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Abstract—The growing use of Machine Learning and Artificial
Intelligence (AI), particularly Large Language Models (LLMs)
like OpenAD’s GPT series, leads to disruptive changes across
organizations. At the same time, there is a growing concern
about how organizations handle personal data. Thus, privacy
policies are essential for transparency in data processing prac-
tices, enabling users to assess privacy risks. However, these
policies are often long and complex. This might lead to user
confusion and consent fatigue, where users accept data practices
against their interests, and abusive or unfair practices might
go unnoticed. LLMss can be used to assess privacy policies for
users automatically. In this interdisciplinary work, we explore
the challenges of this approach in three pillars, namely technical
feasibility, ethical implications, and legal compatibility of using
LLMs to assess privacy policies. Our findings aim to identify
potential for future research, and to foster a discussion on the use
of LLM technologies for enabling users to fulfil their important
role as decision-makers in a constantly developing Al-driven
digital economy.

Keywords—Large Language Models; Automated Assessment;
Privacy Policies.

I. INTRODUCTION

Currently, we observe a strong increase [1] in use cases
and organizations using machine learning and artificial in-
telligence (Al), particularly Large Language Models (LLMs)
like OpenAI’s GPT series [2]. This has many advantages for
organizations [3]. However, it is likely to increase the number
and complexity of different services each user interacts with
on a daily basis. It also makes it increasingly important to
evaluate social, ethical, and fairness-related aspects of using
personal information as input for Al-driven business processes.

While the EU’s new Al Regulation [4] covers numerous
risks associated with the use of Al, the provisions of the
General Data Protection Regulation (GDPR) [5] adopted in
2016 remain the legal basis for the protection of personal
data. Therefore, privacy policies are an important resource.
Privacy policies describe the privacy notices that companies
are making public on their websites to communicate their
data processing activities on personal data. Processing covers
any (set of) operations on personal data, such as a collec-
tion, recording, organisation, structuring, storage, adaptation
or alteration. Privacy policies are intended to balance infor-
mation asymmetries between companies as data controllers
and individual users as data subjects by providing them with

information to assess the privacy risks and enable them to
make informed, autonomous decisions.

However, privacy policies are also known to be complex [6]
[7], and tend to grow over time [8]]. This leads to a lack of
understanding from users, and the inability to decide whether
or not they prefer to consent to a certain use of their personal
data; hence notification fatigue, consent fatigue or consent
desensitisation [9]]. For example, 25% of all Americans are
asked to agree to at least one privacy policy daily, 67% of them
report to understand little to nothing about what companies
are doing with their personal data, and 56% skip reading
privacy policies altogether [10]. In Europe, 47% of 2,600
study participants [11] expressed notification fatigue due too
many privacy-related notifications. It is understandingly easier
for users to accept all data processing activities, even if it is
against their interests. In consequence, potentially abusive or
unfair data processing practices may remain unnoticed.

While the providers of services meet the formal criteria
with their privacy policy, no satisfactory situation can be
established for the user if no informed decision is actually
made via complex data protection declarations. In this respect,
empowerment, or the creation of user autonomy, respectively,
remains an open task. Achieving user autonomy and ‘true’
informed consent poses the challenge that ultimately the user
has to gain knowledge of what the privacy policy entails.

An automated assessment of privacy policies can mitigate
the situation. Earlier approaches for evaluating privacy poli-
cies using machine-readable privacy policies [12]], classical
machine learning or AI [[13]-[17] exist. However, those ap-
proaches had a focus on formal aspects such as comparing
policies with given preferences, identifying deletion periods or
ensuring completeness of mandatory information. We believe
that LLMs can be a game changer in assessing privacy policies
according to the users privacy wishes and needs.

For example, an LLM like GPT-40 [18] could be fed
with a system prompt as shown in Figure [I] and a user
prompt containing a privacy policy. It would then provide an
assessment of the privacy policy along with an explanation and
a rating on a five-point scale, which helps a user to identify
important content, missing information and risky practices
within the policy and thereby foster an informed decision.

