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Abstract

The Korean legal system mandates public
access to court judgments to ensure judi-
cial transparency. However, this requirement
conflicts with privacy protection obligations
due to the prevalence of Personally Identi-
fiable Information (PII) in legal documents.
To address this challenge, we introduce K-
LegalDelD, a large-scale benchmark dataset
and an efficient KLUEBERT-CRF model for
de-identification for Korean court judgments.
Our primary contribution is a new large-scale
benchmark dataset spanning 39 legal domains,
with its quality is validated by a high inter-
annotator agreement (IAA) with Fleiss’ Kappa
of 0.7352. Our results demonstrate that a
lightweight KLUEBERT-CRF model, when
trained on our dataset, achieves state-of-the-
art performance with an entity-level micro F1
score of 0.9923. Our end-to-end framework of-
fers a practical and computationally efficient
solution for real-world legal systems.

1 Introduction

The Korean legal system has established a funda-
mental principle that court proceedings and judg-
ments must be transparent to ensure public trust
and accountability. Article 109 of the Korean Con-
stitution mandates that ‘the trial and judgment of
courts shall be open to the public,” with an excep-
tion allowing trials to be closed only if openness
might harm national security, public order, or good
morals. The objective of this constitutional provi-
sion is to guarantee transparency in judicial pro-
ceedings, thereby maintaining public trust in the
judiciary while simultaneously safeguarding the
rights of the parties involved in litigation.

The necessity of disclosing court judgments ex-
tends beyond mere constitutional compliance to
encompass broader societal benefits. Public access
to these documents enables citizens to understand
legal principles and precedents, supports academic

research and legal education, and facilitates effec-
tive monitoring of judicial decision-making. Fur-
thermore, the disclosure of judgments helps pre-
vent corruption and abuse of power within the ju-
dicial system, promotes equal access to legal in-
formation regardless of social or economic status,
and contributes to the development of legal tech-
nology by supplying essential data for Al-based
legal services and research.

However, several challenges impede the effec-
tive implementation of judgment disclosure in Ko-
rean legal documents. First, there exists an inher-
ent conflict between the constitutional mandate
for transparency and the obligation to protect Per-
sonally Identifiable Information (PII), including
names, resident registration numbers, addresses,
and other personal identifiers for not only parties
but also witnesses, victims, and various stakehold-
ers.

Secondly, most de-identification processes rely
on manual methods, which introduce significant
bottlenecks. Manual masking typically requires
approximately two weeks per document and sub-
stantial human resources, severely limiting the
scope and speed of judgment disclosure. Despite
existing guidelines for personal information pro-
tection, manual processing may yield inconsistent
results that vary in quality across cases and per-
sonnel. Only about 1.6 million judgment docu-
ments, approximately 5.97% of the total (Admin-
istration, 2019), have undergone de-identification,
highlighting the limited extent of automated or
systematic anonymization to date.

Korean courts have attempted to address these
challenges through automated systems, including
an ‘intelligent judgment de-identification system.’
However, this system performs poorly, achieving
only around 8% accuracy in identifying and mask-
ing PII (Administration, 2025). The limited effec-
tiveness of current automation stems from several
key technical challenges: the unique characteris-
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tics of Korean legal documents, linguistic chal-
lenges such as agglutinative morphology and ir-
regular spacing, and a severe shortage of high-
quality training data.

To overcome these challenges, we propose an
enhanced framework that combines KLUEBERT
with a Conditional Random Field (CRF) layer,
significantly improving PII detection and mask-
ing in Korean legal documents. To this end, we
introduce two new datasets—one comprising case
documents from 39 legal categories and another
comprising multi-turn conversations from Korean
SNS—and establish a unified 11-label PII anno-
tation scheme. Our method addresses the limita-
tions of existing systems by resolving ambigui-
ties in masking guidelines, and implementing an
end-to-end framework that ensures consistent en-
tity anonymization while maintaining document
coherence and legal relevance.

This paper provides evidence for the value of of-
fering de-identified legal documents and supports
further research in related domains. The main con-
tributions of this paper are as follows:

* We introduce the first large-scale, high-
quality benchmark dataset specifically de-
signed for de-identification for Korean court
judgments, comprising 46,973 annotated sen-
tences from 2,000 cases across 39 diverse le-
gal fields.

* The dataset’s integrity is validated by a
Fleiss’ Kappa score of 0.7352, indicating
substantial inter-annotator agreement and en-
suring consistent, trustworthy labeling.

We introduce an enhanced model architec-
ture, KLUEBERT-CREF, specifically designed
to handle Korean language and legal text
complexities such as agglutinative morphol-
ogy and intricate sentence structures.

* We present an end-to-end framework that
spans the entire de-identification pipeline,
demonstrating a practical pathway for
deploying automated, high-accuracy de-
identification for real-world environments.

2 Related Work

In this section, we review prior research in two key
areas relevant to our work: (1) the broader con-
text of de-identification across various domains,
and (2) specific challenges and methodologies for

de-identification in the legal domain. By analyz-
ing existing approaches, we identify the critical re-
search gaps that our work aims to address.

2.1 De-identification in General Domains

Automated de-identification is a well-established
research area, driven by privacy regulations such
as HIPAA in healthcare and GDPR in Europe.
Early approaches were predominantly rule-based,
relying on regular expressions and specialized dic-
tionaries to detect explicit identifiers (Sweeney,
2002; Gupta et al., 2004).

With the development of deep learning, re-
search shifted towards sequence labeling models
using contextual embeddings (Dernoncourt et al.,
2017), and fine-tuning large pre-trained language
models became the de facto standard for Named
Entity Recognition (NER) (Lee et al., 2020; Bog-
danov et al., 2024). More recently, the paradigm
has evolved towards Large Language Models
(LLMs), exploring generative approaches via in-
struction tuning or zero-shot prompting to address
data scarcity and generalization challenges (May-
hew et al., 2024; Wang et al., 2025).

Despite these advances, it remains challenging
to apply general methodologies to specific do-
mains (Szawerna et al., 2024; Larson et al., 2024).
While these approaches are effective in achieving
their specific objectives, they are not directly ap-
plicable to domains that require fine-grained se-
mantic distinctions and high-quality ground truth.

2.2 De-identification in Legal Domain

Research on de-identification in the legal domain
is still underexplored, despite presenting unique
challenges posed by complex sentence structures,
specialized terminology in documents like court
judgments.

Since few studies have addressed these domain-
specific characteristics, high-quality benchmark
datasets required to train and evaluate de-
identification models are also non-existent. Al-
though some studies utilize LLMs to generate syn-
thetic legal text dataset (Savkin et al., 2025), these
approaches struggle to replicate the strict formal-
ism and structural integrity of court judgments.
This lack of both domain-specific methods and re-
liable datasets indicates the need for a systematic
approach to build a legal-domain benchmark and
to design effective de-identification models.

