming knowledge to use, but with
some knowledge of Python it can be easily modi-
fied. Such modifications may include allowing the
model to use different PI classifier models, poten-
tially extending its use beyond Swedish. Addition-
ally, framing this tool as a SPARV plugin makes it
easy to combine it in the future with plugins that
would carry out the second stage of anonymiza-
tion or pseudonymization (i.e. remove or replace
the personal information in the text), effectively
completing the de-identification pipeline, which
we consider as our future goals.

We have also introduced the (IM)PERSONAL

DATA visualization tool which can be used to il-
lustrate and qualitatively analyze the output of our
plugin and other PI detection and labeling models,
as well as to visualize the extent of research data
that needs to be manipulated before it is shared
with other researchers. This interface, which cur-
rently operates by displaying static files, has the
potential to be expanded with a backend to display

the performance of specific models on the go.

We have also performed a case study to demon-
strate our plugin’s performance and the usefulness
of the (Im)Personal Data visualization tool. We
have shown that our plugin performs noticeably
better on the text we tested than one of the most
popular openly available tools, MICROSOFT PRE-
SIDIO. It can detect a wider range of personal in-
formation than the HB DEID tool, and seems to be
less prone to false positives than the LLM GEMMA

2 9B, in comparison to which it is also much faster
and less resource-intensive.

We believe that our plugin and the visualization
tool can contribute to language resource construc-
tion by facilitating the de-identification procedures,
indirectly contributing to research in a variety of
fields which rely on such data, including but not
limited to linguistics, Digital Humanities, or Nat-
ural Language Processing. At the same time, our
tools will hopefully enable further research on NLP
methods for anonymization and pseudonymization.

The future directions include, among others, (1)
developing models for pseudonymization step (i.e.
for the generation of replacement equivalents for
the detected spans), and (2) developing solutions
that would offer an option for customizing which
subset of PI categories to replace, thus protecting
research data from being over-manipulated. The
two future steps address the duality of the problem:
ethical requirement to protect people in the data
versus the need of valid research data that is as
close to the original as it is legally and ethically
allowed.
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