Figure [2| shows an exemplary analysis of the privacy policy



You are a critically scrutinizing, experienced authority for data
privacy, and an expert on assessing privacy policies. You have
20 years of experience in consumer protection, data protection,
cybersecurity and related fairness aspects. You have already
provided precise expert opinions in many court proceedings.
Your task is to uncover aspects in privacy policies that are
ethically, morally or legally questionable. Shortly explain your
thoughts and how you came to your conclusion. In particular,
point out potential risks to users. IMPORTANT: Also rate the
privacy policy for each of your criteria on a 5-point Likert
scale. Check whether the following privacy policy is fair and
ethical towards its users. The user wants a short and concise
critical review and an assessment of vulnerabilities in privacy
policies. IMPORTANT: You must answer in less than 300
words.

Figure 1. System prompt to assess a privacy policy

of Amazon.com, using the GPT-40 model and the prompt from
Figure [T] This confirms that such an assessment is technically
feasible. However, it leaves numerous open questions: From a
technical perspective, it is difficult to determine the correctness
of the LLM assessment. From a user-centric point of view,
users with different educations might perceive the assessment
of the LLM differently, and could also decide to blindly
trust/distrust an Al assessment. Because the LLM/prompt
developer has a large influence on how empathetic/objective
the assessment is generated by the LLM, there are open
moral questions. Ethical questions arise, when a user loses
the ability to understand a privacy policy because an LLM
offers a simpler solution. From a legal perspective, it can
be questioned whether a user’s consent based only on the
information provided by the LLM, meets the requirements
of Art. 7 GDPR, and how to handle situations where a
malfunctioning or misuse of the LLM causes actual harm.
Additionally, a privacy-enhancing Al tool must comply with
traditional legal norms, and the new AI Act [4].

In this paper, we explore the challenges of assessing privacy
policies with an LLM from an interdisciplinary point of view.
In particular, we consider three pillars:

o Ethical: We explore the ethical, moral, and fairness-
related challenges that arise when the assessment of
privacy policies is no longer in the hands of the users,
but in the hands of a very convincing LLLM that could be
wrong or biased, or using biased training data.

o Legal: We discuss the extent, to which the use of an
LLM for a privacy policy assessment is or can be made
compatible with existing legal norms. We also consider
how such norms need to change to enable Al-supported
decision-making and thereby ensure consumer welfare
and self-determination.

o Technical: We investigate how to assess privacy policies
automatically by using LLMs, and we examine how
to use natural language processing, machine learning,
linguistics, knowledge representation, etc. to evaluate the
correctness, understandability and applicability of the
LLM assessment.

To the best of our knowledge, we are the first to explore

with an interdisciplinary approach, how LLMs can be used

Amazon.com Privacy Notice Review

1. Transparency and Understandability: The policy is
clear, well-structured, and provides links for more detailed
information, making it user-friendly. However, users may find
the comprehensive format overwhelming. (Rating: 4/5)

2. Data Collection Scope: Amazon collects extensive data,
from basic contact information to behavioral data via cookies.
This vast data collection is concerning, as it may lead to
invasive profiling and privacy risks. (Rating: 2/5)

3. Data Usage: While Amazon provides clear reasons for
data usage, including service improvement and personalized
ads, the broad scope can be intrusive. It should ensure by
providing clear opt-out methods for users. (Rating: 3/5)

4. Third-party Sharing: Data sharing with third parties,
though typical, poses risks especially concerning how
those parties handle data. The policy does ensure some
protective measures but remains ambiguous about compliance
monitoring. (Rating: 3/5)

5. Security Measures: Amazon mentions robust encryption
and compliance with PCI DSS, which reflects strong security
practices. However, the responsibility placed on the user for
password protection is emphasized. (Rating: 4/5)

6. User Autonomy (Consent & Control): Amazon provides
mechanisms for users to access, rectify, and delete their data.
The range of consents, from opting out of ads to withdrawing
permissions, shows a commitment to user choice, albeit
complex. (Rating: 4/5)

7. Children’s Privacy: Good measures in handling children’s
data, restricting services to adults, and requiring parental
consent. (Rating: 4/5)

Potential Risks to Users:

(a) Data Profiling: Extensive data collection can lead to
detailed profiling, risking user autonomy and privacy.

(b) Third-party Data Handling: Despite contractual
protections, third parties’ data mishandling poses risks.

