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Abstract
For mobile developers to comply with privacy regulations, they
must create privacy policies that accurately describe their apps’
data practices. This requires a complete understanding of their apps’
behaviors, including those of embedded third-party SDKs. Despite
the complexity of this process, little is known about how privacy
policies are created and validated. To investigate, we interviewed
20 developers from around the world about their processes, also
observing them use a large language model (LLM) to prepare pri-
vacy policies for their apps. We found that developers struggle with
collecting information about third-party SDKs, even when they use
LLMs, and feel uncertain about the legal validity of LLM outputs.
Many developers do not seek legal assistance and believe that, as
long as app stores accept their privacy policies, they are protected.
Our findings suggest that reliance on LLMs and developers’ de-
sire to externalize validation may result in increasingly unreliable
privacy policies.

CCS Concepts
• Human-centered computing → Collaborative and social
computing; • Security and privacy → Human and societal
aspects of security and privacy; • Social and professional
topics→ Privacy policies.
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1 Introduction
Privacy policies are a prominent and inescapable component of
the modern online experience. Nearly every website and app has
one. Nearly no one reads them [68]. Nonetheless, having a privacy
policy is required under many regulations [2, 3] and enforced by
the major app stores [18, 42].
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To comply with these requirements, developers must accurately
describe the data practices of their apps, including third-party soft-
ware development kits (SDKs) and data (sub)processors. They must
also craft the privacy statement itself, which may need to adhere
to additional regional requirements, such as information or lan-
guage to include. If the resulting document is incorrect or otherwise
flawed, the developer may face legal consequences, thus raising the
stakes of a task that otherwise shares many commonalities with
requirements engineering [56]. However, this legal potential belies
the reality of the privacy policies’ creation. There are millions of
websites and apps, many run by individuals and small teams. Is it
likely that all of them seek legal counsel before publishing their
privacy policies?

This disconnect between legal expectations and real-life trade-
offs may explain why researchers consistently find discrepancies
between apps’ stated privacy policies and their actual behaviors [71,
123]. Such inconsistencies are particularly concerning because, de-
spite these inaccuracies, privacy policies are assumed to be true
and accurate by end users, app stores (who do not perform their
own verification [19, 33, 61, 62]), and academics (such as those
working on analyzing [71, 89] or improving the comprehension
of [21, 79, 113] privacy policies).

If we are going to continue relying on privacy policies, we need to
better understand how, in practice, they are being created. Moreover,
a stronger understanding of the creation process can inform and
support research that aims to create better tools for automating the
creation of privacy policies [52, 92, 118, 122]. These goals motivated
the first research question of our study:

RQ1: How do developers create privacy policies currently?
The question of how privacy policies are created, and their accu-

racy, accrues extra importance due to the emerging role of artificial
intelligence (AI). AI tools, primarily powered by large language
models (LLMs), have seen rapid adoption, especially for software
development [48, 83]. LLMs are now also widely used for document
generation, from co-writing creative content [30, 55, 88] to drafting
legal briefs and clinical trial documents [41, 67, 110]. It therefore
stands to reason that developers, already making active use of AI
for coding, may also adopt it for creating privacy policies. This
raises additional concerns about the documents’ accuracy, since
LLMs are well known for their hallucinations [29, 64, 82, 86]. On
the other hand, LLMs’ expansive training datasets, likely including
many laws and privacy policies, may in fact be helpful for crafting
better privacy policies, if used diligently (e.g., with cross-checking
and verification). Thus, results depend primarily on how developers
use AI tools. This too is an important open question that represents
the second focus of our study:

RQ2: How do developers create privacy policies with the
help of LLMs?
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To answer these questions and attain detailed insights into devel-
opers’ privacy policy creation processes, we conducted our study,
consisting of two main components. First, we recruited 20 mobile
developers with prior privacy policy creation experience from mul-
tiple regions of the world (Asia, North America, Europe, Middle East,
and Africa), interviewing them about how they currently create
privacy policies. We found that they rely on a variety of approaches,
including automatic generators, templates, examples from competi-
tors, and LLMs. Their workflow often involves starting with an
existing privacy policy and adjusting it to the particularities of their
current project. We also observed developers tailoring their policies
based on industry and regional regulations.