In the context of Korean legal documents, these
challenges are compounded by the agglutina-
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tive nature of the Korean language, which intro-
duces morphological ambiguity and inconsistent
spacing, making accurate tokenization and entity
boundary detection particularly difficult. Thunder-
DelID (Hahm et al., 2025) is a framework designed
specifically for Korean court judgments. It pro-
vides a dataset for detecting PII in Korean legal
documents. While Thunder-DelD represents a sig-
nificant step forward, its scope has two notable
limitations. First, its dataset is specifically focused
on three types of criminal cases, including sexual
assault, assault, and fraud. Second, its annotation
scheme does not employ a BIO (Beginning, In-
side, Outside) tagging, which poses challenges in
delineating the boundaries of consecutively occur-
ring entities. This highlights the need for a more
comprehensive dataset that covers a wider range
of legal domains and an annotation approach suit-
able for robust entity boundary detection.

Our Position. Based on the limitations in prior
research, our work addresses the critical lack of a
comprehensive benchmark by introducing a large-
scale, high-quality dataset covering a wide spec-
trum of Korean legal categories. We emphasize the
dataset’s reliability, validated through rigorous an-
notation protocols and high inter-annotator agree-
ment. Our approach prioritizes the creation of a
foundational public resource and introduces an ef-
fective and practical solution for de-identification
within the Korean legal system.

3 Preliminaries

3.1 KLUEBERT-NER.

KLUEBERT is a pre-trained BERT model for the
Korean language (Park et al., 2021), distributed
under the CC BY-NC-SA 4.0 License. KLUE-
BERT is designed to perform eight Korean natu-
ral language understanding tasks, including topic
classification, semantic textual similarity, natural
language inference, named entity recognition, re-
lation extraction, dependency parsing, machine
reading comprehension, and dialogue state track-
ing. It employs a morpheme-based subword tok-
enization scheme which first tokenizes raw text
into morphemes using a morphological analyzer,
followed by applying Byte Pair Encoding (BPE)
(Sennrich et al., 2015). After building the vocab-
ulary, KLUEBERT uses only the BPE model dur-
ing inference, allowing word sequences to be to-
kenized to reflect morphemes without requiring a
morphological analyzer. This approach improves

both usability and processing speed.

3.2 Conditional Random Field.

A Conditional Random Field (CRF) is a popular
method for sequence labeling tasks. It learns an in-
dependent per-position classifier that maps each x
to ys, where y is a label vector, y = 4o, y1, - - -, Y7T-
The CRF models the conditional probability dis-
tribution p(y|x) directly. This modeling approach
ensures that dependencies involving only variables
in x do not affect the conditional model, allow-
ing for a much simpler structure compared to joint
models (Sutton et al., 2012).

4 Proposed Method
4.1 Datasets

Our training and test data are derived from a com-
bination of three distinct sources. The datasets
used are a multi-turn SNS conversation dataset,
our newly curated Court Judgment Dataset, and
publicly available Thunder-DelD Dataset (Hahm
et al., 2025). This integration yields a comprehen-
sive PII dataset of approximately one million in-
stances.

A key challenge is that court judgments must
be de-identified before public release, as mandated
by Supreme Court Regulations . To address this,
we develop a pipeline to process these documents
into a usable format. In addition, we collect and
process the SNS conversation dataset using a data
generation logic to further enhance our training
data. The following subsections detail our data
collection process, the masking rules applied, the
synthetic data generator, and the specific adjust-
ments made for each dataset.

4.1.1 Data Collection

We collect a total of 3,246,886 utterances, includ-
ing an SNS multi-turn conversation dataset, 2,000
case court judgments, and 4,500 sentences from
the Thunder-DelD Dataset. The combined dataset
consists of 1,091,998 instances, which are 908,422
of SNS, 138,576 of Court Judgement, and 45,000
of Thunder-DelD Dataset.

SNS Dataset This is the ‘Korean SNS Multi-
turn Conversation Data’ published on AI Hub!,
consisting of conversation data built around 9 con-
versation topics involving 2 or 3 participants in

!"This research used SN'S Multi-turn Conversation datasets
from ‘The Open Al Dataset Project (AI-Hub, S. Korea)’.
This data information can be accessed through ‘Al-Hub
(www.aihub.or.kr)’.
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multi-turn interactions. The topics are Health and
Food & Beverage, Economy and Society, Science
and Technology, Culture, Lifestyle, and Leisure,
Beauty and Fashion, Sports and E-sports, Travel
and Attractions, Politics, and Content preference.
Politics accounts for 1.84%, Economy and Soci-
ety for 21.68%, and the remaining topics each
comprise approximately 10%. Speaker composi-
tion ratios are 90.96% for two-person conversa-
tions and 9.04% for three-person conversations.
Court Judgment Dataset We collect court
judgment publicly available on the Ministry of
Government Legislation’s National Law Informa-
tion Center by legal field. We collect a total of
2,000 cases, with 50 cases each collected from
39 of the 44 classified legal fields (except for
civil law, which had 100 cases). To broadly en-
compass characteristics of case content—such as
crime scenarios and frequently occurring case
types that may vary by legal field—we collected
a mix of lower court and Supreme Court cases
across all fields except those with fewer than
50 publicly available cases: Part 2 (National As-
sembly), Part 12 (Civil Defense - Firefighting),
Part 22 (Tobacco - Ginseng), Part 29 (Industrial
standards - measurements) and Part 44 (Foreign
Affairs). For precedents with overlapping case
numbers, the final version from the lower court
was selected to maintain consistency.
Thunder-DeID Dataset (Hahm et al., 2025)
Thunder-DelD Dataset, created by the Graduate
School of Data Science at Seoul National Univer-
sity, is designed for the de-identification within
Korean court judgment available under the CC
BY-NC-SA 4.0 License. It consists of a labeled
court judgment dataset and a named entity list
dataset. The Thunder-DelD Dataset comprises a
total of 4,500 sentences, with 1,500 sentences for
each of the three case types: sexual assault, assault
and fraud. This dataset provides 27,402 annotated
PII entities labeled with 595 unique placeholders.

4.1.2 Data Masking Rule

To ensure both regulatory compliance and anno-
tation consistency, we develop a unified annota-
tion scheme for de-identification. A primary re-
quirement is adherence to the Supreme Court Ad-
ministrative Office’s ‘Standards for Anonymiza-
tion for Viewing and Copying Judgment’?. Be-
cause datasets such as SNS conversations from Al

2Supreme Court Trial Regulation No. 1778 revised on Au-
gust 9, 2021.

Hub use their own distinct PII masking schemes,
we implement a standardized process to transform
all collected data to conform to our new annotation
framework.

We prepare an initial annotation scheme us-
ing entity categories that meet the document
‘Standards for Anonymization for Viewing and
Copying Court Judgments’, while also being
deemed capable of appropriately segmenting the
types of PII within the content of the court judg-
ment data. In addition, through multiclass preci-
sion, recall, and F1 score analysis, we merge en-
tity categories that exhibited high confusion, such
as school and department, company and business
division, and URL and web-mail. Finally, we es-
tablish a BIO annotation scheme comprising 11
types of PII, as follows: name, address, num-
ber, bank name, account number, security code,
school, company, URL, email, ID. This entity cat-
egory functions as a placeholder, and data corre-
sponding to each category is inserted by the syn-
thetic data generator.