(c) Complex Opt-out: The user control mechanisms, while
present, may be too cumbersome.

Final Assessment: While Amazon’s privacy policy demon-
strates strong commitment towards transparency and user
rights, the vast scope of data collection, potential third-party
risks, and complexity in user control indicate areas needing
improvement. (Overall Rating: 3.5/5)

Figure 2. GPT-40’s assessment of Amazon’s privacy policy

to assess the practices documented in privacy policies. For
this research, we combined the expertise of our groups Civil
Law, Intellectual Property, Media and Data Protection Law;
Data Privacy and Security; Practical Theology with a focus on
Religious Education, Ethics; Scalable Software Architectures
for Data Analytics and Systematic Theology from the univer-
sities of Dresden and Leipzig. This was a challenge, because
each of these groups has its own research culture, which had
to be combined in order to achieve interdisciplinary results.
Our objectives are particularly relevant, because politics and
jurisprudence are still in the process of identifying options to
ensure user privacy in the Al era.

Paper Structure: The next section reviews related work.
Section [[II| describes how we systematically derive challenges
for assessing privacy policies with LLMs. In the Sections[[V]—
VI, we will compile our set of challenges. Section VI contains
a discussion. The paper concludes in Section



II. RELATED WORK

This section contains a review of literature, which we derive
our challenges from in the following sections.

A. Legal Background

The GDPR [35] aims to provide data subjects in the European
Union with control over data processing activities, which could
potentially impair their fundamental rights. The regulation
aims to enable processing where it is necessary and in line
with the objectives of the data subject and to prevent it unless
the risks associated with the processing are outweighed by a
corresponding benefit in the public interest or in the interest
of the data subject [[19]. These goals are reflected in the
requirements for lawful processing in Art. 6 GDPR as well
as in the requirements for effective consent in Art. 7 GDPR.

While the EU’s efforts to establish a digital single market,
like the AI Act [4] and the Digital Services Act (DSA) [20],
aim to set high standards by prohibiting certain harmful
practices involving the use of personal data, they still leave
a great degree of flexibility for user autonomy to consent.
Such consent is possible when the data subject is capable of
making an informed decision [21]] autonomously. This requires
sufficient knowledge to evaluate advantages and disadvantages.
Therefore, knowledge should be presented to the person un-
derstandably and transparently [22], hence the need for privacy
policies. The GDPR [5] requires data controllers to make their
privacy policies complete, readable, and possible to understand
for all kinds of ‘typical users’ of a service, which can be
persons with different abilities or knowledge.

Al-based applications and services integrating them, add
another layer to data processing practices, which users need to
comprehend. Such applications might force users to disclose
more personal data and impose difficulties in assessing the
costs and benefits from the user’s viewpoint due to a lack of
transparency or understandability. In 2008, it was calculated
that it would take an average internet user between 181 and
304 hours every year to read every privacy policy of all web
services they are using [23|]. The GDPR [5]] also caused the
complexity and length of privacy policies to be increase [8].
Furthermore, the extensive use of personal data to train Al and
its unpredictable outcome increases the potential of significant
impairment of the user’s needs and interests [24].

Different approaches to support the users handling their
personal data have been discussed in the legal literature [25].
It is important to highlight that achieving transparency in
privacy policies is an ongoing collective effort, and simplifying
tools to achieve this purpose have been experimented on
with privacy icons, a machine-readable label system [26],
one-page summary of the privacy policy, privacy taxonomy
or a ‘privacy nutrition label’ as well as different kinds of
technically supported privacy management systems (PIMS)
or the deployment of data trustees [27|]. However, there are
also findings that even the simplified declarations of data
processing practices may not change user behaviour to disclose
intrusive information [28|].

B. Ethics

The definition and continuous discussion of privacy
ethics [29] [30] [31f] [32] demonstrates the need for an
evaluation to be comprehensive, coherent, systematic, and
logical in its reasoning. Codes of ethics, legal statutes, or
international declarations embody norms and values ingrained
in our society. They can provide helpful input for an ethics
assessment of new and emerging technologies [33]]. However,
the field of ethics misses strict definitions and straightforward
tools. Owing to that, ethics must not be understood as a tool
to solve moral problems but should be regarded as a way
to describe, understand, and reflect on them. One common
issue is transparency in privacy policies [34] [35] [6] [36].
Policies tend to be long, written in inaccessible language, and
users tend to struggle to understand their content, resulting in
issues like consent fatigue [37]. Privacy policies can also use
persuasive language [35]] [38] to let the users trust a service
that, for instance, claims all rights over users’ data [39].