Second, we asked developers to demonstrate creating a new
privacy policy for one of their apps using an LLM (Claude Sonnet
3.5). Setting this task for all participants, regardless of whether
they presently used LLMs as part of their workflows, allowed us to
observe novice behaviors alongside established practices. In doing
so, we identified several distinct patterns in the way participants
prompted LLMs, such as providing most information upfront or
preferring iterative refinement—though nearly all participants used
fewer than four follow-up prompts. Most participants exhibited
medium or high levels of trust towards LLM outputs and indicated
that they would be comfortable publishing them with their apps
without any further validation.

Our work contributes insights into the real-world processes
behind privacy policy creation by individual developers and small
teams. It also illuminates the way developers, who are increasingly
adopting LLMs, use them for the legally-consequential process of
privacy policy creation. Our observations—that developers invest
relatively limited effort but exhibit high levels of trust towards
the results—serve to explain prior findings about inaccuracies in
privacy policies and as a caution that the veracity of privacy policies
may continue to be low as AI adoption grows.

2 Related work
Privacy policies have become the primary method to inform users
about how their data is collected, handled, and shared. But devel-
opers often lack the the necessary knowledge and legal expertise
to create effective policies.

2.1 Privacy policy analysis and generation
Analysis. Researchers have used a variety of techniques to analyze
privacy policies, including knowledge graphs [28], static analysis
for compliance checking [111], and crowdsourcing-based classifi-
cation [121]. More recently, several studies have explored using
LLMs for policy analysis tasks [24, 38, 89, 98, 106]. Others have
focused on improving privacy policy comprehension for end users
through summarization and simplified presentations [23, 113, 120].
However, these analysis and comprehension tools focus on under-
standing existing policies rather than helping developers create
new ones. While policy analysis is important, our work focuses on
the creation process rather than analyzing existing documents.

Generators. Researchers have explored different methods to au-
tomate privacy policy creation for mobile apps. Yu et al. developed
AutoPPGwhich employed static code analysis and natural language
processing to characterize Android app behaviors and identify data

flows not disclosed in existing privacy policies [118, 119]. Building
on this work, Zimmeck et al. created PrivacyFlash Pro, combining
static code analysis with questionnaires for iOS apps [122]. Jain et
al. introduced PriGen, using Neural Machine Translation to con-
vert code segments that process personal information to privacy
captions [52]. They also developed approaches for detecting pri-
vacy behaviors in Android apps, directly linking code behavior to
privacy notices [51, 53]. Extending this code-based approach, Camp-
bell et al. explored how static code analysis combined with deep
learning models can generate privacy policy captions that enhance
GDPR compliance [108]. This study complements the research by
Gardner et al. on helping iOS developers create accurate privacy
labels through interactive code analysis tools [33]. Shezan et al.
developed NL2GDPR, generating GDPR-compliant policies from
natural language descriptions of app features [96]. More recently,
Sangaroonsilp et al. created a system that prompts developers with
targeted questions to allow generating more comprehensive pri-
vacy policies than existing generators [92]. Despite these advances,
privacy policies are continuously found to lack accurate disclosures
about apps’ privacy practices [14, 72, 91].

Generation with large language models. LLMs have opened
new possibilities for automated policy generation. Pan et al. cre-
ated SeePrivacy, a multimodal framework that generates contextual
privacy policies for mobile apps [79, 80]. By combining GUI under-
standing with policy analysis, their system increased users’ will-
ingness to engage with privacy information. Bateni et al. proposed
using deep generative models for creating privacy policy content,
training models on annotated policies to automatically generate
privacy data practices [20]. Complementing this work, Malisetty
et al. evaluated quantized models for IoT privacy policy language
generation, studying whether they could transform policies into
simpler formats [66]. However, researchers have not yet studied
how LLMs are used in practice for policy creation.