4.1.3 Synthetic Data Generator

To generate appropriate data for each PII category,
a dedicated generator is required for each cate-
gory. Considering that the data consists of Korean
court judgment texts, these generators are created
based on Korean statistical data. Datasets for sur-
name, given name, address, school, department,
company, work department, URL, and bank name
are constructed using information collected from
sources such as Statistics Korea. Additionally, data
generation logic is implemented for each of the
following: ID, email, phone number, account num-
ber, and security code. This logic ensures that the
generated data conforms to formats used in Korea
while maintaining randomness.

The data generation process is performed as
shown in Figure 1. Structural alignment is first ap-
plied to the SNS Dataset via category specializa-
tion and to the Thunder-DelD Dataset via category
aggregation, ensuring they share the same annota-
tion scheme as the Court Judgment Dataset. When
a PII placeholder (#@(\w+)#) is detected in each
dataset, contextually appropriate synthetic data is
inserted using the generator corresponding to that
PII category. Then, the PII category type and its
start and end indices are added to the label infor-
mation. This data is then aligned and BIO-labeled
at the token level using the KLUEBERT tokenizer.
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SNS S
Category Specialization

Rawtext: Ui #@Financial#= &2st7

Specialized Text: U #@Account _number#2 $2647

{
sentence: “LHi 35215214121762 £36H7",
spans: [{label: “Account_number”, start: 2, end: 14}]

Court

Judgement

Structure Integration
& Data Generation

Rawtext: I| 1= #@Company#2t ALo|of HIZE ...

{
sentence: “I| 1= FAZAL AEBA|ZES} ALO|0| HIZE!--",
spans: [{label: “Company”, start: 4, end: 14}]

‘

Thunder

Category Aggregation

Rawtext: T|19I2 TS Sokt <<<Administrative -town>>>B
<<</Administrative _town>>>0{| l:=...

{
sentence: “I|TQI2 M5 Kot HUZ 100 =",
spans: [{label: “Address”, start: 12, end: 17}]

TokenID:‘ 0 ‘ ‘ 8305 ‘ ‘ 2259 ‘ ‘ 13545 ‘ ‘ 3791 ‘ ‘ 2498 ‘ ‘ 2067 ‘ ‘ 5126 ‘ ‘ 2522 ‘ ‘ 3734 ‘

BlOlabeling Token : ‘ [cLs] ‘ ‘ nn ‘ ‘ #He ‘ ‘%wél*r‘ ‘##ﬁ‘ ‘ ##z ‘ ‘ ##A ‘ ‘##gg‘ ‘ e ‘ ‘ Aol ‘
. B - - - -

Label: | o || 0 || 0 || oot | comans | | comns| | comen| | comen] | O || O |

Figure 1: Data Generation and BIO labeling

4.1.4 SNS PII Dataset

The SNS multi-turn dataset has its own anno-
tations, which we transform into a format com-
patible with our scheme. We retain categories
that directly matched our method, such as names
and phone numbers. For categories with broader
scopes—Ilike finance, affiliation, and account—we
subdivide them into our more granular labels. This
subdivision is processed in batches using Ope-
nAI's GPT-4o0-mini. After filtering out sentences
that lacked PII, we collect the correctly processed
data along with existing data that did not require
subdivision. This process yields a total of 908,422
sentence-level instances, containing 970,129 PII
entities.

4.1.5 Thunder-DelID Dataset

The Thunder-DelD Dataset presents several inte-
gration challenges, as it used a different annotation
scheme and tokenizer.

Therefore, a pre-processing step is re-
quired to integrate it into our dataset. The
Thunder-DelD Dataset placeholders are {O0:
‘IT_company’, 1: ‘O’, 2: ‘internet_café’,..., 594:
‘mobile_phone_case_store’ }. We classify its 595
placeholder types according to our 11 categories
and match them using a custom ‘Thunder-To-
Ours’ mapping rule (e.g., ‘IT_company’ —
‘company’, ‘internet_café’ — ‘address’, ...,
‘mobile_phone_case_store’” — ‘address’). Ad-

ditionally, this integration is necessary because
Thunder-DelD uses a custom tokenizer (Mecab-
ko + BPE) and a simple tagging scheme, whereas
our approach uses the KLUEBERT wordpiece
tokenizer and a BIO annotation scheme.

We align the tokens to match the differences
with our tokenizer and restructured the labels of
each dataset to the BIO format, making them
compatible for integration into our dataset. Fi-
nally, a total of 4,500 sentence-level instances are
constructed, containing 27,402 PII entities in the
dataset. However, the resulting 4,500 sentence-
level instances were significantly fewer than the
other two datasets. To address this data imbal-
ance, we expanded the dataset to 45,000 instances
through data augmentation using placeholder re-
placement. In contrast to Court Judgement dataset,
the entity distribution is concentrated in three spe-
cific fields (57.5%, 21.6%, and 20.9%, respec-
tively). About the details about data augmenta-
tion of Thunder-DelD Dataset, please refer to Ap-
pendix E.

4.1.6 Court Judgment PII Dataset

We create the Court Judgment PII Dataset by
collecting court judgments published by the Na-
tional Law Information Center and processing
them according to our annotation scheme. Dur-
ing this process, eight annotators follow annota-
tion guidelines based on the Court Administra-

2312



tion Office’s anonymization standards and provide
mutual feedback to improve the agreement be-
tween annotators. To measure this inter-annotator
agreement (IAA), we calculate the Fleiss’ Kappa
score (Landis and Koch, 1977). This metric sta-
tistically measures the agreement among three or
more evaluators on categorical data. The measured
Fleiss’ Kappa score is 0.7352, indicating substan-
tial agreement according to the standard interpre-
tation of the scale. This high level of consistency
among annotators signify the reliability and qual-
ity of the data labeling. Finally, we construct a
dataset of 138,576 sentence-level instances from
2,000 court judgments, containing 51,245 PII en-
tities. The distribution of these entities across the
39 law fields is more balanced and covers more
diverse fields compared to the prior work. For de-
tailed statistics and distribution figures, please re-
fer to Figure 3 in Appendix H.

4.2 KLUEBERT-CRF

The de-identification for court judgment can be
defined as a Named Entity Recognition (NER)
task that accurately detects entity boundaries by
understanding the context of entire sentences. Ko-
rean, being an agglutinative language, has am-
biguous word boundaries, and legal documents
feature complex syntactic structures composed of
long sentences and specialized terminology. To
effectively handle these domain characteristics,
we adapt KLUEBERT—a pre-trained transformer
encoder model trained on Korean corpora (Park
et al., 2021)—as our baseline. However, KLUE-
BERT alone struggles to sufficiently reflect inter-
token dependencies, leading to errors such as im-
possible tag transitions (e.g., ‘I-’ tag following
‘0’) or inconsistent labeling of the same entity.
Consequently, even with high token-level micro
F1 scores, a single misplaced boundary degrades
the Entity-level Micro F1 score.

To address this issue, we add a Conditional Ran-
dom Field (CRF) layer (Zheng et al., 2015) on top
of the final hidden layer. CRF learns not only the
classification probability of each token but also the
transition probability between adjacent labels, en-
suring the consistency of the entire sequence. Fur-
thermore, by employing global decoding using the
Viterbi algorithm, we exclude logically impossible
label sequences in the BIO tagging scheme (e.g.,
‘B-name’ followed by ‘I-address’), reducing er-
rors such as incorrect boundaries (‘O’ followed by
‘I-’ tag) and inconsistent labeling. As a result, the

entity-level micro F1 score is improved by 2.98%.

