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Abstract
Policymakers enact and revise privacy laws expecting meaningful
benefits for their people in practice.While scholarship hasmeasured
the real-world impact of some privacy regulations—the EU and
California most notably—limited empirical evidence exists for many
of the more than 140 countries that have implemented some form
of privacy legislation. Switzerland, a multilingual country bordered
almost entirely by EU states, is one such example.

This paper analyzes the extent to which a 2023 alignment of
Swiss privacy law with EU privacy regulation affected website
privacy policies in Switzerland. To address Switzerland’s unique
multilingual culture, we develop an LLM-based pipeline that ex-
tracts legally relevant information as document-level labels in a
single inference without requiring translation. On a benchmark of
120 expert-annotated privacy policies in German, French, Italian,
and English, our pipeline achieves F1 scores above 0.90 for most
pairs of languages and legally relevant disclosures.

Applying this pipeline to privacy policies we collected frommore
than 35,000 Swiss- and EU-facing websites before and after the 2023
privacy law revision, we find significant increases in both manda-
tory and voluntary disclosures of data subject rights among Swiss
privacy policies. In exploring the mechanisms driving increased
disclosure rates, we discover heavy use of automated privacy policy
generators and find that generated policies are associated with up to
15 percentage points higher disclosure rates. These results provide
large-scale empirical evidence of how regulatory change and novel
drafting technologies impact the content of privacy policies in a
unique multilingual environment.
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1 Introduction
By 2025, more than 140 countries had implemented data protection
regulations [7]. Legislators introduce and amend these laws to meet
the privacy expectations and needs of their people. Across countries,
privacy laws routinely require transparent disclosure of data pro-
cessing practices. Evaluating whether privacy laws achieve their in-
tended objectives requires systematic monitoring of their real-world
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effects. Existing empirical research has focused heavily on the Eu-
ropean General Data Protection Regulation (GDPR) [21, 24, 28, 59]
as well as US state-level privacy legislation—most notably Califor-
nia [35, 75]—while empirical evidence for the privacy laws of other
jurisdictions remains strikingly rare. One potential explanation for
this scarcity is the substantial measurement challenges associated
with systematically assessing legal compliance across jurisdictions,
particularly in multilingual settings.

Against this backdrop, this paper evaluates a major revision of
Switzerland’s Federal Act on Data Protection (FADP) that entered
into force in September 2023 [71]. The reform aligns Swiss privacy
law more closely with the GDPR but maintains differences in the
specific requirements for transparency disclosures. Most notably,
while Swiss privacy law offers data subjects the same rights as
the GDPR—such as the right of data access—it does not mandate
that these rights be explicitly mentioned in privacy policies (poli-
cies), contrary to the GDPR. This distinction provides a unique
opportunity to examine whether websites’ responses to the revi-
sion voluntarily extend beyond domestic obligations. If so, this
could be interpreted as consistent with the “Brussels Effect” [16],
in which European Union (EU ) regulations like the GDPR exert
influence beyond the EU. Overall, the Swiss privacy law revision
constitutes a clearly defined regulatory intervention that allows us
to examine whether changes in legal requirements are reflected in
observable policy disclosures. We thus ask the following research
question: Did the 2023 Swiss privacy law revision significantly impact
disclosures in Swiss website privacy policies?

Switzerland’s multilingual setting makes it both an interesting
and challenging research environment. To overcome the limitations
of traditional methods tailored to the English language (see Sec-
tion 2.1), we introduce a novel LLM-based pipeline that extracts
legally relevant information as document-level labels in a single
inference without requiring translation. To evaluate the pipeline’s
performance, we develop an expert-annotated dataset of 120 poli-
cies in German, French, Italian, and English based on an iteratively
refined codebook. We annotate seven legally relevant dimensions
of transparency disclosures that allow us to monitor the real-world
effects of Switzerland’s revision as well as potential spillover effects
of the GDPR.

Finally, we inspect the role that so-called policy generators
(generators) played in potentially increasing transparency disclo-
sures. While early forms of generators have been around since
the 1970s [18, 27], empirical evidence remains scarce regarding (1)
their prevalence (especially in non-English contexts) and (2) the
extent to which they can actually improve privacy disclosures. We
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hypothesize that generators are primarily used by smaller firms
and improve overall disclosure rates by aiding these organizations
that may avoid expensive legal professionals. The most-used gen-
erators we identify are either free or cost a yearly fee of around
$100 [23, 60, 72].

Our key finding is that the Swiss revision increased disclosure
rates for transparency requirements from both the revised Swiss
law and the GDPR, which is consistent with (though not direct
evidence of) a Brussels Effect. Based on our novel expert-annotated
dataset, we find that our multilingual pipeline leveraging GPT-5
achieves F1 scores above 0.90 for the vast majority of disclosure
dimensions and language pairs (German, French, Italian, and Eng-
lish) that we investigate. We also discover that 18% of the analyzed
local Swiss websites explicitly use generators, and generator use is
correlated with increases in disclosure rates of up to 15 percentage
points (p.p.)—in contrast with prior literature that has questioned
the viability of generators (see Section 2.3).

In summary, our paper makes three contributions:
(1) We provide empirical evidence of the real-world effects of

Switzerland’s 2023 privacy law reform.
(2) We develop, validate, and publicly release a multilingual

pipeline for disclosure assessment of policies, along with an
expert-annotated benchmark dataset in four languages.1

(3) We report on the proliferation and potential benefits of gen-
erators in a multilingual environment.

The remainder of this paper is structured as follows: Section 2
summarizes related work. Sections 3 and 4 introduce the methods
and dataset, respectively. Section 5 explores the effects of the revi-
sion, and Section 6 examines the impact of generators. We discuss
our key findings and limitations in Section 7. Section 8 concludes
and considers future work.

2 Related Work
2.1 Automated Analyses of Policies
2.1.1 Traditional Methods for Processing Policies. Early approaches
to the automated analysis of policies relied primarily on sym-
bolic methods, processing statements through handcrafted lexicons,
grammars, and ontologies [3]. Several representative systems illus-
trate the potential and limitations of this paradigm. PrivOnto [53]
constructed a legal ontology to encode data practices such as col-
lection and sharing, enabling structured queries over annotated
corpora such as OPP-115 [78]. PolicyLint [5] models disclosures as
combinations of actors, actions, and data types to detect internal
inconsistencies, and PoliCheck [6] extended this idea by distinguish-
ing between first- and third-party recipients. Although these sym-
bolic approaches offer interpretability and precision, they require
substantial manual effort and are brittle under linguistic variation.
Hybrid pipelines subsequently combined rule-based extraction with
statistical classifiers, and supervised learning methods—particularly
support vector machines and logistic regression—became widely
adopted for identifying disclosures of data collection, sharing, and
user choices [3, 52, 65]. Systems such as MAPS [82] demonstrate
that traditional machine learning can scale to larger corpora. Other

1The codebook, dataset, and method are available in their entirety at:
https://doi.org/10.5281/zenodo.20512191.

work explores completeness assessment, alignment of statements,
or clustering of policy segments [20, 43, 48].

Over time, neural architectures began to outperform traditional
classifiers in policy analysis. Polisis [34], for instance, introduced an
end-to-end deep learning pipeline for segmentation and classifica-
tion, producing structured representations directly from raw policy
text. Subsequent research applied neural models to specialized tasks,
including question answering and detection of vague or ambiguous
language [42, 61]. Despite improved predictive performance, these
approaches remained heavily dependent on annotated corpora and
predefined taxonomies, which limit their scalability across juris-
dictions and languages. In particular, most available datasets and
trained models focus predominantly on English-language policies,
limiting their applicability in multilingual contexts.

2.1.2 LLM-Based Policy Analysis. Recent studies suggest that large
language models (LLMs) can substantially facilitate the automated
analysis of policies by enabling task specification through natural-
language instructions rather than extensive feature engineering and
model tuning. Rodriguez et al. [64] evaluated GPT and LLaMAmod-
els, reporting that GPT-4 Turbo, under carefully crafted prompts,
achieved F1 scores above 93% onmulti-label classification tasks over
benchmark corpora. While MAPS [82] and Polisis [34] previously
represented the state of the art in scalability and granularity, LLMs
can reach comparable or even higher accuracy with substantially
less task-specific engineering. In a similar vein, Tang et al. [73]
introduced PolicyGPT, a zero-shot framework that reached 87–97%
accuracy across multiple policy classification datasets, highlight-
ing the continued importance of annotated corpora for validation.
Goknil et al. [29] further demonstrated that performance varies
markedly across prompt design strategies, underscoring the sensi-
tivity of prompt-based approaches.

More recent work has extended LLM-based analysis toward
legally grounded compliance assessments. Cory et al. [19] per-
formed fine-grained annotation of GDPR transparency require-
ments using a two-stage pipeline with self-correction, evaluating
eight LLMs over 703k app policies. Complementarily, Xie et al. [80]
proposed an LLM-based framework to evaluate policies against 34
clauses derived from the GDPR and US state laws, achieving aver-
age F1 scores of 0.94 and enabling large-scale analysis of thousands
of websites. While these studies illustrate how LLMs extend prior
work toward more fine-grained and legally grounded compliance
assessments at scale, they also highlight important limitations: both
are restricted to English-language policies and explicitly identify
multilingual evaluation as a key direction for future research.

2.2 Datasets for Policy Analysis
Progress in the automated analysis of policies has been closely tied
to the availability of annotated datasets. For early symbolic and sta-
tistical approaches, corpora such as OPP-115 [78] and APP-350 [82]
provided thousands of labeled statements about data collection
and sharing practices. MAPP [8] extended this line to multilingual
contexts (English and German), while IT-100 [32] targeted GDPR-
specific disclosures of international transfers. These datasets served
a dual role: training material for supervised classifiers as well as
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benchmarks for comparing different methods. Although LLMs typi-
cally no longer require task-specific training on these datasets, they
still rely on them as a benchmark for validation [33].

Subsequent resources diversified both task framing and scale.
PrivacyQA [61] and PolicyQA [1] entail question-answering tasks,
linking the policy text with expert-curated evidence or span-level
reading comprehension. Moreover, APPCorp [44] annotated docu-
ment organization at paragraph level. Longitudinal corpora, such
as the Princeton–Leuven dataset [4], assembled nearly one million
snapshots across a decade to study the evolution of policies post-
GDPR. Other important longitudinal corpora include the work of
Linden et al. [41] and Wagner [77].