Evaluation of generation tools. Researchers have shown that
automated privacy policy generators (APPGs) have limitations. Sun
et al. found that online APPGs often produce policies that fail to
cover essential privacy items and include unnecessary statements,
mainly due to their inability to analyze actual application code [103].
Pan et al. examined 10 common APPGs and analyzed over 46,000
privacy policies available on Google Play, discovering that while
approximately 20% appeared to be generated by automated tools,
many failed to fully comply with applicable privacy regulations [81].

Privacy policy and code consistency analysis. In another
line of work, researchers investigated the extent to which privacy
policies accurately described apps’ actual privacy behaviors. Wang
et al. developed GUILeak, which automatically detects data leakage
and analyzes corresponding privacy policy claims to see if they are
violated [112]. Other researchers developed PoliCheck for a similar
purpose and used it to analyze a large number of applications, find-
ing that many of them failed to disclose their privacy-sensitive data
flows to users [16]. Okoyomon et al. [72] and Andow et al. [15, 72]
similarly identified many apps that shared personal identifiers with
third parties without appropriately disclosing such practices. To
help developers fix these problems early, Li et al. created an Android
Studio plugin that gives real-time feedback during development
about possible privacy issues and showed that it led to improving
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developers’ privacy practices [60]. More recently, Xie et al. devel-
oped an LLM-based approach for checking privacy policies were
compliant with applicable regulatory provisions [115]. However,
there is still a need for approaches that allow connecting privacy
policy creation with code development more effectively.

2.2 Privacy policy creation as requirements
engineering

A number of researchers have approached privacy policy creation
through the lens of requirements engineering, treating policies as
outputs that should be derived systematically from software engi-
neering artifacts and legal requirements [17, 44, 56–58, 63]. Liao
et al. argued that a comprehensive approach to privacy requires
aligning technical system architecture with legal institutional de-
sign [63], while Anisetti et al. proposed using machine-readable pri-
vacy certificates to match privacy requirements with service guar-
antees [17]. Kosenkov et al. specifically addressed the alignment of
GDPR and software engineering specifications, emphasizing that
consistent requirements and system specifications are essential for
compliance and achieving Privacy by Design through modeling
GDPR content with original legal concepts [56]. Krstic et al. pro-
posed a model-driven development methodology that incorporates
privacy policies into system design, providing semantic-preserving
model transformations that generate system implementations en-
forcing given privacy policies by design [57].

Other researchers have focused on deriving policy documents di-
rectly from system design and code artifacts. Leicht et al. proposed
a tool-supported method utilizing data-flow diagrams collected dur-
ing privacy and security threat analyses to create the basic structure
of privacy policies [58]. Hjerppe et al. presented a technique for
constructing Layered Privacy Language policy data from web ser-
vice code bases with a static analysis tool [45]. And Mohammadi
et al. developed an approach for assisted generation using textual
patterns to support service providers in creating comprehensible
policies that comply with legislation [70]. Herwanto et al. focused
on privacy requirements engineering in agile contexts, noting that
most methodologies focus on waterfall approaches, and proposed
an NLP-based approach to identify privacy requirements in user
stories and automate the creation of privacy requirements based on
derived data flow diagrams [44]. These requirements engineering
approaches represent efforts to systematically connect technical
system design with privacy policy creation, though they remain
largely academic prototypes rather than adopted industry practices.

2.3 LLM-assisted writing
Researchers have studied how writers interact with LLMs across
different document-authoring contexts [93, 97]. For instance, Reza
et al. conducted a systematic review of 109 HCI papers and inter-
views with 15 writers, finding that desired levels of AI intervention
vary across the writing process, with content-focused writers pri-
oritizing ownership during planning while form-focused writers
value control over translating and reviewing [88]. Other research
has found that LLMs can improve writing productivity by 14% on
average, particularly benefiting novice workers [22, 30, 65]. On
the other hand, studies, such as by Kim et al., have found that

writers may over-rely on the LLM, often prioritizing its emotional
expressions over their own [55].