Additionally, after training evaluation, we con-
duct an analysis of cases where the model in-
correctly tokenized and resulted in incorrect BIO
labeling. We select 26 pieces of vocabulary that
could potentially be PII from tokens that caused
errors in approximately 5% of cases (600 out of
11,653). These pieces of vocabulary are duplicates
in the tokenizer’s vocabulary due to incorrect tok-
enization in the same cases. We add these terms as
properly tokenized units to the model’s vocabulary
and fine-tuned our model accordingly.

Our KLUEBERT-CRF model, with approx-
imately 110 million parameters, features a
lightweight structure compared to other models
in the legal domain. Compared to Thunder-DelD
model (360M parameters), its smaller size approx-
imately 68% offers practical advantages in mem-
ory usage during deployment in court systems.

4.3 End-to-End Masking Framework

For each PII symbol, synthetic data is inserted
based on statistical data to construct a PII dataset,
and the KLUEBERT-CRF model is trained us-
ing this dataset. When a court judgment document
is provided into the model, it identifies entities
within the documents that could be identified as
PII. PII with specific patterns (e.g., resident reg-
istration numbers, vehicle registration numbers)
undergoes secondary filtering using regular ex-
pressions to detect PII within the document. The
detected PII is then masked in accordance with
court anonymization regulations. Specifically, to
preserve the semantic consistency of the doc-
ument, identical PII entities appearing multiple
times within the same document are replaced with
the same unique masking symbol. Finally, the de-
identified court judgment document is provided.

S Experiments

5.1 Experiment Setting

Dataset. We use our PII dataset described in sec-
tion 4.1 for training and test. To ensure a fair eval-
uation and prevent data leakage for the Thunder-
DelD dataset which is performed augmentation,
we split the dataset based on the unique identi-
fiers of the original source sentences. The dataset
is divided into 70% train, 20% validation, and 10%
test.

Models and Baselines. We fine-tune five models,
KLUEBERT (baseline), KLUEBERT-CRF, with
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Model # of Token Token Entity Entity Overlap Intermediate
ode parameters Binary F1 Micro F1 Binary F1 Micro F1 F1 F1
KLUEBERT 110M 0.9942 0.9906 0.9509 0.9451 0.9753 0.9739
Kanana-1.5 2.1B 0.5354 0.2889 0.4504 0.2495 0.3148 0.3112
Qwen-2.5 1.5B 0.6931 0.5863 0.5425 0.5233 0.6531 0.6074
Thunder-DelD 360M 0.9970 0.9929 0.9614 0.9608 0.9850 0.9844
KLUEBERT-CRF (Ours) 110M 0.9989 0.9988 0.9925 0.9923 0.9952 0.9951

Table 1: Performance comparison on the combined dataset (3 Datasets). Our model, KLUEBERT-CRF, demon-

strates superior performance across all metrics.

110M parameters, Kanana-1.5-2.1b (Team et al.,
2025), a bilingual LLM, Qwen-2.5-1.5b (Team,
2024), a multilingual LLM, and the Thunder-
DeID (Hahm et al., 2025), encoder-only model
initially fine-tuned through Thunder-DelD dataset.
For more details, please refer to Appendix I.
Evaluation Metrics. We use six metrics to eval-
uvate the performance of the models includ-
ing token-level binary F1, token-level micro F1,
entity-level binary F1, entity-level micro F1 (same
as strict F1) (Dernoncourt et al., 2017; Takahashi
et al.,, 2022), overlap F1, and intermediate F1
(Segura-Bedmar et al., 2013).

The binary F1 metrics measure the model’s abil-
ity to correctly classify whether tokens or entities
contain PII, without considering the specific types
of PII. In contrast, the micro F1 metrics measure
the model’s ability to correctly classify the specific
types of PII that tokens or entities represent.

These metrics are applied at both the token and
entity levels. In the case of entity-level F1 met-
rics, the micro F1 deems a prediction correct only
when both the exact boundary span and the spe-
cific entity type match the ground truth, whereas
the binary F1 evaluates whether the exact bound-
ary span matches and the entity is correctly classi-
fied as PIL.

The overlap F1 considers a match valid if there
is any boundary overlap with a ground-truth en-
tity of the same type, whereas the intermediate F1
requires at least 50% token overlap for a match.

5.2 Main Result

Table 1 shows the performance of our models
compared to other three models, KLUEBERT,
Thunder-DeID (360M), Kanana-1.5, and Qwen-
2.5. We train each model on a combined training
set consisting of three datasets and evaluate them
on a test set that also includes all three datasets.
The results show that our model consistently out-
performs the other models in all metrics we used.

The token-level F1 scores demonstrate that in-
corporating a CRF layer structure to KLUEBERT
and expanding the tokenizer with legal domain-
specific vocabulary improves PII token classifica-
tion performance relative to the baseline KLUE-
BERT model. Furthermore, examining the entity-
level, overlap, and intermediate F1 scores reveals
that clearly distinguishing each PII entity and
identifying boundaries between entities demon-
strates improved performance.

5.3 Robustness to Unseen Data

We further investigate the quality of our proposed
dataset by assessing its ability to generalize to un-
seen data. To this end, we evaluated our model,
trained on Court Judgment and SNS datasets (ex-
cluding Thunder-DelID), on the Thunder-DelD
test set. We compare its performance against the
Thunder-DeID model, which serves as a refer-
ence benchmark for expected performance having
been trained on its native Thunder-DelD dataset.
Achieving performance comparable to this native
baseline demonstrates that the diversity and qual-
ity of our dataset enable models to be robust even
on specialized, previously unseen legal texts.
Table 2 presents the performance degradation
when tested on Thunder test dataset. This perfor-
mance gap is natural as the baseline (Thunder-
DelD) was trained on its dataset. Furthermore, this
gap is also attributable to the interpretations and
applications of the masking guidelines. While both
our method and the Thunder-DeID aim to follow
the official guidelines®, our approach employs a
different annotation scheme and data processing
methodology. Despite these constraints, the fact
that our model maintains performance comparable
to the native baseline validates the robustness and
generalization capability of our proposed dataset
on unseen data. A score of ‘-’ indicates a value less

3Supreme Court Trial Regulation No. 1778 revised on Au-
gust 9, 2021.
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Only Thunder-DelD Dataset

Model
# of Token Token Entity Entity Overlap Intermediate
parameters Binary F1 Micro F1 Binary F1  Micro F1 F1 F1
Thunder-DelD 360M 0.9472 0.9223 - - 0.3682 0.3682
KLUEBERT-CRF (Ours) 110M 0.9268 0.9299 0.4201 0.3658 0.4484 0.4421

Table 2: Performance of our models on the Thunder-DelD test set after being trained exclusively on our proposed
dataset. The performance drop is due to the differing masking guidelines between the two datasets.