Recent efforts further align datasets with regulatory and jurisdic-
tional contexts. GDPR-NER [22] annotated European policies with
entities defined in the Data Privacy Vocabulary [57] ontology, while
C3PA [51] encoded over 48,000 policy segments against the disclo-
sure requirements of the California Consumer Privacy Act (CCPA).
Marotta-Wurgler and Stein [46] annotated multi-class labels captur-
ing legally salient clause interdependencies. Other corpora expand
linguistic and geographic coverage, including a Saudi dataset of an-
notated Arabic policies [47]; the 100-Platforms corpus [58], which
samples major services for high-level data practices; and the lon-
gitudinal, multilingual scraper by Bernhard et al. [14]. Together,
these datasets illustrate a shift from general-purpose classification
resources toward regulatory-aligned, multilingual corpora.

2.3 Automated Drafting of Legal Documents
In an effort to complywith privacy laws, parties (especially resource-
constrained ones) may turn to automated policy generators (gen-
erators) to draft tailor-made policies at a fraction of the cost of
lawyers. In legal literature, Betts and Jaep [15] provide a historical
overview of the use of generators by lawyers and their clients for
various types of legal documents. They also explore the possibility
of automation via machine learning. Contreras [18] discusses how
generative AI could address the shortcomings in scope and range of
traditional generators. Barton and Rhode [12] present lawsuits and
regulatory restrictions that consumer-oriented legal services such
as generators have faced in the US. Many theoretical contributions
from legal scholars often discuss generators under the umbrella
term of “document assembly systems” [27, 66].

Empirical data related to generators is scarce. To our knowledge,
only two studies have illuminated some key aspects of generator
use “in the wild.” First, Sun and Xue [70] investigate the output
quality of policy generators by drafting a total of thirty policies
for three synthetic apps and ten generators. Second, Pan et al. [56]
examined nearly 50,000 app policies on Google Play and found that
generators have likely been used to generate 20.1% of the policies.
Similar to the first study, the authors generate synthetic policies to
explore compliance issues in the generated documents.

3 Method
The analysis of policies poses a persistent challenge, as they are
lengthy, vague, and full of legal jargon, which complicates auto-
mated processing [3, 62]. In Switzerland, like in the EU, this diffi-
culty is compounded by the multilingual environment. As a result,

any empirical assessment of disclosures must be able to accommo-
date this linguistic diversity without introducing biases.

Traditional computational approaches (see Section 2.1) are poorly
suited to this task. Symbolic methods and lexicon-based classifiers
have been developed almost exclusively for English. Supervised
learning approaches depend on annotated corpora that exist pri-
marily in English (e.g., OPP-115) and cannot be directly applied
to other languages without extensive re-annotation. Even deep
learning models such as Polisis [34] or MAPS [82] rely on English-
only training data and fixed taxonomies, reinforcing an anglophone
bias [49] that limits their adequacy in the Swiss context.

LLMs provide a more flexible alternative: a single model can
be applied across different languages without retraining, avoiding
the need for language-specific resources or feature engineering. At
the same time, LLMs can capture compliance-relevant disclosures—
such as the purposes of data processing—in a consistent manner
across languages. Importantly, their performance must still be as-
sessed against independent human-coded data to ensure the accu-
racy, completeness, and legal relevance of model outputs, as LLMs
are not immune to decreased performance in specific languages.

3.1 Codebook and Annotations
In line with the “text-as-data” approach in computational social
sciences [31], we constructed a multilingual benchmark based on a
systematically developed codebook. The codebook translates statu-
tory obligations from the GDPR and the revised Swiss privacy law
(FADP) into discrete annotation questions. We use these questions
to construct the human annotations that serve as the reference
benchmark for evaluation as well as to guide the automated assess-
ment, since the codebook is supplied to the LLM in the prompt.

Since translating complex legal requirements into discrete anno-
tations is complex, we first identified obligations that are reflected
in policies and can be assessed objectively. This led us to the in-
formation duties under Art. 13 GDPR, which we distilled to the
following obligations that are reasonably objective to annotate: the
controller’s identity (including contact details) and the purposes
of processing (Art. 13(1) GDPR), as well as the rights of data sub-
jects (access & rectification, erasure, portability, right to lodge a
complaint with a supervisory authority, and transparencywhen per-
forming automated decision-making; Art. 13(2) and 15–22 GDPR).

While distilling complex legal requirements into discrete annota-
tions is necessary to create scalable compliance proxies, we concede
that our procedure cannot estimate disclosure quality. Some poli-
cies may, for example, add a user-friendly summary of the data
subjects’ rights to help users understand and invoke their rights.

Our annotated transparency obligations align with prior legal
scholarship [28, see online appendix, p. 17]. We extend this work in
two ways: we add the controller’s identity and contact information
and the purposes of data processing as additional transparency
disclosures, and we exclude non-binary disclosures such as the data
retention period (Art. 13(2)(a) GDPR). This ensures our questions
are both (1) validated by previous work and (2) legally grounded.

While this approach yields fewer annotated questions than Cory
et al. [19], our questions still serve as robust and scalable proxies
for estimating the effect of the 2023 Swiss privacy revision on Swiss
website policies. The smaller set also offers a practical advantage:
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Code Codebook question Legal basis Disclosure required1 Kripp. 𝛼2

ispol Is the text a privacy policy? – (screening) – (screening) 0.672
upd Date of last update – (metadata) – (metadata) –3
contr Controller’s identity and contact Art. 13(1)(a) GDPR /Art. 19(2)(a) FADP GDPR and FADP 0.672
purp Purposes of processing Art. 13(1)(c) GDPR /Art. 19(2)(b) FADP GDPR and FADP 0.825
rect Right of access and rectification Art. 15–16 GDPR / Art. 25 FADP GDPR only 0.839
forg Right to erasure Art. 17 GDPR / Art. 30 FADP GDPR only 0.929
port Right to data portability Art. 20 GDPR / Art. 28 FADP GDPR only 0.868
comp Right to lodge a complaint Art. 77 GDPR / Art. 49(1) FADP GDPR only 0.933
hum Automated decision-making Art. 22 GDPR / Art. 21 FADP GDPR and FADP 0.825
1 Requirements from both the GDPR and FADP are italicized in all tables throughout the paper.
2 Values > 0.80 indicate strong reliability, while values between 0.67 and 0.80 are considered acceptable [39].
3 Not applicable for metadata item.

Table 1: Codebook questions, legal bases, and inter-annotator reliability metrics (Krippendorff’s 𝛼 in second phase).

we can pass all codebook questions to the model in a single infer-
ence pass. This mitigates known performance degradation from
longer prompts [40, 80] and substantially reduces costs compared
to running multiple inference rounds.

The GDPR’s data subject rights do not perfectly match the FADP:
most notably, the revised FADP does not oblige controllers to in-
form data subjects about their rights: access & rectification, erasure,
portability, and lodging a complaint. For the purposes of our an-
notations, these differences do not matter: any given policy either
mentions a specific right (e.g., “You have the right to delete your
data.”) or not. Since these disclosures are only required under the
GDPR, their explicit mention in Swiss-facing websites is consistent
with, though not direct causal proof of, the Brussels Effect.

Table 1 lists the full set of questions and coding instructions. We
annotate only the controller’s practices as stated in the policy and
ignore sections unrelated to Switzerland or the EU (e.g., clauses
related to California’s privacy law). The unit of analysis is the entire
policy: each item is coded “1” if the policy explicitly mentions the
corresponding element, “0” otherwise; the “last updated” field is
coded as the date provided in the policy text or “NA” if absent.

We developed the codebook iteratively in three phases with
three annotators: (1) a lawyer with an advanced law degree; (2) a
law student nearing completion of an advanced degree; and (3) a
privacy engineer (Ph.D.) with five years of work on GDPR-related
topics. Edge cases and instructions were discussed among all three
throughout the iterative codebook refinement procedure.

The first phase, including 15 English policies, yielded promising
reliability metrics (Krippendorff’s 𝛼 = 0.74–1.0). Disagreements
led us to refine the controller information (contr), data portability
(port), and automated decision-making (hum) questions. A second
phase with 20 policies produced 𝛼-values between 0.67 and 0.93. Fol-
lowing standard guidelines [39], values above 0.80 indicate strong
reliability, while values between 0.67 and 0.80 are generally consid-
ered acceptable.

All retained dimensions reached the acceptable threshold; most
exceeded 0.80 (see Table 1).2 Finally, the updated codebook was

2We dropped one codebook question (related to data protection officer) due to incon-
sistent terminology across policies.

applied to 120 policies (30 each in German, French, Italian, and
English). Each policy was independently annotated by a single
coder proficient in the respective language, a common practice
once high agreement has been reached [9, 79], which we did in
the second round. The 30 policies per language align with prior
work [83], where validation sets typically involve only a few dozen
policies, as policy annotations are time-intensive.

To ensure consistency across phases, all policies used in the
three annotation rounds were drawn from the customized dataset
introduced in Section 4. In short, the final dataset consists of the
German, French, Italian, and English policies of 35,000 websites
collected in August and October 2023. Random sampling was per-
formed from the August 2023 snapshot, independently for each
phase. This approach formally allowed overlaps, though in practice
only one repetition occurred. These subsets provided a manageable
basis for iterative refinement of the codebook and for establishing a
multilingual benchmark to validate the method. It also allowed us to
annotate the policies closer to a real-world setting, with most trans-
parency disclosures occurring in a balanced way (45–79 positive
instances out of the 120 annotated policies), with the exceptions of
the purposes of processing (100 positive instances) and automated
decision-making (15 positive instances) disclosures.

Beyond serving as a benchmark for validation, our dataset it-
self constitutes a contribution. Established resources such as OPP-
115 or APP-350 remain valuable references and have been widely
used [5, 34, 82]. However, their widespread availability raises un-
certainty about whether they were incorporated into LLM pretrain-
ing, creating a risk of overfitting when used for validation. Our
dataset addresses this concern and provides a novel multilingual
legal benchmarking resource. We release the codebook and annota-
tions to support reproducibility and enable further research.

3.2 Method Design
Our automated method applies OpenAI models—as Cory et al. re-
ported their comparatively superior performance for detecting
GDPR-compliance in English policies [19, p. 520]—to classify poli-
cies according to the dimensions defined in our codebook. Through-
out this section, we refer to each of the nine dimensions by the
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Figure 1: F1 score of GPT-5 by practice and language (with annotated dataset as benchmark).

abbreviated code as defined in Table 1. For each policy, we issue a
single inference request to the model and require it to return a JSON
object conforming to a predefined schema. We rely on OpenAI’s
structured output functionality [54], which enforces the presence
and type of all nine fields and prevents the generation of invalid
formats or hallucinated attributes. The call is structured with a
fixed system message specifying the global task and rules, followed
by two user messages: (1) the codebook, and (2) the raw policy text.
We release the prompts and the schema verbatim with our artifacts.