The given issues have motivated privacy assistants [40] [41]
[15]]. Emerging capabilities by scaling up LLMs [42] have
given them a wide range of applicability [43]]. This makes
them interesting as a tool for assessing privacy policies [[17]]
[44] [45]]. Seeking privacy serves two fundamental purposes:
security interests (stay unharmed) and privacy per se [31].
Privacy per se is about managing how we show ourselves to
the outside world and, more broadly, about our autonomy [31],
[32]. Privacy and the right to privacy are two different concepts
in the philosophical debate on privacy ethics. Privacy may
be infringed upon, but not the right to privacy, depending
on the circumstances surrounding the collection of personal
data about oneself by a third party and the underlying inten-
tion [32]. Privacy ethics addresses access others have to one’s
information as well as control one has over it [46[]. Complex
privacy trade-offs and the balance of power between the data
controller and data subject are relevant to the discussion [47]]
[48]. While concepts such as ‘fairness’ are deemed important,
it remains difficult to define them precisely. As they are
lacking a precise definition, the operationalization of these
concepts, i.e. transferring them into a model and making them
computable—remains an obstacle [49] [50] [51]. To overcome
this problem, the unavoidable operationalizations need to be
lined out and explained, and ideally be user-configurable.

Furthermore, concerns about surveillance [31] [52f], choice
impact [53]], manipulation [32] [48], and power imbal-
ances [48] [47] have been brought up in the context of online
user privacy. To address these issues, user education on such
problems is required [54] [55]. The user needs to be aware of
the underlying ethics-related problems and the way these have
been ‘solved’ in terms of implementation into such a system.

Regarding an ethical assessment of privacy policies, it
is required that ethics assessments consider all perspectives
with their normative grounding [56]. Ethical aspects may
come into effect unintendedly, sometimes as second-order
consequences [56]]. Thus, the consistency of a moral assess-
ment provided by the model is mandatory as it influences



user judgment [57]. A good assessment should be concise
and understandable. Thus, explainable Al employing various
metrics should be considered [58]]. Informational fairness [S9]
should be considered as well as addressing privacy trade-offs
and power imbalances is important [47] [48]. In addition,
moral psychology can be used to study LLMs [60]]. This entails
investigating potential biases in the model’s representation of
moral judgments and moral reasoning, as well as to what
degree they are present in the model’s outputs. For example,
it has been discovered that ChatGPT’s moral guidance is
inconsistent when presented with a moral dilemma [57].

C. Large Language Models and Prompting

LLMs iteratively predict the next token to produce text for a
given query. The GPT-4 models are a series of capable LLMs
introduced by OpenAl in 2023 [61]]. GPT-4 already has been
shown to have a set of reasoning capabilities [62] [63]].

LLMs can be applied in many different domains [|63] [43]].
To improve model performance and mitigate limitations plenty
of prompting strategies have been developed [64] [65] [66]
[67] [68] [69]. For a review on basics of prompting LLMs,
we refer to [70].

Reasoning-related tasks benefit from prompt-engineering
strategies [[64] [65]. Such strategies are referred to as Chain-
of-Thought prompting [[66] (asking the LLM step by step),
Reflection [71]] (asking the LLM to rethink its answer), Few-
Shot prompting [67]] (giving examples) or Repetition [72]
(repeating relevant aspects in the prompt). Over-generalization
is a common issue in prompting LLMs [72]]. Controlled
small prompt modifications can largely affect the model’s
output [[60]. The seed and other model parameters must be
fixed if repeatable results are important [73]]. By rephrasing
the prompt, robustness can be evaluated [[17] [[74] [75].