Beyond general writing, researchers have explored how LLMs
can be applied to create high-stakes documents in domains such as
law, finance, and healthcare [34, 90], where documents including
patent claims, legal reports, and medical records demand high reli-
ability and precision [116]. However, significant challenges emerge
when LLMs generate domain-specific documents, as they frequently
struggle with factuality, often generating a mix of true and false
information with factuality declining in later sentences and a rise
in unsupported claims [25, 99, 109, 114]. When deployed in legal
or medical fields, LLMs encounter limitations due to deficiency in
domain-specific knowledge [49, 50], with studies revealing that
baseline models achieved only 70-80% compliance and exhibited
factual errors in 18-43% of cases when drafting informed consent
forms [110] and showed limited performance (scores of approxi-
mately 40% or less) in clinical thinking, logic, and transparency
when generating clinical trial protocols [67].

Legal professionals showed preferences for documents perceived
as crafted by humans over those believed to be AI-generated [41].
While researchers have explored hybrid architectures combining
LLMs with retrieval-augmented generation to address these limi-
tations [59, 67, 110], privacy policy creation shares characteristics
with these high-stakes documents, requiring precise legal language,
regulatory compliance, and accurate disclosure of technical data
practices where the challenges of over-reliance, decreased owner-
ship, and factuality issues may be particularly problematic.

2.4 User-centered studies with developers
Beyond technical approaches, empirical studies have been con-
ducted with developers to understand their behaviors and needs.
They showed that developers struggle with basic privacy require-
ments regardless of the support provided.

Privacy compliance challenges. Senarath and Arachchilage
found that developers struggled when asked to embed privacy into
application designs [94]. Building on these findings, Alhazmi and
Arachchilage found that developers lack familiarity with GDPR
principles and dedicate their efforts to improving app functional-
ity [12, 13]. This finding was further validated by Horstmann et al.,
who asked developers to implement GDPR-compliant code, finding
that most of them submitted non-compliant solutions [47].

Communication and organizational issues. In addition to
individual challenges, research has revealed issues within develop-
ment teams. Tahaei et al. interviewed privacy professionals, finding
that they struggled with negative privacy culture, limited tool sup-
port, and technical complexity [105]. Additionally, Grover et al.
highlighted that while developers shape compliance through in-
terpretation of requirements, they often reduce compliance work
to one-time projects [40]. Experiencing communication challenges
between developers and privacy experts is another factor that could
hinder privacy efforts within product teams [46].

Privacy labels. Recent studies showed that developers experi-
ence challenges with creating privacy labels for iOS and Android
apps [54, 62]. Li et al. examined developers’ experiences creating
Apple’s privacy nutrition labels, identifying common challenges
in the creation process [62]. They also highlighted that developers
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need tools with interactive functionality and code analysis to guide
them through how to disclose their apps’ data practices in these
labels [33]. Building on these insights, Khandelwal et al. studied
developers working with Google’s Data Safety Section creation,
highlighting their challenges and the need for better resources [54].

2.5 Research gap
Despite major progress in privacy policy automation, there is a
notable absence of human-centered research examining the actual
practices of developers when crafting privacy policies, particu-
larly in the context of emerging LLM technologies. While existing
studies focus on creating automated solutions, they overlook how
solo developers and small teams, who often lack dedicated legal
resources, navigate this complex requirement in practice. Little is
known about their workflows, the tools they combine with LLMs,
or their strategies for handling regional compliance variations.

3 Methods
To find out how mobile developers create privacy policies for their
apps, we conducted 20 semi-structured interviews with both An-
droid and iOS developers.

3.1 Recruitment and participants
For this study, we were particularly interested in understanding
developers’ perspectives on creating privacy policies. Reasoning
that large organizations are more likely to delegate this responsibil-
ity to their legal team, we primarily searched for developers who
worked as freelancers or with small-to-medium sized development
organizations. We also required that participants had worked on at
least one privacy policy in the past year.