The user prompt mirrors the codebook by including each ques-
tion along with the same decision rules and edge-case clarifications
used by annotators. To further reduce ambiguity, we also incorpo-
rate few-shot examples demonstrating positive and negative cases
for each item. Prior work has shown that such examples signifi-
cantly improve the reliability of LLM-output in this domain [64],
and their inclusion follows standard practice in human codebook
development, where annotated examples guide consistent applica-
tion of coding rules [37, 76, 84]. This alignment also allows direct
comparison between manual and automated annotations.

The model processes policies in German, French, Italian, and
English without translation. To reduce the risk of the model relying
on superficial entity cues (e.g., company name) and to mitigate pri-
vacy risks, all identifying information is replaced with placeholders
using Presidio [50] prior to inference. Additional global rules are
enforced: if ispol is false, all other booleans must also be false
and the date fields set to “NA.” Dates are normalized to the format
DD/MM/YYYY for the most recent date mentioned in the policy,
or “NA” if none is present. Figure 5 in Appendix A.3 provides an
overview of the last updated dates for October policies.

A key feature of our approach is that the model evaluates all
disclosure dimensions in a single prompt. Rather than decompos-
ing the task into separate binary classifiers, we treat disclosure
assessment as a structured, multi-dimensional extraction problem
applied to the policy as a whole. This joint design preserves con-
textual dependencies between obligations and mirrors the way
human annotators apply the codebook to an entire document. In

contrast, prior work has typically addressed individual practices
in isolation [63, 64, 81]. Beyond efficiency, this unified extraction
framework promotes coherent document-level reasoning across
legally related dimensions.

We do not apply fine-tuning or task-specific training, and model
behavior is determined solely by the fixed prompts and schema. The
alias gpt-5-chat-latest resolved to gpt-5-2025-08-07, which
was used for the validation and the large-scale analysis. In repeated
validation runs during development, we did not observe instabil-
ity in the structured outputs for identical inputs, suggesting that
schema enforcement and fixed prompting foster stable predictions.

3.3 Method Validation
We validated our method against the independently annotated
dataset of 120 policies (30 each in German, French, Italian, and Eng-
lish). This dataset allowed us to directly compare model predictions
against human annotations. The final benchmark of 120 policies
was treated as a held-out validation set. Prompt design and schema
refinement were completed prior to the full validation run, and
no prompt adjustments were made based on model performance
on this benchmark. This separation reduces the risk of prompt
overfitting to the evaluation set.

The annotator with an advanced degree in law reviewed all dis-
agreements between manual annotations and model outputs. This
annotator has intermediate Italian proficiency and full professional
or native proficiency in the other three languages. When unambigu-
ous annotation mistakes were identified in the human-annotated
data (e.g., a policy with the following text: “Art. 22 GDPR: In cases
of solely automated processing with legal effects, special rights are
granted for data subjects.” was erroneously labeled as not mention-
ing automated decision-making), they were corrected. The full list
of corrections is provided in Appendix A.8.3 For transparency, Ap-
pendix A.9 additionally reports robust model performance on the
original annotations prior to correction. In our view, the benefits

3A total of 21 annotation errors were identified (including one misclassified policy
accounting for 7 items), representing less than 2% of all annotations.
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of an accurate benchmark for our study as well as for future use
outweigh the potential issues of post-annotation corrections.

The evaluation metrics were then computed on the corrected
benchmark. To assess the stability of these estimates given the
sample size per language (𝑁 = 30), we additionally computed
95% bootstrap confidence intervals for precision, recall, and F1 by
resampling policies with replacement (1,000 resamples, fixed ran-
dom seed). The resulting intervals are generally narrow across all
obligations, indicating stable performance estimates. As expected,
uncertainty is substantially larger for hum, which has very few pos-
itive cases in the human-annotated dataset (3–4 per language; see
Appendix A.2).

We evaluated four OpenAI models—GPT-4o, GPT-4.1, o4-mini,
and GPT-5—using identical prompts and the same schema. Fig-
ure 1 reports the detailed F1 results for GPT-5 across languages and
practices. Most dimensions reach near-perfect agreement with the
human annotations: comp (right to lodge a complaint), ispol (pol-
icy detection), purp (purposes of processing), forg (erasure), port
(portability), and rect (rectification) all exceed 0.9 in nearly every
language. contr (controller information) shows more variability,
performing well in English (0.93), German (0.91), and Italian (0.95)
but dropping to 0.83 in French. The lowest and most variable scores
arise for hum (automated decision-making), with values ranging
from 0.73 in German and French to 0.60 in English and 0.33 in
Italian. This volatility likely arises from the aforementioned very
low number of positive cases in the human annotations, with even
a single misclassification substantially affecting the F1 scores. The
low prevalence is likely due to the fact that, in contrast to the other
obligations, the requirement to mention hum is conditional on the
website performing automated decisions. Nonetheless, we must
advise caution when interpreting our results for the hum metric.

Results for GPT-4.1 and o4-mini lag behind GPT-5. For GPT-4.1,
the largest shortfalls versus GPT-5 occur in port (French, −0.24),
contr (German, −0.18), and hum (roughly −0.15 in English, French,
and German). Smaller but consistent drops also appear in rect,
forg, and purp, while improvements are rare and inconsistent.
Results for o4-mini mirror this profile, with similarly large losses
in port (French, −0.24) and hum (German, −0.20), together with
moderate declines in contr. Gains are again rare, and the model
suffers from slower inference speed. Both models show an apparent
improvement in hum (Italian, around +0.2), but—as stated—this
dimension should be interpreted with caution. Taken together, these
patterns make GPT-5 the more reliable and efficient option for
evaluating multilingual disclosures of transparency obligations.4

We, therefore, narrowed down our comparison to GPT-5 and
GPT-4o, as GPT-4o showed the closest overall performance to
GPT-5. Figure 2 visualizes their relative performance. The two mod-
els are broadly aligned, with most practices showing ΔF1 scores
near zero. GPT-5 offers modest gains—for instance contr in English
(+0.06), port in French (+0.14)—while its largest setbacks appear in
hum, with −0.40 in English and −0.33 in Italian. Bubble size in the
plot reflects the number of positive cases in the human annotations,
making clear that the steepest drops occur in the practice with the
lowest support. We ultimately selected GPT-5 because it offers a
more favorable cost profile and ensures longer-term availability.

4We provide the performance metrics of GPT-4.1 and o4-mini in our artifact repository.

Bubble size is proportional to the number of positive human-annotated cases per
practice. Labels show ΔF1 values. Blue bars indicate GPT-5 > GPT-4o, orange GPT-5 <

GPT-4o.

Figure 2: Performance difference (ΔF1) between GPT-5 and
GPT-4o across languages and obligations.

4 Dataset
4.1 Initial Dataset
The dataset for this project was created using Bernhard et al.’s [14]
scraper. The scraper automatically collects the policies and terms
of service of 800,000 websites monthly in 37 languages. We refer to
Table 9 inAppendixA.1, drawn and adapted fromBernhard et al. [14,
p. 59], for the performance of the scraper at collecting website
policies in German, French, Italian, and English. Most notably, the
scraper reaches recall scores ranging from 0.78 to 0.91. We also
inherited the scraper’s functionality of only extracting the single
most likely policy per website as a target URL [14, Sections 3.1
and 3.4]. This approach substantially reduced false positives for
the vast majority of websites, which is paramount to our analysis.
The trade-off, however, is that we do not collect multilingual or
multijurisdictional versions of a website’s policy if such exist.

For the purposes of this paper, we first scraped a sample of 90,000
websites stratified by popularity each in (1) Switzerland and (2) all
EU countries, Iceland, Liechtenstein, Norway, and Great Britain. We
collected a representative sample of websites with various levels of
popularity in August 2023 according to the Chrome User Experience
Report (CrUX [17]). Due to overlaps between the Swiss group and
the non-Swiss group, the procedure resulted in the initial selection
of 147,029 websites, of which the scraper could access 144,690 in
August and 145,193 in October. For Switzerland, we selected all top
50k websites as well as 20k randomly sampled ones from the 100k-
500k and 500k-1M CrUX popularity buckets, respectively. For the
non-Swiss group, we collected 500 randomly sampled websites for
each popularity bucket (top 1k through 1M-5M, if available) in each
country. We control for website popularity rank in our statistical
analyses. The initial website budgeting procedure as well as the
corresponding CrUX list can be found in our artifact repository.

Each website was scraped once one week before the entry into
force of the revision of Swiss privacy law (August 23-28, 2023) and
once one month thereafter (October 4-10, 2023). This relatively
short time frame increases the likelihood that observed changes
occurred due to the revision itself, and not as a result of subsequent
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events like court cases. While we acknowledge that longer-term
adaptations of websites to the revision may occur more gradually,
our conservative approach is consistent with Linden et al.’s [41, p.
50] observation that policy updates clearly clustered within the
first month after the GDPR’s entry into force.

4.2 Relevant Subset & Website Categories
We utilized only a subset of the initial dataset in our subsequent
analyses. To assess whether observed changes are plausibly asso-
ciated with the entry into force of the revised FADP, we compare
disclosure rates across three predefined website groups. Similarly to
Peukert et al. [59, p. 752], group assignment is based on (i) top-level
domain (TLD), (ii) detected policy language using CLD3 [30], and
(iii) country-specific traffic popularity buckets (1k, 5k, 10k, 50k,
100k, 500k, 1M, and 5M) from CrUX. We restrict the analysis to
policies in German, French, Italian, or English. German, French,
and Italian are the official languages of Switzerland,5 and English
is commonly spoken. Websites are categorized as follows:

• CH: websites with a .ch or .swiss TLD that do not appear
in any EU-country popularity bucket.

• CH & EU: websites with a Swiss TLD that also appear in at
least one EU-country popularity bucket.

• EU: websites with German, Austrian, French, or Italian TLDs
that do not appear in any Swiss popularity bucket.

We refer to the CH and CH & EU groups jointly as Swiss-facing
websites. Websites with generic TLDs (e.g., .com) are excluded due
to the inability to infer geographic targeting.