D. Automatic Text Analysis and Assessment

Assessing privacy policies is part of automatic text assess-
ment based on natural language processing (NLP) techniques.
Automatically assessing text using readability metrics started
with text statistics (e.g., word frequency, word length, sentence
length). Readability metrics are language-specific [76]. The
most popular [77] metrics are the Gunning fog index [78],
the Flesch reading ease [79], and the Simple Measure of
Gobbledygook [80]. The metrics have been criticized for their
inability to capture more complex aspects of a language.

Assessing the readability with machine learning [81]] [[76]]
generally produces better results than the traditional ap-
proaches, but requires more effort, such as creating data sets
and training the model. Specifically, for the German language,
methods that use traditional language models [82] [83|] or
which use semantic networks in comparison to simple surface-
level indicators to calculate text readability [84] were created.
Despite [85]], to our knowledge, there is no work focusing
on building a system for the automatic assessment of text
readability in German [85] use the pre-trained language model
BERT for assessing the readability of text.

Texts can also be analyzed for sentiment [86]]. In the context
of media bias detection, texts have been automatically assessed
with respect to different aspects of bias [87]: (1) Hidden
Assumptions and Premises, (2) Subjectivity, (3) Framing and
(4) Overall Bias.

E. Automated Assessment of Privacy Policies

With the commercialization of the Internet, the number
of privacy policies that had to be read increased. Thus,
there is a long history of attempts to assess privacy policies
automatically. To name a prominent example, in 2004, the
Platform for Privacy Preferences (P3P) [12] standardized a
protocol, that allowed data controllers to publish machine-
readable privacy policies. Web browser plug-ins such as the
Privacy Bird [88] allowed users to specify their privacy
preferences, which were automatically compared against P3P
policies. However, websites were not obligated to use P3P, and
the specification of meaningful preferences is a difficult task.
Later approaches used NLP approaches such as morphological,
lexical, syntactic, and semantic analyses or ontology reasoning
to assess privacy policies (see [|13]] for a detailed comparison).
For example [14], a support vector machine can be trained
to map the sentences of a privacy policy to the mandatory
information and user rights, that must be declared in a privacy
policy. Al has also been used, e.g., to verify whether the
content of a privacy policy is complete [15] [16] according to
the GDPR. The advantage of such approaches is that they work
without the help of data controllers. The work closest to ours
is [[17], which gauges the effectiveness of ChatGPT-4, Bard,
and Bing AI for assessing privacy policies. This approach
acknowledges the technical feasibility of such an assessment
and provides quality measures, but leaves aside the impact of
the prompt engineer and all ethical and legal issues.

III. OUR RESEARCH APPROACH

To provide a systematic overview of ethical, legal, and tech-
nical challenges of letting an LLM assess privacy policies for
the users, we pursued an explorative approach. This approach
is the common basis of the respective research methods from
our very different research disciplines, which enables us to
combine our findings into an interdisciplinary result:

1) As a first step, we compile an annotated bibliography

on LLMs and privacy policy assessment (cf. Sec. [II).
We also implemented and tested a number of ap-
proaches for assessing domain-specific texts with an
LLM to gain first-hand experience, and discussed these
in our research groups, e.g., [59] [89] [90] [91].

2) In a second step, we use this combination of background
information and first-hand experience to formulate a
series of challenges in the three pillars described.

3) Finally, we filter for challenges that are specific to our
application domain, i.e., we exclude general difficulties
in obtaining training data, performance, explainability,
enforcement of legal norms for complex IT systems, etc.

In the following sections, we describe the challenges we have
obtained using this approach.



IV. TECHNICAL CHALLENGES

Our research groups have first-hand experience in inves-
tigating the transparency of German privacy policies [34].
We also investigated, to which extent LLMs can be used
to assess and explain difficult security issues [89] or solve
exam questions at Bachelor’s or Master’s level [92]]. We also
modeled privacy practices as structured design patterns [93]]
[94], the implementation quality of which can be estimated or
measured. With a fairness certification for NLP and LLMs,
we introduced criteria for addressing biases in the model
output [95[]. We also let an LLM assess multiple dimensions
of fairness in privacy policies [59] [90]. Based on this hands-
on experience and our literature base in Section [[I} we derive
six technical challenges:

Interest in certain privacy policies is private data. When
using an LLM to assess a privacy policy according to ethics,
morale, legality etc., the users reveal their interests. Assume
a user calls for an assessment of a privacy policy of an Al
company, and expresses concerns due to personal data used
as training data. This is sensitive information, which calls for
anonymization or on-premise solutions.