We initially attempted to recruit through the Google Play Store
by emailing more than 2,000 developers but received no responses
from this channel. We then focused our efforts on LinkedIn, Code-
mentor, and ADPlist, messaging more than 1,500 mobile developers
across these platforms [4, 6, 9]. We chose this approach because we
could review developers’ profiles and past experiences before con-
tacting them. We used targeted searches to identify freelancers and
developers at small-to-medium sized startups, using search terms
like “mobile developer” combined with “freelance,” “consultant,”
“founder,” “small business,” or “startup.”

Privacy regulations vary internationally, which can affect pri-
vacy policy creation approaches. For this reason, we recruited and
interviewed developers from five different regions: Asia, North
America, Europe, Middle East, and Africa. We were able to recruit
four developers from each region, for a final total of 20 interviews,
which were conducted between May and August 2025.

Our sample consisted of 17 male and 3 female developers. All
participants had at least four years of professional experience, with
the majority having seven or more years. All worked on Android
apps, and some also had iOS experience. They were employed
across a variety of industries, including heavily regulated sectors
like healthcare and financial services. Their current companies
ranged in size from small startups to large organizations. (Most
were from smaller organizations.) All participants also reported
experience using LLMs in their work. The complete breakdown of
professional backgrounds can be found in Table 1 (Appendix C).

Developers who participated in our study exhibited different
levels of sophistication when it comes to the legal aspects of pri-
vacy policy creation. Most (15/20) had a basic understanding of
privacy policy requirements, though nonetheless were fairly confi-
dent that their existing knowledge was sufficient to craft correct
policies. Four participants differentiated themselves by demonstrat-
ing greater awareness of the legal implications of privacy policies.
Rather than relying on themselves, they preferred to defer to formal
legal expertise, consulting experienced lawyers for legal verification
or using lawyer-provided templates. One participant worked di-
rectly in a compliance department with extensive legal knowledge,
representing a technical-legal hybrid approach.

3.2 Interview
Through a pre-interview questionnaire, we collected participants’
specific job roles, the types of apps theywere involved in developing,
the regions their products primarily targeted, their familiarity with
LLM tools, and whether they had used traditional or AI-assisted
methods for policy creation (Appendix A). We restricted participa-
tion to developers who were 18 years or older, had direct experience
creating privacy policies, and were fluent in English. Those who sat-
isfied our inclusion criteria were invited to participate in a one-hour
online interview session.

We started the interviews by asking participants about their
current processes for creating privacy policies, covering:

• teams involved in such processes,
• specific tools employed for privacy policy creation (e.g., tem-
plates, software libraries, and privacy policy generators),

• regulatory requirements considered when deciding on dis-
closures to include in privacy policies, and

• challenges they encountered.
We then focused on investigating how LLMs might guide them

throughout these processes by exploring their:
• prior experiences with LLMs for privacy policy creation,
• prompting strategies,
• approaches to validating LLM outputs, and
• circumstances that led them to seek guidance from LLMs
(e.g., handling app rejections from the Google Play Store).

We also asked participants a series of questions about how they
handle data safety labels; because these privacy disclosures undergo
more checking by app stores, we hypothesized that developers
may approach them in ways that contrast with privacy policies.
Ultimately, this portion of the interview did not yield substantially
unique insights, and we refrain from discussing it separately. Our
complete interview protocol is included in Appendix B.

A key component of our study involved participants demonstrat-
ing how they would generate privacy policies for real applications
they had developed. We asked all participants to demonstrate using
an LLM for this purpose, regardless of whether they currently used
LLMs as part of their workflow. While this approach meant that
some demonstrations would not reflect participants’ typical work-
flows, we felt it was valuable to collect data both on the way users
with experience approach this process as well as those who have
never done it before. Since usage of LLMs for privacy policy creation
is highly likely to increase, we can expect many more developers to
follow in their footsteps, making it important to understand early
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adoption patterns, capturing how developers might approach LLMs
when they first decide to try them for privacy policy creation.