Under this design, the EU group serves as a quasi-control group,
as these websites are not directly subject to the Swiss reform. While
indirect spillovers cannot be excluded, any reform-specific disclo-
sure changes should bemore pronounced in the Swiss-facing groups
than in the EU group. We decided to only include websites from
Switzerland’s neighboring countries in the quasi-control group,
because these websites shared a stable privacy environment (GDPR
applicable since 2018) and cultural/linguistic ties with Swiss web-
sites, whereas other websites may have introduced noise in our
identification method (see Section 5.2) from unrelated events like
the California privacy law revision that entered into force in 2023.

Finally, we restrict what we define as valid policies in two ways
in order to minimize the occurrence of false positive documents that
would undermine our results. We first discard texts that (1) have
been classified as a policy with a probability of less than 50% by the
classifier introduced by Bernhard et al. [14] or (2) contain less than
200 characters. Our second filtering consists of keeping only the
texts that have been classified as a policy according to GPT-5 (see
Section 3). In total, GPT-5 discarded 1,013 policy observations (485
in August and 528 in October), which corresponds to 3.6% of the
27,804 policy observations that persisted from the first filtering step.
This yields 26,791 valid policy observations across both snapshots.

Figure 3 summarizes the entire construction of the analytical
dataset and distinguishes the retained website sample from the valid
policy observations used in the subsequent analyses. Each group (CH,
CH & EU, and EU) contains more than 5,000 websites, with German
as the predominant language across all groups, particularly within
CH (see Table 11 in Appendix A.4 for the full language distribution).
5We do not consider the language Romansh due to its limited availability.

Figure 3: Construction of the analytical dataset.

5 Policies Before and After the Revision
5.1 Descriptive Groups Statistics
Our analysis ultimately builds on a total of 35,473 websites observed
at two time points: August 2023 (immediately before the entry into
force of the revised FADP) and October 2023 (one month there-
after). The set of websites is held constant across both snapshots;
however, the presence of a detectable policy varies between August
and October. A valid policy was detected for 12,458 websites in
August (35.1%) and for 14,333 websites in October (40.4%). As we
discuss below, the Swiss privacy law revision constitutes a likely
driver of the increased policy adoption. All subsequent analyses are
conducted on the detected policies within each respective snapshot.

The prevalence of detected policies increases between August
and October in all groups (see Figure 3). However, this increase
is strikingly more pronounced in the Swiss-facing groups (CH and
CH & EU) than in the EU group. This suggests differential dynamics
around the reform period, indicating that the revised FADP may
have driven some Swiss-facing websites without a policy to create
one in order to comply with the FADP’s disclosure requirements.

We next examine policy length as a coarse proxy for textual
changes. Median word counts remain nearly constant in the EU
group (+14 words), while policies in CH and CH & EU increase by
approximately amedian of 300 words (see Table 12 in Appendix A.5).
The relative increase is marginally larger in the CH group.

Finally, we analyze explicit references to the GDPR and the FADP
in policy texts (Table 2). To detect such mentions, we compiled
multilingual term lists for both laws (e.g., “DSGVO” for the GDPR, or

709



Proceedings on Privacy Enhancing Technologies 2026(4) Luka Nenadic, David Rodriguez, and Joseph A. Calandrino

EU CH CH & EU
% GDPR August 75.64 62.48 60.71
% GDPR October 75.09 60.77 60.75
% FADP August 7.59 35.83 37.10
% FADP October 7.26 41.12 41.97
Difference GDPR (Δ p.p.) -0.54 -1.71 +0.04
Difference FADP (Δ p.p.) -0.33 +5.29 +4.88

Table 2: Mentions of the GDPR and FADP.

“235.1,” the FADP’s official compilation number; see Appendix A.6
for the full list) and matched them against each policy. Across all
groups, references to the GDPR are substantially more frequent
than references to the FADP, includingwithin Swiss-facingwebsites.
Between August and October, mentions of the FADP increase in
both Swiss-facing groups, whereas GDPR mentions remain stable.

5.2 Disclosure Practices
5.2.1 Snapshot-Level Patterns. We only examine whether a policy
explicitly discloses an item as defined in our codebook. We nei-
ther assess full legal validity and enforceability of the policies nor
the underlying website processing practices. Our analysis is thus
confined to observed disclosures in policy texts. For each policy,
we first apply the automated classification procedure described in
Section 3 to determine whether the policy explicitly discloses each
obligation defined in our codebook (Section 3.1). This produces a
binary indicator capturing the presence or absence of the respective
disclosure for every obligation and policy snapshot. We then com-
pute the proportion of policies disclosing the respective obligation
in August and October, and derive percentage-point differences
between the two snapshots.

This yields Table 3, which reports disclosure rates in August and
October 2023 for each obligation and regulatory exposure group (EU,
CH, and CH & EU), together with percentage-point differences be-
tween snapshots. Values are computed separately for each snapshot
using all valid policies observed at that time.

The descriptive evidence reveals marked differences across reg-
ulatory exposure groups. The EU group remains largely stable be-
tween August and October, with differences for all obligations
confined to a narrow range (-0.8 to +0.7 p.p.). In contrast, both CH
and CH & EU groups exhibit consistent positive changes across most
obligations. For the CH group, increases range from +2.4 to +6.7 p.p.
for all obligations except purp, with the largest gains observed for
port and comp. A similar but slightly attenuated pattern is present
for CH & EUwebsites. Absolute increases tend to be smaller for obli-
gations with higher baseline disclosure levels in August, consistent
with ceiling effects in near-saturated categories such as purp.

Baseline disclosure in August is also systematically higher for the
CH & EU group than for CH across nearly all obligations, suggesting
prior alignment with GDPR disclosure requirements among jointly
exposed websites. By contrast, CH-only websites start from lower
baseline levels and exhibit larger absolute increases by October.

To clarify whether these aggregate patterns are driven by partic-
ular website subsets, we further disaggregate October disclosure

rates by policy update status, website popularity, and policy lan-
guage. Policies whose text changed between August and October
exhibit the highest average disclosure rate (76.0%), followed by poli-
cies that became valid only in October (70.4%), while unchanged
policies disclose the least (64.9%).6 Website popularity is also asso-
ciated with higher disclosure completeness: websites appearing in
a country-specific Top 5k CrUX bucket average 74.9%, compared
to 67.5% for less visited websites. Language differences are more
limited between German and English policies (68.4% vs. 65.7%),
while Italian policies disclose more (70.5%) and French policies less
(53.3%); the latter estimates should, however, be interpreted cau-
tiously due to smaller sample sizes. We report the corresponding
obligation-level results in Appendix A.7.

Overall, the snapshot-level evidence points to disclosure in-
creases concentrated among Swiss-facing websites. Descriptive
comparisons alone, however, cannot establish whether these tem-
poral differences reflect statistically meaningful divergence across
the three groups.

5.2.2 Differential Change by Regulatory Exposure. To formally test
whether the descriptive differences documented above reflect sys-
tematic divergence across regulatory exposure groups, we conduct
an inferential analysis that isolates within-website temporal change
from compositional effects. Specifically, we restrict the analysis to
the balanced panel of websites with an observed policy in both snap-
shots. The balanced panel comprises 𝑁 = 11,800 websites observed
in both August and October 2023, including 2,012 EU, 6,682 CH, and
3,106 CH & EU websites.7 Restricting the analysis to this panel
ensures that estimated changes reflect within-website temporal
variation rather than shifts in sample composition.

The central question is whether the change in disclosure rates be-
tween August and October is significantly larger for the two groups
of Swiss-facing websites compared to the EU quasi-control group.
To address this question, we estimate, for each disclosure obligation,
a difference-in-differences model on the balanced panel using Ordi-
nary Least Squares (OLS). Given the binary disclosure outcome, this
specification operates in probability space, allowing the interaction
terms to be interpreted directly as differential percentage-point
changes. In contrast, non-linear models for limited dependent vari-
ables parameterize interaction effects on the odds scale rather than
in levels [2]. We confirm that our substantive conclusions do not
depend on the regression model choice by estimating a logistic
difference-in-differences model in Appendix A.10.

The dependent variable indicates whether the respective obli-
gation is disclosed in a given policy–snapshot observation. The
model includes indicators for time (October vs. August), group
membership (EU as the reference), and interaction terms between
time and group. In addition, we include two control variables to
account for potential variation in the baselines: website popular-
ity (CrUX popularity rank buckets) and policy language (German,
French, Italian, or English). These controls account for systematic
differences in disclosure practices associated with market reach
and linguistic context rather than the Swiss privacy law revision.
Standard errors are clustered at the website level to account for
repeated observations of the same policy across snapshots.

6We provide all details in Table 16 from Appendix A.7.
7Group membership is defined according to baseline (August) regulatory exposure.
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EU CH CH & EU
Obligation Aug Oct Δ p.p.1 Aug Oct Δ p.p.1 Aug Oct Δ p.p.1

contr 85.8% 86.5% +0.7 73.0% 76.9% +3.9 80.5% 83.2% +2.7
purp 99.3% 99.3% +0.0 98.7% 98.9% +0.2 98.4% 98.4% +0.0
rect 87.7% 87.5% -0.2 74.6% 77.3% +2.7 79.9% 82.5% +2.7
forg 89.7% 89.3% -0.4 76.8% 79.3% +2.5 82.5% 84.0% +1.6
port 72.3% 71.6% -0.6 46.4% 53.2% +6.7 54.4% 60.0% +5.6
comp 73.8% 73.0% -0.8 44.0% 50.2% +6.1 52.8% 58.0% +5.2
hum 26.6% 27.1% +0.5 16.4% 18.7% +2.4 23.2% 24.4% +1.2
Average 76.4% 76.3% -0.1 61.4% 64.9% +3.5 67.4% 70.1% +2.7
Total policies 2081 2176 – 7002 8195 – 3375 3962 –

1. Percentage-point differences (Δ p.p.) are computed within each group using all valid policies observed in August and October 2023, respectively.
The composition of policies differs slightly between snapshots.

Table 3: Disclosures by group and obligation (August 2023 versus October 2023).

In this linear specification, the interaction coefficients can be
interpreted directly as differential percentage-point changes in
disclosure rates relative to the EU baseline. As in any difference-
in-differences design, identification relies on the assumption that,
absent the Swiss regulatory revision, temporal changes in disclosure
would not have differed systematically between Swiss-facing and
EUwebsites.While the two-snapshot structure does not allow direct
testing of parallel pre-trends, the empirical stability observed in the
EU group between August and October provides a plausible baseline
against which differential changes can be evaluated. Moreover, over
short time intervals, policies can reasonably be expected to remain
stable in the absence of a relevant event, such as a court case or
extensive news coverage.