Model # of Token Token Entity Entity Overlap Intermediate
¢ parameters Binary F1 Micro F1 Binary F1  Micro F1 F1 F1
KLUEBERT 110M 0.9916 0.9861 0.9509 0.9451 0.9753 0.9739
Kanana-1.5 2.1B 0.2870 0.0803 0.0556 0.0192 0.1436 0.1432
Qwen-2.5 1.5B 0.4826 0.3328 0.2636 0.1997 0.4020 0.3900
Thunder-DelD 360M 0.9982 0.9979 0.9052 0.8934 0.9062 0.9044
KLUEBERT-CRF (Ours) 110M 0.9998 0.9997 0.9935 0.9928 0.9946 0.9946

Table 3: Performance comparison on the Thunder-DelD dataset only. Our model shows robust performance, out-

performing the original Thunder-DeID model on its own data.

than 0.01, due to low entity recognition capability.

5.4 Comparative Analysis

To further analyze the impact of our diverse
dataset and to demonstrate the model’s gener-
alization capability, we train our KLUEBERT-
CRF model on the full combined dataset, and
then evaluate the performance exclusively on the
Thunder-DelD test dataset. After that, we compare
it against other models. More individual test re-
sults are in Appendix D.

As shown in Table 3, our model, when trained
on the comprehensive combined dataset, sig-
nificantly outperforms the native Thunder-DelD
model on its own test data. This result demon-
strates two key points. First, it confirms that the
performance drop observed in the robustness test
was indeed due to the domain shift and differing
annotation schemes, not a fundamental limitation
of our dataset. Second, it highlights the benefit of
training on a more diverse and larger-scale dataset.
By incorporating data from various legal fields and
conversational contexts, our model learns a more
generalized representation of PII, enabling it to
achieve superior performance even on specialized,
narrowly focused datasets.

5.5 Qualitative Analysis

The confusion matrices in Appendix C demon-
strate the model’s robust classification capabil-
ities, indicating consistent accuracy across all
datasets with minimal inter-class confusion.

6 Discussion

A key contribution of our work is the introduc-
tion of a high-quality benchmark dataset, which
addresses a critical data scarcity issue in the Ko-
rean legal tech landscape. By enabling researchers
and practitioners to develop and validate robust
de-identification models, our dataset can help au-
tomate a process currently dominated by manual
labor. This automation is necessary for increasing
the public availability of court judgments, which
will enhance judicial transparency.

7 Conclusion

In this paper, we propose a BERT-based frame-
work to address the challenge of automated de-
identification for Korean court judgments, balanc-
ing judicial transparency with privacy protection.
Our primary contribution is the creation of a large-
scale PII dataset of approximately one million in-
stances, constructed by combining a new, com-
prehensive Korean legal document dataset with
SNS conversation dataset and the Thunder-DelD
dataset. The legal dataset, spanning 39 legal fields,
demonstrates high quality and reliability, vali-
dated by a Fleiss’ Kappa score of 0.7352 for
TIAA. Experimental results show that our proposed
KLUEBERT-CRF model, trained on this diverse
dataset, achieves state-of-the-art performance, set-
ting a new benchmark for de-identification for Ko-
rean legal documents.
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Limitations

Supreme Court Regulation

According to Supreme Court regulations, we can-
not access the original (non-anonymized) court
judgments. To address this limitation, human an-
notators processed anonymized court judgment by
annotating PII entities and inserting synthetic data
into the masked placeholders by our synthetic data
generator. However, this synthetic data cannot per-
fectly replicate the characteristics of actual origi-
nal court judgments. Furthermore, without access
to the original court judgments, we cannot con-
duct comparative experiments to analyze the dif-
ferences between the original and our processed
court judgments. To minimize these limitations,
we plan to analyze dependencies between PII en-
tities and refine our synthetic data generator to
achieve greater precision.

Generalizability and Resources Adaptation.

While the proposed data processing pipeline and
model architecture are fundamentally language-
agnostic, the current implementation utilizes re-
sources specialized for the Korean language, such
as KSS for sentence segmentation and KLUE-
BERT for embedding. Therefore, extending this
framework to other languages does not require
structural changes but necessitates the substitu-
tion of these language-specific components with
equivalent tools suitable for the target language.
For example, it is possible to replace tools like the
Korean sentence segmenter (KSS) with multilin-
gual tools (e.g., spaCy, NLTK) and swap KLUE-
BERT with language-specific encoders suitable
for the target language (e.g., UmBERTo(Parisi
et al., 2020) for Italian, RoOBERTa(Liu et al., 2019)
for English, CamemBERT (Martin et al., 2020) for
French).
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Appendix

A Prompt on Category Specialization

A.1 Scheme of Prompt on GPT-40-mini

(a) Original Prompt (Korean)

—_

"role": "system",

"content": "= FFo|Z ThslofA mt
~7)E giA9) RAE BADe el
+ AI assistanto. nfAZ) = 7 hoj=
AAQ] FRAYTE AA 2}t WS 1y
5ol A28 AR E Tl Tol 2 A
A

1
{
"role": "user",
"content":
"T1: ZFEAb] S-S SfiE}
T1: A=
T2: o] 2] A5 332
T2: YA -T2
T3: A usff=t
T3: FER177
T4: TNHG . #@ A Z4"
}

A.2 Example of Prompt Response on
GPT-40-mini

{
"id": "batch_req_68354c936464-8190bba6-

40c370e198e2",
"custom_id": "request-18",
"response”: {

"body": {

"choices": [{

"index": 0,

"message": {
"role": "assistant",
"content": "'department"’,

"refusal": null,

b
H,
}
)

"error": null

}

B Prompt on Kanana-1.5

B.1 Scheme of Prompt on Kanana-1.5

(b) Translated Prompt (English)

(a) Original Prompt (Korean)

{

"role": "system",
"content": "You are an Al assistant that gene-
rates pseudonymized information strings for
masked positions in a given conversation.
The original masked words represent specific
information. Generate the pseudonymized
information as a natural single word,
considering the entire conversation context."

bl

{

n,on

"role": "user",
"content":
"T1: Call the credit card company.
T1: Now
T2: It was written on the website.
T2: Visit a branch in person
T3: Give them a call
T3: To check whether the suspension has
been lifted yet.
T4: Customer Number. #@affiliation#"

g AA: Fold FAe)H BE A
49 AREIE Fobd, 2 Ple] 7,

A Qe B QIEAE JSON §Al0%

Z &34 8.
#a# A ()
et T ()

(b) Translated Prompt (English)

#+4 4 Instruction: Find all personally identi-
fiable information (PII) in the given sentence
and extract each PII’s type, start index, and
end index in JSON format.

### Input: {}

### Response: {}

B.2 Example of Prompt Response on
Kanana-1.5

(a) Original Prompt (Korean)

2318



b AN Foll BAOlH BE A
A HREPIE FobA, 2t Pe| 7.
A QIELs, B QIEAE JSON G402
F2oH4 9.

## 9 FAAEO 2. 39l
A7\ oA g 10014 A 8)xbe
Zof vt & sk Avtoltt.

kel
—

#H## T [{"label": address, "start"
23, "end": 29}, {"label": company, "start":
33, "end": 44}]

(b) Translated Prompt (English)

#+#+ Instruction: Find all personally identi-
fiable information (PII) in the given sentence
and extract each PII’s type, start index, and
end index in JSON format.

##4 Input: Summary of the Indict-
ment. The defendant is the person operating
‘Double S Medical Corporation’ at 10 Bubal-
eup, Icheon-si, Gyeonggi-do.