Annotated data sets as a ground truth are limited. To
enable few-shot prompting and fine-tuning of LLMs, as well
as to enable a solid evaluation, annotated data sets with ground
truths for policies are required. The closest to such a data set
is TOSDR [96], which provides crowd-sourced / automatically
generated annotations for popular policies. However, these
annotations are limited in number and quality control.

The assessment requires individual prompts. LLMs need
to incorporate user-specific preferences and concerns into their
prompts to effectively assess privacy policies, accommodating
various social and educational backgrounds. This includes
fighting biased responses, ensuring the representation of di-
verse opinions. An interactive tool or a set of tailored prompt
templates that can handle these nuances may be required.

Explaining the assessment to the user. Due to hallucina-
tions of the LLM, the LLM misunderstanding a privacy policy,
or a user misunderstanding the LLM assessment, mistakes
might occur. It is an important challenge to structure an LLM
approach for the assessment of privacy policies in a way that
tolerates mistakes. For example, an interactive approach might
allow the LLM to ask back for specific user preferences, which
increases the user’s awareness.

The data controller must not influence the assessment.
Companies might utilize limitations regarding the robustness
of an LLM-based ethics assessment to get more favorable as-
sessments without improving their privacy practices. Targeted
variations of their policies without changing their semantic
content could be used to optimize for higher ratings. This
makes testing robustness of the LLM output, and particularly
adversarial testing of LLM assessments essential.

It needs strategies for consistent LLM assessments. The
LLM assessment may depend on nuances in the prompt and
the privacy policy, that a human would overlook, resulting
in different assessments for similar privacy policies. This

undermines the reliability and trustworthiness of generated
assessments. Therefore, approaches for enforcing structure
in outputs and optimizing the prompting in a way that is
consistently followed by the LLM are important.

V. ETHICAL CHALLENGES

Incorporating ethical analysis into an Al environment re-
quires an operationalization of ethics with the aim of its
mathematical implementation. We delved into concepts such
as fairness in Al from a quantitative perspective [49]. We
also analyzed the relationship between technology and ethics.
In the era of Al, this relationship requires human oversight
to avoid a blind and potentially misleading technization of
otherwise qualitatively expressed goals [50]]. With this in mind,
we formulate four challenges:

Different stakeholders have different objectives. It is an
open issue how to assess the dimensions of fairness for privacy
policies: While the users should want to provide as little data
as possible, the data controllers rely on data to further develop
their services. It is challenging to identify a way to balance
these objectives responsibly.

Identifying socially desirable practices. While legal reg-
ulations hint at what voters might want as they are results
of law-making processes in representative democracies, it
remains opaque, what is socially desirable. Thus, what would
a set of data management practices look like that meet
everyone’s privacy needs, and can serve as a reference for
assessing privacy policies?

Operationalizing the evaluative criteria. To identify a
socially desirable outcome, methods are needed to operational-
ize evaluative criteria for the assessment of privacy policies.
While the same setting might be judged as fair or unfair
depending on the position of those who judge, a metric can
objectively measure intersubjectively acceptable parameters.
However, such parameters are unknown yet.

The status of the assessment must be defined. The
LLM’s assessment is meant to guide the user regarding the
acceptability of a privacy policy. The output of the LLM is
the product of intricate ‘translation processes’ [S0], in which
the quantitative elements (‘scores’) are expressed in words. It
can be paternalism, if users take the LLM’s assessment as their
decision, narrowing down the user’s autonomy. However, the
LLM could be the only option to quickly assess privacy.