Because we estimate separate models for multiple disclosure
obligations, conducting parallel hypothesis tests increases the risk
of false positives. We, therefore, control the expected false discovery
rate using the Benjamini–Hochberg [13] procedure at 𝛼 = 0.05,
applied separately to the two families of interaction terms (CH vs.
EU and CH & EU vs. EU).

Table 4 reports the estimated percentage-point changes within
each group alongside the difference-in-differences interaction coef-
ficients relative to the EU baseline. The EU group exhibits minimal
changes across obligations, supporting the assumption that policies
remain largely stable over short time horizons in the absence of
a regulatory change. By contrast, the interaction terms for the CH
and CH & EU groups are positive and statistically significant for
all obligations except purp, indicating that Swiss-facing websites
experience significantly larger increases over time than the EU
quasi-control group. The strongest differential effects are observed
for port and comp, which also display the largest absolute increases
in percentage-point terms (see Table 3).

We further examine whether these differential changes are con-
centrated among particular website subsets by estimating inter-
action models with an aggregate disclosure index (Appendix A.7,
Table 19). The results indicate that website popularity primarily
explains disclosure levels: Top 5k websites disclose more in Octo-
ber, but the differential August–October increase is not confined
to them. Language mediates the response more substantially. The

increase is strongest among German-language policies, which dom-
inate the Swiss-facing sample, while estimates for policies in other
languages are smaller and should thus be interpreted with caution.
Finally, a descriptive decomposition shows that within-website
disclosure changes are concentrated among policies whose text
changed between snapshots, consistent with active policy revision
during the observation window.

Taken together, the inferential analysis shows that the tempo-
ral increases are concentrated among websites directly exposed
to the Swiss privacy law revision and significantly exceed the mi-
nor changes observed in the EU control group. While alternative
explanations, such as other concurrent jurisdiction-specific develop-
ments, cannot be entirely excluded, the observed pattern is consis-
tent with a significant increase in both mandatory (according to the
revised Swiss privacy law) and voluntary transparency disclosures
in the policies of Swiss-facing websites.

6 Privacy Policy Generators
As website operators pondered how to best update their policies
to become compliant with Swiss and potentially also EU privacy
law, our data offers preliminary evidence that some turned to auto-
mated policy generators (generators). In the following sections, we
describe the key characteristics of generators and the method we
used to detect their use to draft policies. We find that generators
are not only explicitly used by many Swiss-facing websites (18.2%
for October policies in the CH group), but that their use (1) slightly
increases over time and (2) is correlated with increases in disclo-
sure rates by up to 15 p.p. for some transparency obligations. We
also demonstrate that generators tend to output similar policies
with identical clauses, which likely explains the consistently high
disclosure rates exhibited by some generators.

6.1 Characteristics
While the various business models and functionalities of generators
complicate any simple definition, the core principle of a genera-
tor is to guide users through a questionnaire or similar process that
ultimately results in a tailored and (almost) ready-made policy (see
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Temporal Change (Δ p.p.) Differential Effect (vs. EU)
Obligation EU CH CH & EU CH: DiD Coef. (95% CI) CH & EU: DiD Coef. (95% CI)
contr +0.35 +2.38 +1.96 2.03∗ (1.53–2.53) 1.62∗ (0.98–2.26)
purp +0.10 -0.03 -0.13 -0.13 (-0.31–0.06) -0.23 (-0.46–0.01)
rect +0.20 +2.05 +2.38 1.85∗ (1.34–2.36) 2.18∗ (1.46–2.91)
forg +0.15 +2.17 +1.71 2.02∗ (1.51–2.53) 1.56∗ (0.85–2.27)
port +0.10 +4.89 +4.93 4.79∗ (4.15–5.44) 4.83∗ (3.88–5.77)
comp +0.00 +4.15 +4.15 4.15∗ (3.53–4.76) 4.15∗ (3.25–5.05)
hum +0.05 +1.69 +1.61 1.64∗ (0.99–2.29) 1.56∗ (0.68–2.44)

Percentage-point changes (Δ p.p.) are computed on the balanced panel of websites observed in both snapshots (𝑁 = 11,800; 23,600 policy–snapshot observations).
∗ indicates statistical significance after Benjamini–Hochberg [13] correction at 𝛼 = 0.05, applied separately to the CH vs. EU and CH & EU vs. EU interaction effects.

Table 4: Differential change in disclosure rates between August and October 2023.

generally [15, 18, 27]). We display part of the translated user inter-
face for the most widely used (yet no longer operational) generator
in our dataset called “SwissAnwalt” in Appendix A.11. Importantly,
users had to agree to cite SwissAnwalt as the source of their pol-
icy under threat of litigation before their tailored policy text was
generated. We are unclear whether SwissAnwalt actually followed
through on litigation threats, but evidence exists that a German law
firm offering a generator sends warning letters when its generator
is not referenced in the policy [69].

Other generators achieve an even higher level of automation,
essentially skipping the error-prone, manual entry of information
by the user. For example, PrivacyBee [60] advertises a policy gener-
ator on “autopilot,” claiming to automatically recognize all privacy-
relevant services used on a given website and to generate as well as
regularly update the website’s policy. For this service, PrivacyBee
charges a yearly fee of around $70 per domain.

None of the generators we identify in our study (see Table 5
below) publicly mention the use of generative AI to draft policies.
While this may change in the future and our definition does not
preclude it, we assume that policy texts are standardized enough for
generators to rely entirely on pre-defined clauses that are combined
together depending on the user input. Note that we exclude mere
templates that users must manually complete or modify from our
definition of generators, as generators are based on the notion that
the user is not intended to directly interact with the actual text of the
policy. While we carefully and manually ensure that all generators
identified in this study fulfill this definition (see Section 6.2), we ac-
knowledge that it is not always possible to perfectly and objectively
distinguish a generator from a template.

6.2 Generator Identification Method
To detect the prevalence of generators, we first sought to identify
all major providers. For this purpose, we introduced the exploratory
question org in our LLM-based analysis: “Does the policy mention
that it has been created with the help of a tool (e.g., policy gener-
ator) or template?” This very broad definition was used to collect
potential generators inclusively, with the aim of discarding false
positives in a subsequent manual step. Unlike the nine disclosure
dimensions defined in Section 3, the response to org is a string
value representing the name of the stated candidate generator, and
we did not validate the model’s output due to its exploratory nature.

Next, we manually inspected the model output to remove false
positives. Using the identified generators and associated text in poli-
cies, we then created a reliable, conservative dictionary of RegEx
patterns that we used to detect acknowledgment of each generator
in all policies (see artifact repository). We refined the RegEx pat-
terns until we achieved perfect accuracy on random samples of ten
policies per generator. We manually verified that the resulting 140
policies all actually disclosed the relevant generator. As a result,
precision is high, and our estimates should be interpreted as a con-
servative lower bound of generator use. This procedure allowed us
to overcome the model’s challenge of recognizing ex ante whether
the stated source of a policy is a generator or a mere template.

6.3 Generator Use and Disclosures
Table 5 presents generator use statistics. Generator use is pervasive,
with over 2,000 policies explicitly produced by one in the October
dataset. Their use accounts for 18.2% of all policies in the October
CH group. We observe disproportionately higher use of generators
for Swiss-facing websites. We also found use of EU generators for
Swiss-facing websites, but not the opposite.

In Table 6, we show generator use by policy language and top
website rank according to CrUX, i.e., the highest popularity bucket
across all countries (see Section 4), for all October policies. In this
table and in all the following ones, we analyze the policies of all
three groups together. Generators have predominantly been used
for German policies (16.4%), with all other languages averaging less
than 4%. This is likely due to many generators only being available
in German, which may explain the discrepancy in generator use
between Swiss- and EU-facing websites, as the latter group contains
a smaller relative proportion of German-language policies (see
Appendix A.4, Table 11).

Moreover, generators are mostly used by less popular websites,
with less than 5% of the policies from Top 5k websites indicating
use. This intuitively makes sense: larger websites are more exposed
to legal and reputational risks, and they presumably have more
resources to hire internal or external legal advisors.

We also inspected how generator use affects the disclosures of
policies. Table 7 illustrates that policies created with a generator are
associated with increased disclosure rates of up to 15 p.p. (right to
lodge a complaint). Disclosure of the controller’s identity—required
by both Swiss and EU privacy law—is also noticeably higher (+9.5
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EU CH CH & EU

Generator1 Aug Oct Aug Oct Aug Oct

SwissAnwalt (CH) 0 0 549 539 137 123
Datenschutzpartner (CH) 0 0 104 239 46 98
eRecht24 (DE) 9 9 146 136 11 11
PrivacyBee (CH) 0 0 55 177 20 45
DGD (DE) 28 29 64 61 40 34
activeMind (DE) 21 21 63 62 16 15
BrainBox (CH) 0 0 49 96 16 29
Schwenke (DE) 17 17 43 39 24 23
AdSimple (DE) 9 9 41 43 5 8
WeissPartner (DE) 5 5 32 30 12 12
Iubenda (IT) 5 5 20 23 11 15
MeinDatenschutz (DE) 9 10 16 16 5 5
LegallyOK (CH) 0 0 6 32 1 7
TrustedShops (DE) 0 0 14 3 5 5

With generator2 102 104 1200 1492 347 424
% of all policies 4.9 4.8 17.1 18.2 10.3 10.7
1 Name with country of origin in parenthesis.
2 Policies stating having used at least one generator. Only 13 policies
across all groups state having used two or more generators.

Table 5: Prevalence of generators (sorted by total use).

Language Top Website Rank
DE EN IT FR 5k 10–50k 100k+

Total policies 11855 1600 725 153 1108 7224 6001
With generator 1945 62 13 0 47 1000 973
Percentage 16.4% 3.9% 1.8% 0.0% 4.2% 13.8% 16.2%

Table 6: Prevalence of generators by policy language and
website popularity rank (all groups, October 2023).

p.p.). This pattern holds even when disaggregating generator use
by website popularity rank (see Appendix A.12).

The only exception is automated decisions, which are mentioned
by 7.5 p.p. fewer policies with a generator. This could be due to
the fact that generators are mostly used by smaller websites (see
Table 6), which perform automated decision-making less frequently
than larger websites (Top 5k websites refer to automated deci-
sions 13.2 p.p. more than non-Top 5k websites, see Appendix A.7,
Table 15). Without knowing which websites actually rely on auto-
mated decisions, we lack a conclusive explanation.