### Response: [{"label": address, "start":
23, "end": 29}, {"label": company, "start":

33, "end": 44}]

C Qualitative Analysis

Confusion matrix of KLUEBERT-CRF on the
main result, the robustness result and the abla-
tion study result. The main results were tested on
a mixed dataset comprising all three datasets for
both the train and test datasets. The robustness re-
sults were tested on a mixed dataset of the two
datasets excluding the Thunder-DeID Dataset for
the train dataset, and the Thunder-DelD Dataset
for the test dataset. The ablation study results were
tested on all three datasets for the train dataset and
the Thunder-DelD Dataset for the test dataset.

In the confusion matrix for figure 2a, 2b, and 2c,
respectively, the vertical axis represents the actual
labels, and the horizontal axis represents the pre-
dicted labels. Therefore, the numbers on the di-
agonal indicate cases where the predictions match
the actual labels, while the other numbers indicate
cases where the predictions do not match the ac-
tual labels. This helps to analyze how each label
tends to be incorrectly classified into other labels.

2319

nnnnnn
name 2 0 0 0 0 [ 0 4 0 0
100,000
school- 1 8 0 0 0 3 0 0 [ 0 o000
30000
20000
company- 2575
0000
address-

phone
number

URL-

True Label

account
number

bank- 0 0 7 0 0 0 o 207 o 0 0
security

ot e 0 2 1 0 0 0 o NEEM o 0

e-mail- 0 0 0 0 0 0 0 0 0 0

D- 0 0 0 0 0 0 0 0 0 [ 1200

K s

< o A & & A o R A\

R v aSe o elge o«
o o

Predicted Label

(a) In the case of train on three dataset and test on three
dataset.

name 0]

school- 0 BEEF) 0 0 0 0 0 0 0 0

company- 0 o o o o 0 20 [ 0 0
address- 42 n o o 8 0 0 0
phone _ 5

number

URL- 0 4 0 0 0 0 0 0 0 0 0

True Label
1unoy

account
number

bank- 0 0 o o o o 0 1 0 0 0

security_
ode” 0 4 2 4 o 0 0 0 0 0

e-mail- 0 0 0 o o [ 0 0 0 0 0

(RN 0 0 0 0 [ 0 0 0 0 0

o e W o
@ o @ o R o S e §
T T e Ve e

& o

Predicted Label
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(c) In the case of train on three dataset and test on the
Thunder-DelD dataset.

Figure 2: Per class analysis.



Model # of Token Token Entity Entity Overlap Intermediate
ode parameters Binary F1 Micro F1 Binary F1 Micro F1 F1 F1
KLUEBERT 110M 0.9946 0.9924 0.8208 0.8110 0.9109 0.9015
Thunder-DelD 360M 0.9964 0.9952 0.9297 0.9255 0.9561 0.9552
KLUEBERT-CRF (Ours) 110M 0.9981 0.9981 0.9447 0.9438 0.9536 0.9518
Table 4: Performance comparison on the individual dataset (Court Judgement PII Dataset).
Model # of Token Token Entity Entity Overlap Intermediate
ode parameters Binary F1 Micro F1 Binary F1 Micro F1 F1 F1
KLUEBERT 110M 0.9961 0.9928 0.9813 0.9810 0.9926 0.9922
Thunder-DelD 360M 0.9964 0.9871 0.9645 0.9643 0.9882 0.9877
KLUEBERT-CRF (Ours) 110M 0.9988 0.9986 0.9945 0.9945 0.9973 0.9972
Table 5: Performance comparison on the individual dataset (SNS PII Dataset).
Model # of Token Token Entity Entity Overlap Intermediate
ode parameters Binary F1 Micro F1 Binary F1 Micro F1 F1 F1
KLUEBERT 110M 0.9916 0.9861 0.8047 0.7679 0.8903 0.8848
Thunder-DeID 360M 0.9982 0.9979 0.9052 0.8934 0.9062 0.9044
KLUEBERT-CREF (Ours) 110M 0.9998 0.9997 0.9935 0.9928 0.9946 0.9946

Table 6: Performance comparison on the individual dataset (Thunder-DelD Dataset).

D Experiment Results for Individual
Dataset

We conducted a detailed performance breakdown
for each individual dataset to ensure transparency
and reproducibility. Table 4, 5, and 6 show the in-
dividual test results for the Court Judgment, SNS,
and Thunder-DelD datasets, respectively.

E Performance comparison of data
augmentation

We would like to clarify our data processing strat-
egy regarding "augmentation." For our primary
datasets (Court Judgment and SNS), we did not
apply data augmentation (i.e., generating multi-
ple synthetic variations for a single instance to in-
crease dataset size). Instead, we performed a 1:1
replacement, where each masked placeholder in
the source text was replaced with a single contex-
tually appropriate synthetic entity to construct the
training data. This approach was chosen to pre-
vent the model from overfitting to specific sen-
tence structures, which can occur with excessive
augmentation.

However, for the Thunder-DelD dataset, we
applied data augmentation by generating multi-
ple synthetic variations for the PII placeholders

to enhance the diversity of this relatively smaller
dataset. So, we conducted an comparative anal-
ysis to analyze the performance change on the
Thunder-DelD dataset with and without this aug-
mentation. The experimental results are currently
shown in Table 7, 8, 9, and 10.

As demonstrated in these tables, applying data
augmentation generally yields consistent perfor-
mance improvements. However, an exception is
observed in the individual test on the Court Judg-
ment PII Dataset (Table 8), where the performance
slightly decreases after data augmentation. This
specific gap is attributable to the interpretations
and applications of the masking guidelines be-
tween Court Judgement PII Dataset and Thunder-
DelID Dataset. While both our method and the
Thunder-DelID aim to follow the official guide-
lines*, our approach employs a different annota-
tion scheme and data processing methodology.

F KSS

KSS is a Korean string processing suite that pro-
vides various functions for processing Korean
strings. We used this to segment the annotated case
court judgement data from the case level to the

*Supreme Court Trial Regulation No. 1778 revised on Au-
gust 9, 2021.
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Model # of Token Token Entity Entity Overlap Intermediate
ode parameters Binary F1 Micro F1 Binary F1 Micro F1 F1 F1
KLUEBERT-CRE 5y 09977 09970 09836 09808  0.9892 0.9887
w/o augmentation
KLUEBERT-CRE 5y 09989 09988 09925 09923  0.9952 0.9951
w/ augmentation
Table 7: Performance comparison of data augmentation on Combined Dataset.
Model # of Token Token Entity Entity Overlap Intermediate
ode parameters Binary F1 Micro F1 Binary F1 Micro F1 F1 F1
KLUEBERT-CRE 5\ 09986 09985 09711 09703  0.9792 0.9771
w/0 augmentation
KLUEBERT-CRF 110M 0.9981 0.9981 0.9447 0.9438 0.9536 0.9518

w/ augmentation

Table 8: Performance comparison of data augmentation on Court Judgement PII Dataset.