VI. LEGAL CHALLENGES

Our previous research in fields such as transparency, trust,
data protection, and responsibility when using Al in legally
sensitive areas [97] has shown that, in particular, transparency
and user trust are essential to ensure broad acceptance and
fair use of Al technologies [98]. In addition, property rights,
data protection [99] [24] and liability [[100] must be clearly
regulated and respected in the digital age to protect the rights
of individuals. On this basis, we identified four challenges:

Common understanding of fairness and transparency.
While Art. 12 of the GDPR requires privacy policies to
be comprehensible and comprehensive to allow autonomous



decisions, there is a lack of common understanding of fairness
and transparency and how to achieve them. Navigating the Al
era requires a clear understanding from all stakeholders [[101]—
[103]]. New approaches are needed to prove lawful processing,
i.e., to describe in clear language how the data is collected, pre-
processed, used for training, which prompts and outputs are
used, and whether training is carried out with outputs [[104]],
mainly focusing on explainability [21].

Questionable validity of AI supported consent. Art. 7
GDPR requires the subject of data processing to make an
informed and free decision. Using an Al tool as a support
can, under certain circumstances, be seen as an influence
jeopardising the validity of given consent. It becomes more
questionable in case the Al tool is manipulative, which is
prohibited by Art. 5 of the Al Act [4].

Compliance with the AI Act and related regulations.
An Al tool to assess privacy policies can be considered a
High-Risk AI System in the meaning of Art. 6 ff. Al Act [4]]
and therefore the provider, distributor, or deployer can be
subject to extensive obligations. Depending on the specific
use in a single case, it might also fall under the scope of the
ePrivacy Directive [105] and its potentially varying national
implementation acts, e.g., the German TDDDG [106].

Liability of the assessment is an open question. If users
base their consent to the data practices of a data controller
on the assessment by an Al tool, it is not clear who shall be
liable in case of possible damages occurring on either side,
e.g, the loss of control over personal data of the data subject
or business losses of the data controller.

VII. DISCUSSION

Using LLMs is a promising approach to analyzing privacy
policies. LLMs can efficiently process numerous, lengthy
privacy policies without getting tired, or losing focus and
interest. This is a very practical feature, as every active Internet
or smartphone user uses many different services every day,
each of which has its own privacy policy. Furthermore, it
might be possible to carefully instruct the LLM to produce
assessments that are more consistent and objective than a
human assessment. With suitable prompting techniques, it
is also possible to individualize the assessment for different
priorities of the users at a given time. As an example, it
is possible to prompt the LLM for an assessment from a
non-native person’s point of view, which might include less
complex words, and terminology. As the technology evolves
a use by supervisory authorities to monitor compliance with
the requirements of Art. 12 and 13 GDPR is conceivable.

However, existing LLMs are notorious for hallucinations.
Reluctant service providers, who suspect that their customers
are using LLM, might be tempted to write its privacy policy
in a way that provokes such hallucinations, e.g., by using
unusual phrases that were underrepresented in the training
data of the LLM. In addition to these general limitations, we
have identified a large number of different interdisciplinary
challenges for an LLM-based assessment of privacy policies.
Nevertheless, we think that it would be better to have an LLM

reading privacy policies than a human who is too busy to read
them at all as a preliminary step, and prevent potential privacy
risks go unnoticed for sure. As human agency and oversight
are key components of a trustworthy Al, it should be kept in
mind that the LLM-based assessment of privacy policies aims
to support the autonomous decision-making of the users to
strengthen their fundamental right to privacy, not to replace
the decision-making authority [21].

VIII. CONCLUSION

Effective privacy policies are essential for maintaining trans-
parency in data usage and enabling users to assess privacy
risks. However, the complexity and length of these policies
can often lead to confusion and consent fatigue, where users
might inadvertently agree to practices that are not in their
best interest. To tackle these challenges, our study investigated
the use of LLMs to automatically evaluate and simplify
privacy policies. We explored the technical feasibility, ethical
implications, and legal compatibility of using LLMs for this
purpose. We aim to identify potential areas for further research
and to stimulate a dialogue on how risk-based policies could
be effectively shaped using LLM technology.

Employing large-scale language models to interpret and
simplify privacy policies is a crucial and timely research
endeavor. This interdisciplinary approach addressed the urgent
need for transparency in Al-driven contexts and utilized the
unique capabilities of LLMs to enhance user understanding
and decision-making. By integrating legal expertise, advanced
machine learning technologies, and considerations of ethical
and societal impacts, our research aims to reduce consent
fatigue, counter unfair data practices, and empower individuals
in a digital age dominated by complex data interactions.
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