Finally, we inspected the heterogeneous disclosure across all
individual generators in our sample and present our findings for
the Top 5 generators in Table 8 (see Appendix A.12 for the full list).
While most generators achieve higher average disclosure rates than
the 67.3% observed for policies without any generator use (Table 7),
there are two prominent exceptions: SwissAnwalt and eRecht24.

SwissAnwalt illustrates the impact of choice architecture and
default configurations used by generators. As shown in Figure 6, the
generator provided an option to include data subject rights in the
resulting policy. Since Swiss data protection law does not mandate

Generator Used
Obligation No Yes Δ p.p.1

contr 78.8% 88.3% + 9.5
purp 98.6% 100.0% + 1.3
rect 79.7% 83.8% + 4.0
forg 81.8% 84.0% + 2.1
port 56.0% 69.0% +13.0
comp 53.7% 68.7% +15.0
hum 22.6% 15.1% -7.5
Average 67.3% 72.7% + 5.3
Total policies 12313 20202 –

1. The Δ column reports percentage-point differences for generator use.
2. October policies stating having used at least one generator.

Table 7: Disclosures by generator use (October 2023).

the disclosure of these rights, the corresponding selection box was
not pre-checked. Consequently, data subject rights appeared in the
generated output only when users explicitly opted in. Although a
substantial share of SwissAnwalt users nonetheless chose to dis-
close these rights, many did not. Given the high disclosure rates
of the other two major Swiss generators, Datenschutzpartner and
PrivacyBee, we suspect they mentioned these rights by default.

The story with eRecht24 is different: policies generated with
the tool simultaneously exhibit very high values (like the right
of access and rectification) and very low values (like the right to
data portability). Having inspected all October policies referencing
eRecht24, we found the following exact boilerplate text in 92.3% of
them (translated from German):

You have the right to receive information for free at
any time about your stored personal data, its origin and
recipients, and the purpose of data processing, as well
as the right to rectify, block, or delete this data.

The text does not mention the rights to data portability and to
lodge a complaint. Even though eRecht24 has been providing a
checklist that states that these two rights must be mentioned in
the policy since at least 2022 [68], most websites have apparently
not updated their policies accordingly. This is particularly salient
given that eRecht24 is based in Germany, where the GDPR requires
websites to disclose all data subject rights.

6.4 Standardization and Clusters
The use of standard clauses for disclosures is not limited to eRecht24:
the vast majority (88.3%) of policies generated with PrivacyBee—
which exhibit very high transparency disclosures—contain the exact
same paragraph disclosing user rights. This shows how textual
standardization can be either beneficial or detrimental depending
on the quality of the standardized clause. It also demonstrates the
path dependencies of generated policies if their pre-defined clauses
are not updated over time. For the generator Datenschutzpartner,
by contrast, we found evidence for several different versions of the
transparency disclosures.

713



Proceedings on Privacy Enhancing Technologies 2026(4) Luka Nenadic, David Rodriguez, and Joseph A. Calandrino

Generator contr purp rect forg port comp hum Average Policies Market Share

SwissAnwalt (CH) 92.5% 100.0% 57.8% 58.3% 45.5% 46.1% 1.4% 57.4% 657 32.7%
Datenschutzpartner (CH) 99.1% 99.7% 99.7% 99.7% 89.3% 99.7% 0.6% 84.0% 337 16.7%
PrivacyBee (CH) 99.5% 100.0% 99.5% 99.5% 98.6% 99.5% 47.7% 92.1% 222 11.0%
eRecht24 (DE) 5.8% 100.0% 98.1% 98.1% 5.8% 5.8% 1.3% 45.0% 156 7.8%
DGD (DE) 98.3% 100.0% 98.3% 98.3% 97.5% 95.0% 99.2% 98.1% 121 6.0%

Table 8: Disclosure rates by Top 5 generator and obligation for policies using a single generator (October 2023).
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Figure 4: Cluster analysis of policies by generator (Top 10) for October policies in German (𝑁 = 11, 855).

These observations motivated us to systematically analyze the
extent to which generators output standardized policies. This mat-
ters both in terms of disclosures mandated by Swiss privacy law
as well as the diffusion of the GDPR on a voluntary basis, as gen-
erators with standardized clauses exhibiting a high market share
can significantly affect both dimensions. In short, we find evidence
consistent with a relatively high degree of standardization.

We assess standardization in generator-produced policies by em-
bedding all German-language policies from the October snapshot
and projecting them to two dimensions using t-SNE [45] based on
cosine similarity. Similar visualization approaches have been used
to analyze standardization in legal documents [10, 11]. These tradi-
tional approaches first used term-document matrices like TF-IDF
to vectorize the text data. By contrast, we used the text embedding
model text-embedding-3-large from OpenAI [55] to preserve
the semantic structure of the policies. The embeddings were based
on each policy’s first 8,192 tokens, due to the model’s context win-
dow limitation. While some policies exceed this window, Badawi
et al. [10, p. 16] demonstrated strong performance clustering legal

documents with only the first 1,000 characters. We colored the
policies of the ten most widely used generators (see Table 5).

As shown in Figure 4, generators form distinct, albeit imperfect,
clusters. One possible reason for these imperfect clusters would
be that websites modify the generator’s output. For instance, one
website stated (translated from German):

This privacy policy was created using the privacy policy
generator from DGD [...] with a lawyer specializing
in data protection law, and the model privacy policy
provided by the law firm Weiß & Partner [67].

The provision of different outputs for different data processing
practices is, moreover, an inherent feature of generators. Gener-
ated policies that fall outside corresponding clusters may simply
originate from websites with unusual data practices (e.g., the col-
lection of atypical data). Furthermore, generators evolve over time:
different versions of the same generator (e.g., before and after the
GDPR) likely coexist in the October corpus of policies.
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7 Discussion
7.1 Assessment and Policy Implications
Our analysis offers evidence that the revised Swiss privacy law
significantly affected Swiss-facing websites’ policies. Moreover, we
find that the revision led to an increase of voluntary disclosures of
data subject rights, which would be consistent with—but not direct
evidence of—a delayed Brussels Effect of the GDPR in Switzerland.
Taken together, these findings highlight that, by revising their pri-
vacy laws, smaller jurisdictions can meaningfully increase both
mandatory and voluntary privacy disclosures.

Despite the revised Swiss privacy law having entered into force
back in 2023, it remains relevant to this very day. The Swiss data
protection authority [25] announced having received 1,406 reports
of violations of the Swiss privacy law from its entry into force
through January 2025. With Switzerland contemplating whether
and how to regulate artificial intelligence, both the Swiss Federal
Office of Justice [26] and a prominent legal scholar [74] have also
proposed to extend the current scope of the right to be informed
about automated decision-making (hum).

The generally strong performance of GPT-5 in assessing policy
disclosures in our multilingual pipeline raises two noteworthy dis-
cussion points. First, our dataset demonstrates how transparency
disclosures can be reliably identified in different languages with a
single English prompt. This implies that regulators in multilingual
jurisdictions can efficiently evaluate policy disclosures in German,
French, Italian, and English using our pipeline. The two caveats
are (1) that there must be an underlying codebook and annotated
dataset, which we release with our study, and (2) that the method
does not guarantee perfect performance, particularly beyond the
reasonably objective attributes we considered. Nonetheless, we ar-
gue that having ourmethod assist regulators in identifying potential
non-compliant policies could provide significant benefits. Second,
as our performance for the automated decision-making metric hum
indicates (see Figure 1), LLMs may still struggle to assess specific
dimensions of disclosures, which underlines the importance of both
carefully drafted codebooks and cautious AI use.

Finally, we find that generators are not only particularly preva-
lent for smaller German-language websites, but that their use is
connected to higher rates of transparency disclosures in the con-
text of this study. Policymakers should take note, as generators
need not be for-profit: the UK’s Information Commissioner’s Office
provides a free policy generator [36]. We welcome this effort, as
our findings suggest that generators can support small business
compliance. This is not to say that generators are perfect: Pan et
al. [56] document flaws in the synthetically generated policies they
inspect, and we fear that issues in generated policies may not be
subsequently rectified (see Section 6.3). Policymakers might wish to
consider generators as an intervention point, encouraging routine
auditing as well as timely updates of both the system itself and
outdated generated policies.

7.2 Limitations
Our study has limitations typical of empirical work in this area.
The short temporal time window was deliberately chosen to avoid
weakening our causal identificationmethod bymeasuring unrelated
subsequent events. We concede that the reported changes likely

constitute lower bounds of the revision’s true effect, as some orga-
nizations may have opted to comply at a later time. Our grouping
procedure, moreover, inevitably oversimplifies the territorial scope
of Swiss and European privacy law, but we believe it approximates
the websites subject to each privacy law regime reasonably well.
Our dataset also focuses on a restricted set of variables. Additional
dimensions such as website categories could be used as controls in
the regression analysis.

While manual annotations inevitably involve a degree of subjec-
tivity, we alleviated this issue through the iterative refinement of our
codebook until annotators reached at least acceptable agreement.
Furthermore, the LLM-based policy analysis cannot guarantee per-
fect reproducibility, since model outputs may vary slightly across
runs. Finally, our conservative generator identification method
minimizes the risk of false positives, potentially at the cost of un-
derestimating the true use of generators for drafting policies.

Despite these limitations, our paper sheds light on (1) the real-
world effects of a privacy law revision beyond the widely studied
European and American privacy laws, (2) the potential of LLMs at
large-scale multilingual disclosure assessments, and (3) the impor-
tant role that generators play in website policies.

8 Conclusion and Future Work
This paper extends our understanding of the real-world impact of
privacy law changes by investigating the effects of a Swiss privacy
law revision for 35,000 websites. Developing and validating a novel
multilingual disclosure assessment pipeline for policies, we demon-
strate that the revision significantly increased privacy disclosures
required by Swiss or European law. We also find that generators
can play an important role in helping smaller websites comply with
privacy legislation. This work paves the way for future research
along the following dimensions and others:

(1) How do privacy law revisions in different jurisdictions affect
transparency disclosures in policies?

(2) Do larger organizations with multilingual or multijurisdic-
tional policies voluntarily implement privacy law revisions
across all their policy versions?

(3) To what extent can our multilingual disclosure assessment
pipeline be used for different types of legal documents, such
as terms of service?

(4) Is generator use equally widespread in other countries and
for different legal documents?