Model # of Token Token Entity Entity Overlap Intermediate
ode parameters Binary F1 Micro F1 Binary F1  Micro F1 F1 F1
KLUEBERT-C.RF 110M 0.9987 0.9985 0.9943 0.9943 0.9971 0.9971
w/o augmentation
KLUEBERT-CRE 5y 09988 09986 09945 09945  0.9973 0.9972
w/ augmentation
Table 9: Performance comparison of data augmentation on SNS PII Dataset.
Model # of Token Token Entity Entity Overlap Intermediate
ode parameters Binary F1 Micro F1 Binary F1 Micro F1 F1 F1
KLUEBERT-CRE 09955 09934 09231 09031  0.9451 0.9422
w/0 augmentation
(KLUIEEIER 110M 0.9998 0.9997 0.9935 0.9928 0.9946 0.9946

w/ augmentation

Table 10: Performance comparison of data augmentation on Thunder-DelD Dataset.

sentence level. The parameter settings for the sen-
tence segmentation function used are as follows.

split_sentences (

text: str,

backend: str = "mecab",
num_workers: str = "auto" ,
strip: bool = True,
ignores: List[str] = None,

G Annotators

Eight annotators, including the author, con-
tributed to the annotation process over 2 weeks.
We informed the annotators that the processed
data would be used for court judgment de-
identification. To determine appropriate compen-
sation, the author completed preliminary tasks be-

fore employment to estimate the time require-
ments, and the pay was set based on this assess-
ment. Annotators received 1,000 KRW per court
judgment case. Considering their average working
hours, their pay was higher than the legal mini-
mum wage (10,030 KRW per hour), so we con-
sider it appropriate.

H Distribution Details

We provide the specific distribution of PII entities
across each legal domain. Figure 3a presents the
PII entity distribution across the 39 legal domains
in our court judgment dataset. Figure 3b presents
the entity distribution across the three types of
court cases in the Thunder-DelD dataset.
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(a) Distribution of PIl Entities in the Court Judgement Dataset
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(a) The entry distribution in our Court Judgment dataset.
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(b) Distribution of PIl Entities in the Thunder-DelD Dataset
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Figure 3: Distribution of PII entities in the Court Judgment and Thunder-DelD datasets.

I Fine-tuning

We fine-tune KLUEBERT-CRF, KLUEBERT,
Thunder-DelD, Kanana-1.5, and Qwen-2.5 on PII
Entity Recognition task using the dataset split
for train, validation, and test described in section
4.1. We fully fine-tune KLUEBERT-CRF, KLUE-
BERT, and Thunder-DelID and we LoRA fine-tune
Kanana-1.5 and Qwen-2.5, setting hyperparame-
ters while considering hardware capacity. More
details about model specifications and hyperpa-
rameter are described in Table 11

J Annotated Data Sample

In this section, we present the Figure 4 and 5
the sample of both publicly available anonymized
court judgement and the court judgement an-
notated by our annotators. We convert PII to
unique symbols in our annotation scheme. The at-
tached court judgment is an excerpt from "2014
7}8138116". In publicly available anonymized
court judgments, words that would be PII if not
anonymized were replaced with symbols accord-
ing to the annotation scheme.
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KLUEBERT-CRF

Aspect (ours) KLUEBERT  Thunder-DeID Kanana-1.5 Qwen-2.5
Model Specification

# of Parameters 110M 110M 360M 2.1B 1.5B
Hidden Dimension 768 768 1,024 1,792 1,536
Hidden layers 12 12 24 32 28
Attention Head 12 12 16 24 14
Vocabulary Size 32,026 32,000 32,000 128,259 151,936
Fine-tuning

Hardware 2x RTX 8000 2x RTX 8000 2x RTX 8000 2x RTX 8000 2x RTX 8000
Duration 24 hours 24 hours 24 hours 3 days 4 days
Learning Rate 3e-5 3e-5 3e-5 2e-5 3e-5
Batch Size 32 32 8 4 16

Seq Length 512 512 512 512 512
AdamW Weight Decay 0.02 0.01 0.01 0.01 0.01
AdamW Betas B =1(0.9,0.999) 8=10(0.9,0.999) [=(09,0999) [=(0.9,0999) [=(0.9,0.999)
LoRA tuning

LoRATr - - - 16 8
LoRA Alpha - - - 32 16
LoRA Dropout - - - 0.05 0.05
LoRA Target Modules - - - a, v, k, o, gate, g v, k; o, gate,

up, down_proj

up, down_proj

Table 11: Detailed report of used models.
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An example of publicly available anonymized court judgement

(2]

2 2= ERI0| QEUIS J|HoR Sl T MAMCE HSsh= AM, o|H|Y S| MH|A00 71t & S0 & Hels duiZ FESUY 0|8
£71 8! gEES Sof 2t WE 30X M2d, 4Gl w2t 2 Eelo] & Sof YR 3 AH|A 0|8 LHHE HM3XolA| AiSet vig|
S SS T AlollA], & St Z el Ajo|o] MH|A o0 Bt HEBAI= Mu|A of2td FEXY ot riEt: YEEMUY 0|8F
T8 FEES S0l #tt YEY 0l8X1e H2Em0| et #ES0| HBe|1, 2 Hel2 YW st HISJH o|F7t HutEl Aletg HQls
1 2 59 JHEE % MH|A 0|8 LS HBKIA MSsIA=XIt I i8S 30T oF 7t Tt o Al

(maex]

2 2=ERI0| QIEUIS J|HoR Sl T MAXCE HSsh= M, o|HY S| MH|A0) 1St & S0 & Hels duiZ FESUY 0|8
£ ol ¥eEgs Sof 2t yWE(olot HESAYH o2t Bith) XM30E HM2E, M4 wat 2t #elo] 2 59 IR I MH|A 0| LY
S HMI3KIoA HMSe vigel Z7i S8 T3t AletollM, FESHYY M30Z0N Yot YRS LAMH|A 0[gXte| 22|= AR H27E A1
ool ‘EAY MEHol| Qoiriats uiEret £ gl= AHIXIOIA| RojEl= B0 et ZRAE Ol sigsl, AT EHHCR <R &t
= 20f| higt efolS SIACIENE 0|8X7H HESUYH| 273t H2IE WA + YTE dt= A2 R2|U2t ZHTFH A3t AH|KHIA|
Hojsl= 2 HEShs A22M O Eel LioilMs 2l5ds Y= ot= g2l 238 FE 4 gleaz, 2 St 2 #el Aoj2] A
H|A 0|80 Zrot HEZAl= MH|A o2ty EAY o7t ACRE YESHYYY 0|8t M0 2t 7YS0| H8e(1, Lt FE
SHYY M30Z HM4go| YRS LAMHIA HMSKol|A| o ZR0IEX| ole| glo] HHAIFEE MBKofA| HSe &S SIS st= ARE
SEAPID ACED =] o0, 2 Hel2 HH| ofsio] HISIH 2Rt HatE AEE HQIstn & Sof JHIEE Y AH|A 0|8 WS
MR AMSstA=Aet 2 LHES S/ ofF7t ACHD ok A,

An example court judgment annotated according to our annotation scheme

(EAARE]

#@company#0| QIEIUS J|gto@ sjo] M HAMOR MSsts M, ot S| Mu|A0| 7tst #@name# SOl #@com-
pany#S Az HESAY 0|2X7 9 HEES Sof st HE XM30X HM2E, mM4g et #@company#0| #@name# 52| N