(5) What can policymakers draw from these findings to improve
the details of privacy laws, monitoring and enforcement, and
quality and ease of transparency disclosures?

Pursuing this line of research could yield three key benefits for
enhancing privacy: (1) assessing the efficacy of privacy laws from
different jurisdictions can help us understand which approaches
work andwhich do not; (2) LLMsmay support regulators inmonitor-
ing specific aspects of compliance at scale; and (3) generators may
assist with privacy-related disclosures, particularly for resource-
constrained smaller businesses. We hope our work will spark future
research in these directions.
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A Appendix
A.1 Scraper Performance
We report the detailed scraper performance metrics as drawn and
adapted from Bernhard et al. [14, p. 59] in Table 9.

English German French Italian Average
Accuracy 0.73 0.70 0.75 0.72 0.73
Recall 0.88 0.78 0.81 0.91 0.85

Precision 0.78 0.86 0.77 0.73 0.79
F1 score 0.83 0.81 0.79 0.81 0.81

Table 9: Scraper’s policy classification metrics.

A.2 Bootstrap Confidence Intervals

Language Practice F1 CI Low CI High Positives (GT)

English ispol 0.933 0.837 1.000 22
English contr 0.929 0.812 1.000 13
English purp 0.933 0.842 1.000 22
English rect 0.971 0.903 1.000 17
English forg 1.000 1.000 1.000 17
English port 0.909 0.727 1.000 11
English comp 1.000 1.000 1.000 9
English hum 0.600 0.000 0.889 3
German ispol 0.983 0.947 1.000 29
German contr 0.909 0.786 1.000 15
German purp 0.983 0.947 1.000 29
German rect 0.950 0.867 1.000 19
German forg 0.977 0.917 1.000 21
German port 0.966 0.880 1.000 14
German comp 1.000 1.000 1.000 12
German hum 0.727 0.286 1.000 4
French ispol 1.000 1.000 1.000 27
French contr 0.833 0.686 0.941 15
French purp 1.000 1.000 1.000 27
French rect 0.927 0.827 1.000 19
French forg 1.000 1.000 1.000 20
French port 0.941 0.769 1.000 8
French comp 1.000 1.000 1.000 10
French hum 0.727 0.333 1.000 4
Italian ispol 1.000 1.000 1.000 22
Italian contr 0.950 0.869 1.000 20
Italian purp 1.000 1.000 1.000 22
Italian rect 0.977 0.919 1.000 21
Italian forg 1.000 1.000 1.000 21
Italian port 0.933 0.815 1.000 15
Italian comp 1.000 1.000 1.000 14
Italian hum 0.333 0.000 0.800 4
Overall ispol 0.980 0.957 0.995 100
Overall contr 0.905 0.849 0.951 63
Overall purp 0.980 0.959 0.995 100
Overall rect 0.956 0.918 0.983 76
Overall forg 0.994 0.980 1.000 79
Overall port 0.939 0.878 0.981 48
Overall comp 1.000 1.000 1.000 45
Overall hum 0.632 0.438 0.788 15

Notes. 95% confidence intervals (CI) are computed via policy-level
bootstrap with replacement (1,000 resamples; fixed seed). “Positives
(GT)” reports the number of positive cases per practice and language.

Table 10: Validation performance (F1) with 95% bootstrap
confidence intervals by language and practice.
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To quantify the statistical stability of our validation results, we com-
pute non-parametric 95% confidence intervals for all F1 scores using
policy-level bootstrap resampling (1,000 iterations; fixed random
seed). Resampling is performed at the document level to preserve
within-policy dependence across disclosure dimensions.

Table 10 reports point estimates together with bootstrap intervals
and the number of positive cases annotated per obligation and
language. For most disclosure dimensions, the intervals remain
narrow across languages, indicating stable performance estimates.
Wider intervals arise for hum, which reflects the conditional nature
of this obligation and its lower prevalence in the benchmark.

Overall, the bootstrap analysis corroborates the robustness of the
multilingual validation results while transparently characterizing
residual uncertainty across obligations.

A.3 Last Updated Date (October Policies)
Looking at the last updated dates (upd) for October policies, Figure 5
shows that most policies with an explicitly mentioned date (𝑁 =

5, 867) were last updated in 2023: either before the Swiss privacy
law revision (29.2%) or shortly thereafter (20.3%).

Figure 5: Last updated dates as a percentage of all October
policies that are explicitly dated (𝑁 = 5, 867).

A.4 Policy Language Distribution
We present the full group-level language distributions in Table 11.

EU CH CH & EU
Aug Oct Aug Oct Aug Oct

Websites 5903 5903 20477 20477 9093 9093
% With policy 35.25 36.86 34.19 40.02 37.12 43.57

% in German 57.95 56.94 90.55 90.73 79.11 80.29
% in English 17.64 18.75 7.34 7.08 16.41 15.45
% in French 1.44 1.10 0.80 0.90 1.45 1.39
% in Italian 22.97 23.21 1.31 1.29 3.02 2.88

Table 11: Dataset summary statistics.

A.5 Policy Length and Readability Metrics
Table 12 shows the mean and median word counts for all groups.

EU CH CH & EU
# Words August 2243 1818 2341
# Words October 2257 2125 2643
Δ # words +14 +307 +302
Δ percentage +0.6% +16.9% +12.9%

Table 12: Median policy word counts.

A.6 GDPR and FADP Terms
We compiled two multilingual lists of terms associated with the
GDPR (Table 13) and the FADP (Table 14) to create Table 2.

GDPR Terms

GDPR
2016/679
General Data Protection Regulation
DSGVO
DS-GVO
Datenschutz-Grundverordnung
Datenschutzgrundverordnung
Datenschutz Grundverordnung
règlement général sur la protection des données
RGPD
regolamento generale sulla protezione dei dati

Table 13: GDPR mention terms.

FADP Terms

235.1
Federal Act on Data Protection
Data Protection Act
DSG
nDSG
rDSG
Bundesgesetz über den Datenschutz
Datenschutzgesetz
LPD
Loi fédérale sur la protection des données
Legge federale sulla protezione dei dati

Table 14: FADP mention terms.

A.7 Disclosure Heterogeneity
Table 15 disaggregates October disclosure rates by update status (be-
tween the two snapshots), website popularity, and language across
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October Update Top 5k Website Language
Obligation no yes Δ p.p.1 no yes Δ p.p.1 de en it fr
contr 75.0% 88.8% +13.9 79.5% 86.8% +7.3 79.7% 79.9% 88.7% 75.2%
purp 98.8% 98.8% −0.0 98.9% 98.1% −0.8 98.9% 98.0% 98.5% 99.3%
rect 77.2% 85.6% +8.4 79.9% 85.1% +5.2 81.2% 75.1% 80.1% 64.1%
forg 79.5% 86.6% +7.1 81.8% 86.7% +5.0 82.9% 77.9% 81.7% 68.6%
port 53.2% 65.9% +12.7 57.2% 66.2% +9.0 58.4% 54.9% 60.4% 32.0%
comp 51.7% 62.8% +11.1 54.8% 67.6% +12.8 56.7% 49.4% 60.6% 26.8%
hum 19.3% 25.4% +6.2 20.5% 33.8% +13.2 21.2% 24.9% 23.6% 7.2%
Average 64.9% 73.4% +8.5 67.5% 74.9% +7.4 68.4% 65.7% 70.5% 53.3%
Total policies 9044 5289 – 13225 1108 – 11855 1600 725 153

1. The Δ columns report percentage-point differences for the yes subsets versus the no subsets.

Table 15: Disclosure per obligation across updated status, website rank, and languages (October 2023).

October policy status Average disclosure rate Policies
Unchanged text 64.9% 9,044
Newly valid in October 70.4% 2,419
Changed text 76.0% 2,870

Table 16: Average disclosure rates by October policy status.

all groups. The table provides the obligation-level results underlying
the summary reported in Section 5.2. Policies that were either newly
valid in October or textually changed between August and October
display substantially higher disclosure rates than unchanged poli-
cies (+8.5 p.p.). Table 16 further separates this pattern into policies
whose text changed between snapshots (“Changed text”), policies
that became valid only in October (“Newly valid in October”), and
unchanged policies (“Unchanged text”). This decomposition is con-
sistent with active revision during the observation window, though
it may also reflect broader standardization and learning dynam-
ics [38] in policy drafting. The descriptive decomposition, however,
does not allow these mechanisms to be disentangled.

Website popularity is also associated with higher disclosure rates.
Websites included in any country-specific Top 5k bucket exhibit, on
average, +7.4 p.p. higher disclosure rates than less visited websites
(Table 15). Language-related variation is comparatively modest. Dif-
ferences between German- and English-language policies remain
below 3 p.p. on average. Italian-language policies exhibit compara-
tively high disclosure levels, and French-language policies display
lower overall rates. The smaller sample sizes for Italian (𝑁 = 725)
and French (𝑁 = 153), however, warrant cautious interpretation.

Finally, Table 19 reports interaction models using an aggregate
disclosure index to assess whether the differential August–October
increases are concentrated among particular subsets of websites.
The results indicate that website popularity is primarily associated
with disclosure levels rather thanwith the reform-related increase it-
self. By contrast, the increase is strongest among German-language
policies, while the non-German interaction is negative, particularly
for the CH group.

A.8 Manual Annotation Corrections
In Table 17, we present all changes performed to the annotations
by our legal expert, including the relevant snippet for the change.
Naturally, the legal expert could not identify the relevant snippet if
they did not detect the relevant disclosure (see Policy 93). Policy 77
(denoted with a star *) represents a special case, as it constitutes a
website imprint that was erroneously annotated as a valid policy,
even though it did not mention personal data at all.

A.9 Impact of Annotation Corrections on Model
Performance

To ensure transparency regarding the post-annotation corrections
described in Appendix A.8, we additionally evaluated GPT-5 on
the original annotations prior to the corrections performed by the
legal expert. The original annotations are publicly available in our
artifact repository.

Overall, performance differences between the original and cor-
rected annotations are small. Across all language–practice combi-
nations, the mean change in F1 is 0.021, with a median of 0.000.
Table 18 reports the differences in F1 scores between the corrected
and original annotations across languages and practices. The largest
improvements occur in dimensions with very low numbers of posi-
tive cases, particularly hum, where even a single annotation change
can substantially affect the resulting F1 score. For the remaining
dimensions, differences are minor and do not alter the substantive
conclusions reported in Section 3.3. No systematic performance
regressions are observed across languages or practices.