QI U I 018 LSS FIKIoI MZet sigo] ZoH S2 7o AfelollM, #@name# S3t #@company# Alole] A2 0l80j
et MEEIOS MulA ofE Z4Y Bt QICjEls FEEND 0|87 3 FHEHS S0 Het HEA 0|8Xle] HelHso| M FES

HZ
H=
0| HE&|1, #@company#2 HH0| 2lsto] HIS7H 2SI Hatel Alets HQlstn #@name# SO JHRIEE % AH|A 0|8 LS
H3XtofA| MSStE=RIRE 2 LHES S 2AR7F ACHD B AL

[eex]]

#@company#0| QIEIUS J|gtoZ so] M HAMOR HSste ZAM, ojtY Sof Mu|A0| Jst #@name# SO| #@co-
mpany#2 ATHZ HESAY 0|8X% 3 HEHs Sof 2t WE(olst HeESAYH o2t oich) HM30Z HM2E, HM4go utat
#@company#0| #@name# 52| JHQIFE 3! ME|A 02 LHHS HI3KtolA
30Z0IM Mot HESAMH|A o|8Xte Hale XA 27 F1gfel ‘EHY Meof Slstrizt et 4 gl AH|XoH| Rolgs B
Sof 2ot ZMAR o shEstn, YARIE ZAHEOR oS MEote Zof thet BolS SICEE o|8AP MEsAdH 2AH% Halg
Al £ GIEE st A2 2Lzt 2R 2sto] ARt RojEls BT aiEsis J402M 1 #e| LoldEs o2He EHoz
gholo| 23 QIME 4+ gloD2 #@name# STt #@company# Al0|Q] MH|A O|20f 2ot HEZAOl= Mu|A oFEH Z={Y
L Hat o|8X1e He|ESo A FES0| HEE D, Ci2t HEEMUH HI0X M40 HREEMME|A RIZK|H
ol ZR0|EX| ofle| glo| HIHEE RSKtoH MBSt HES SIHSIEE st QRS HEYAF|D JCkD Y| 0222, #@com-
pany#2 ol Qlsto] HIZ7H o7t HatEl AlS Hlstn #@name# S JHOIFE S ME[A 0|8 LHHS H3XtoflA| HSsIA=X|
ot 1 LH8S SoHE 2RIt Ckn & At

wgo| I S Tk AN, BESUYY A

OI'

Figure 4: A sample data of annonymized court judgement and court judgement annotated according to our annota-
tion scheme.
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An example of publicly available anonymized court judgement (translated in English)

[Holding]

In a case where Party B, who subscribed to services such as search and email provided globally by Foreign Corporation A via the internet, requested
disclosure of the status of Party A's provision of Party B's personal information and service usage records to third parties pursuant to Article 30(2) and
(4) of the Act on Promotion of Information and Communications Network Utilization and Information Protection, etc., Even if the legal relationship
between Party B and the Corporation A  regarding service use contains a governing law agreement in the service terms, the provisions protecting user
rights under the Act on Promotion of Information and Communications Network Utilization and Information Protection apply. The Corporation A has an
obligation to disclose whether it provided Party B's personal information and service usage details to third parties, and the content of such disclo sure,
except for matters subject to a non-disclosure obligation imposed by law.

[Abstract]

Party A, aforeign corporation, provides search, email, and other services globally via the internet. Party B and others, who subscribed to these services,
requested Party A to disclose the status of providing their personal information and service usage details to third parties pursuant to Article 30,
Paragraphs 2 and 4 of the Act on Promotion of Information and Communications Network Utilization and Information Protection, etc. (hereinafter
referred to as the “Information and Communications Network Act”). In this case, the rights of users of information and communications services
stipulated in Article 30 of the Act constitute a mandatory provision concerning the protection granted to consumers that cann ot be deprived even by
choice of law under Article 27(1) of the Intemational Private Law Act. Therefore, even if the parties agreed to apply foreign law as the governing law,
preventing users from exercising their rights under the Information and Communications Network Act would deprive consumers of the protection
afforded by Korea's mandatory provisions. Consequently, within that scope, the validity of an agreement designating foreign law as the governing law
cannot be recognized. Therefore, even if there is an agreement on the governing law in the service terms between Party B and Company Aregarding the
legal relationship concerning the use of the service, the provisions of the Information and Communications Network Act concerning the protection of
the user's rights apply. However, it is difficult to interpret Article 30(4) of the Information and Communications Network Act as imposing an obligation
on information and communications service providers to disclose the status of personal information provided to third parties in all cases without
exception. Therefore, there is a case where Company A was found to have an obligation to disclose whether it provided the personal information and
service usage details of Party B and others to third parties, and the content thereof, except for matters subject to a non-disclosure obligation imposed
by law.

An example court judgment annotated according to our annotation scheme (translated in English)

[Holding]

In a case where #@name#, who subscribed to services such as search and email provided globally by #@company# via the intemet, requested
disclosure of the status of #@company#'s provision of #@name# 's personal information and service usage records to third parties pursuant to
Article 30(2) and (4) of the Act on Promotion of Information and Communications Network Utilization and Information Protection, etc., Even if the legal
relationship between Party #@name# and the #@company# regarding service use contains a governing law agreement in the service terms, the
provisions protecting user rights under the Act on Promotion of Information and Communications Network Utilization and Inform ation Protection apply.
#@company# has an obligation to disclose whether it provided #@name#'s personal information and service usage details to third parties, and the
contentof such disclosure, except for matters subject to a non-disclosure obligation imposed by law.

[Abstract]

#@company#, a foreign corporation, provides search, email, and other services globally via the internet. # @name# and others, who subscribed to
these services, requested # @company# to disclose the status of providing their personal information and service usage details to third parties
pursuant to Article 30, Paragraphs 2 and 4 of the Act on Promotion of Information and Communications Network Utilization and Information
Protection, etc. (hereinafter referred to as the “Information and Communications Network Act”). Inthis case, the rights of users of information and
communications services stipulated in Article 30 of the Act constitute a mandatory provision concerning the protection granted to consumers that
cannot bedeprived even by choice of law under Article 27(1) of the Intemational Private Law Act. Therefore, even if the parties agreed to apply foreign
law as the governing law, preventing users from exercising their rights under the Information and Communications Network Act would deprive
consumers of the protection afforded by Korea's mandatory provisions. Consequently, within that scope, the validity of an agreement designating
foreign law as the governing law cannot be recognized. Therefore, even if there is an agreement on the governing law in the service terms between
#@name# and # @company# regarding the legal relationship concerning the use of the service, the provisions of the Information and
Communications Network Act concerning the protection of the user's rights apply. However, it is difficult to interpret Article 30(4) of the Information
and Communications Network Act as imposing an obligation oninformation and communications service providers to disclose the status of personal
information provided to third parties in all cases without exception. Therefore, there is a case where #@company# was found to have an obligation to
disclose whether it provided the personal information and service usage details of #@name# and others to third parties, and the content thereof,
except for matters subject to a non-disclosure obligation imposed by law.

Figure 5: A translated sample data of annonymized court judgement and court judgement annotated according to
our annotation scheme.
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