These findings indicate that the corrections primarily improved
annotation accuracy without materially affecting the evaluation
outcomes. Importantly, the corrections were identified through
manual review of disagreement cases between model outputs and
human annotations, and were applied only where the policy text
unambiguously supported one interpretation. The robustness of
model performance across both annotation versions supports the
validity of the reported results.
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Entry Original Correction Relevant Snippet
Policy 2: hum 0 1 Art. 22 GDPR: In cases of solely automated processing with legal effects,

special rights are granted for data subjects.
Policy 5: upd 24/09/2024 24/09/2018 Version: #2018-09-24
Policy 6: purp 0 1 Personal information submitted to us through our website will be used

for the purposes specified in this policy. [...]
Policy 21: purp 0 1 The personal data entered by the data subject is collected and stored

solely for use at the location of the data controller and its own purposes.
Policy 23: rect 0 1 You may have further statutory rights, such as the right to have data

erased or corrected, to have data processing restricted and to have data
transmitted.

Policy 67: port 0 1 A certaines conditions, vous pouvez nous demander de vous transmettre
à vous ou à un tiers désigné par vous, vos données personnelles dans
un format courant.

Policy 72: contr 0 1 Identité du responsable de traitement : Les données personnelles sont
collectées par [...]

Policy 77: contr 1 0 NA*
Policy 77: purp 1 0 NA*
Policy 77: rect 1 0 NA*
Policy 77: forg 1 0 NA*
Policy 77: port 1 0 NA*
Policy 77: comp 1 0 NA*
Policy 77: hum 1 0 NA*
Policy 81: contr 0 1 Pour toute question ou demande liée au traitement de vos données

personnelles, vous pouvez nous contacter par e-mail à <redacted email>
ou par courrier postal à l’adresse : [...]

Policy 93: contr 1 0 NA
Policy 97: purp 0 1 In particolare, la scuola, ove pubblichi foto di alunni e insegnanti, trat-

terà delle immagini e lo farà al solo fine di documentare attività didat-
tiche di particolare pregio avendo cura di non rendere identificabili gli
alunni in mancanza di base giuridica che non si identifichi nel persegui-
mento di un interesse pubblico.

Policy 101: contr 0 1 Responsabile per la protezione dei dati: [...]
Policy 112: upd NA 25/05/2018 Questa policy, in vigore dal 25 maggio 2018 [...]
Policy 113: upd NA 25/05/2018 La presente Privacy Policy è aggiornata alla data del 25 maggio 2018
Policy 114: upd 01/07/2019 01/06/2019 Ultimo aggiornamento: giugno 2019

Table 17: Overview of the detected errors between the originally annotated and the corrected benchmark.

Lang. comp contr forg hum ispol port purp rect

EN 0.000 0.000 0.000 0.156 0.000 0.000 0.050 0.030
FR 0.048 0.091 0.024 0.061 0.000 0.118 0.018 0.022
DE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
IT 0.000 0.050 0.000 0.000 0.000 0.000 0.023 0.000
Overall 0.011 0.038 0.006 0.053 0.000 0.020 0.020 0.013

Table 18: Differences in F1 scores (ΔF1) between evaluations
using the corrected and original annotations. Positive values
indicate improved performance after correction.

A.10 Logistic Difference-in-Differences
Specification

To assess the sensitivity of the results to functional form, we re-
estimate the difference-in-differences models using logistic regres-
sion. This nonlinear specification models disclosure on the log-odds
scale and constrains fitted values to the unit interval.

All specifications match the analysis in Section 5. For each dis-
closure obligation, we estimate a logistic regression on the same
balanced panel of 𝑁 = 11,800 websites observed in both August and
October 2023 (23,600 policy–snapshot observations). The dependent
variable indicates whether the obligation is disclosed. The model in-
cludes indicators for time (October vs. August), group membership
(EU as the reference), and their interaction terms. As in the linear
models, we include CrUX rank categories and policy language as
controls and cluster standard errors at the website level.
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Moderator Term Coef. (p.p.) 95% CI

Top 5k website

post × CH +2.41 [2.07, 2.75]
post × CH & EU +2.32 [1.80, 2.85]
post × CH × Top 5k -2.46 [-5.05, 0.13]
post × CH & EU × Top 5k -0.71 [-2.20, 0.78]

Non-German policy

post × CH +2.51 [2.13, 2.90]
post × CH & EU +2.40 [1.84, 2.97]
post × CH × Non-German -2.18 [-2.98, -1.39]
post × CH & EU × Non-German -0.90 [-2.01, 0.20]

OLS linear probability models estimated on the balanced panel of 11,800 websites (23,600 policy–snapshot observations). Standard errors are clustered at the website level.

Table 19: Heterogeneity interaction models using the aggregate disclosure index.

Obligation CH: OR (95% CI) CH & EU: OR (95% CI)
contr 1.10∗ (1.07–1.14) 1.11∗ (1.06–1.16)
purp 0.84 (0.67–1.06) 0.80 (0.63–1.01)
rect 1.10∗ (1.06–1.14) 1.15∗ (1.09–1.21)
forg 1.12∗ (1.08–1.16) 1.11∗ (1.05–1.18)
port 1.21∗ (1.18–1.24) 1.22∗ (1.17–1.27)
comp 1.18∗ (1.15–1.21) 1.19∗ (1.14–1.23)
hum 1.12∗ (1.08–1.17) 1.09∗ (1.04–1.15)

Odds ratios correspond to the interaction terms from logistic difference-in-differences
models estimated on the balanced panel (11,800 websites; 23,600 policy–snapshot

observations). Standard errors are clustered at the website (origin) level.
∗ indicates statistical significance after Benjamini–Hochberg [13] false discovery rate

correction at 𝛼 = 0.05, applied separately to CH vs. EU and CH & EU vs. EU.

Table 20: Logistic difference-in-differences.

The interaction terms capture differential temporal change rel-
ative to the EU baseline on the odds scale. Table 20 reports the
resulting odds ratios. The qualitative pattern mirrors the primary
results: interaction effects for the CH and CH & EU groups are posi-
tive and statistically significant for all obligations except purp. As
in the primary specification, we control the expected false discovery
rate using the Benjamini–Hochberg procedure at 𝛼 = 0.05, applied
separately to the two families of interaction terms. The logistic
specification confirms that the differential increases documented
in Section 5 do not depend on the linear probability formulation.

A.11 Sample Generator Interface (SwissAnwalt)
Figure 6 displays part of the translated user interface for the most
widely used (yet no longer operational) generator in our dataset,
“SwissAnwalt” (retrieved using the Wayback Machine [72]). To
create a policy, a user needed to tick all boxes that applied to their
website, e.g., the use of a newsletter, and to provide information
about the identity of the controller (not visible in the screenshot).
While generating a policy was free, SwissAnwalt’s business model
seemed to rely on (1) using references in generated policies as
advertising and (2) referring users to the network of lawyers by
whom it was provided, who offered their services for a fee.

Figure 6: Translated excerpt from the latest available version
of the SwissAnwalt policy generator (March 2023).

A.12 Detailed Generator Disclosure Statistics
Table 21 confirms that generator use is associated with increased
mean average disclosure rates independent from the website pop-
ularity rank (CrUX). While generators are most prevalent among
less visited websites, these smaller websites also exhibit the highest
disclosure increases when using a generator. Moreover, in Section 6,
we have provided the disclosure metrics for the five most widely
used generators in Table 8. We provide the full analysis for all
generators in Table 22.
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Top 5k rank Top 10k–50k rank Top 100k+ rank

Obligation No generator Generator used No generator Generator used No generator Generator used
contr 86.3% 97.9% 79.7% 86.8% 76.1% 89.3%
purp 98.0% 100.0% 98.7% 99.9% 98.7% 100.0%
rect 84.9% 89.4% 80.7% 85.1% 77.4% 82.1%
forg 86.6% 89.4% 82.6% 85.4% 79.9% 82.2%
port 65.6% 78.7% 54.6% 69.8% 55.8% 67.7%
comp 66.9% 83.0% 52.6% 69.5% 52.2% 67.1%
hum 34.6% 14.9% 22.6% 13.9% 20.1% 16.3%
Average 74.7% 79.0% 67.3% 72.9% 65.7% 72.1%
Total policies 1061 47 6224 1000 5028 973

Table 21: Disclosure rates per obligation by rank group and generator use (October 2023).

Generator contr purp rect forg port comp hum Average Policies Market Share

SwissAnwalt (CH) 92.5% 100.0% 57.8% 58.3% 45.5% 46.1% 1.4% 57.4% 657 32.7%
Datenschutzpartner (CH) 99.1% 99.7% 99.7% 99.7% 89.3% 99.7% 0.6% 84.0% 337 16.7%
PrivacyBee (CH) 99.5% 100.0% 99.5% 99.5% 98.6% 99.5% 47.7% 92.1% 222 11.0%
eRecht24 (DE) 5.8% 100.0% 98.1% 98.1% 5.8% 5.8% 1.3% 45.0% 156 7.8%
DGD (DE) 98.3% 100.0% 98.3% 98.3% 97.5% 95.0% 99.2% 98.1% 121 6.0%
BrainBox (CH) 94.2% 100.0% 76.0% 75.2% 75.2% 73.6% 1.7% 70.8% 121 6.0%
activeMind (DE) 88.8% 100.0% 98.0% 98.0% 83.7% 75.5% 21.4% 80.8% 98 4.9%
Schwenke (DE) 89.9% 100.0% 96.2% 97.5% 89.9% 89.9% 12.7% 82.3% 79 3.9%
AdSimple (DE) 92.9% 100.0% 98.2% 100.0% 100.0% 35.7% 25.0% 78.8% 56 2.8%
WeissPartner (DE) 97.7% 100.0% 100.0% 100.0% 86.4% 86.4% 2.3% 81.8% 44 2.2%
Iubenda (IT) 100.0% 100.0% 79.1% 79.1% 79.1% 79.1% 14.0% 75.7% 43 2.1%
LegallyOK (CH) 100.0% 100.0% 100.0% 100.0% 89.7% 100.0% 15.4% 86.4% 39 1.9%
MeinDatenschutz (DE) 100.0% 100.0% 100.0% 100.0% 87.1% 77.4% 6.5% 81.6% 31 1.5%
TrustedShops (DE) 50.0% 100.0% 100.0% 100.0% 100.0% 100.0% 25.0% 82.1% 8 0.4%

Table 22: Disclosures by individual generator and obligation for policies using a single generator (October 2023).
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