For this purpose, we developed an interactive web application
that allowed us to observe participants’ actual LLM usage in real
time rather than relying only on their descriptions of their pro-
cess. Participants demonstrated their complete process by thinking
aloud while creating privacy policies for one of their apps using
our web application. The web app allowed participants to interact
with a large language model (Claude Sonnet 3.5) through a standard
chat interface. Participants received login credentials that allowed
them to access the application during the interview using their
own computers. The application automatically captured and saved
all prompts written by participants and responses generated by
the LLM. Participants could also edit and revise the generated pri-
vacy policies directly within the application. Participants’ prompts
were passed directly to the model without any system prompts,
preprocessing, or modifications by the researchers.

We conducted two pilot interviews with developers who were
previously unknown to us. (These were not included as part of
our main findings.) All interviews were conducted virtually us-
ing Zoom, with participants sharing their screens during the LLM
demonstration portion [11]. Interviews were recorded with audio,
video, and screen capture after obtaining consent from participants.
We used Zoom’s automatic transcription feature to generate initial
transcripts, which we then manually cleaned and corrected.

3.3 Analysis
Two researchers independently built initial codebooks based on
six interviews selected for their detailed content. They coded these
interviews using ATLAS.ti software for qualitative analysis [5].
Then, they merged their codebooks through meetings where they
discussed differences and resolved disagreements.

We applied the finalized codebook to the remaining interviews,
with all interviews receiving double-coding by both researchers.
The final codebook consisted of 70 codes that captured themes
related to privacy policy creation processes, influence of organiza-
tional factors and regulatory requirements on such processes, and
the resources that developers consult for guidance on policy gen-
eration (e.g., LLMs and privacy policy generators). The complete
codebook is available in supplementary materials.

We separately analyzed the prompts and interactions captured
through our web application. For each participant, we recorded
the number of iterations they performed, distinguishing between
the initial prompt and subsequent refinements (reprompts). We
coded the construction approach for initial prompts and, for each
reprompt, the type of modification requested. Our LLM analysis
codebook additionally included codes related to LLM usage, such
as developers’ confidence in LLM outputs, the approaches they
adopted to validate such outputs, and the challenges they faced
when they interacted with LLMs.

After completing all 20 interviews, we determined that saturation
was reached as no new themes were emerging from the data. While
our study design integrated interviews and demonstrations in single
sessions, wemaintained analytical separation between self-reported
practices (coded and analyzed as interview data, reported in Section
4.1) and observed behaviors (coded from screen recordings and

prompts, reported in Section 4.2). This separation ensures analytical
clarity while enabling triangulation during interpretation.

3.4 Ethics
This study received approval from our Institutional Review Board,
including multi-regional recruitment. To ensure broad compliance
with regional regulations, we followed principles including data
minimization, allowing participants to review and redact their data,
and deleting it on demand. Participants provided informed consent
through both the screening survey and verbal consent at the begin-
ning of each interview to record audio and video. We instructed
them not to share any confidential information during the inter-
views. Our research design did not require confidential details about
participants’ work. We focused on general patterns and common
practices rather than company-specific information. Participants
received a digital gift card worth $20 USD as compensation for
participating in the study.

3.5 Limitations
As with all qualitative research, our study is intended to provide
insights on the range of real-world behaviors rather than be fully
generalizable. Thus, while our participants represent a variety of
company sizes, industries, and countries, we do not claim that
our findings apply to all tech companies and teams. We provide
participant counts for key themes as additional context rather than
to support quantitative conclusions.

Participants were recruited based on their interest and willing-
ness to help rather than through systematic sampling. We made
efforts to achieve gender diversity in our sample, but the final
sample was male-dominated. This aligns with current industry de-
mographics, as developer surveys show that approximately 80% of
developers are male [101].

Our study design asked all participants to create a privacy pol-
icy using an LLM, even though not all currently used LLMs for
this purpose in their actual work. This means that the LLM us-
age patterns we observed may not fully represent the behaviors of
experienced LLM users or reflect participants’ typical workflows.
However, this approach was intentional. With LLM adoption grow-
ing, we wanted to understand not only current usage but also early
adoption patterns—how developers approach these tools when they
first decide to try them. The behaviors we observed from partic-
ipants without prior LLM experience for privacy policy creation
likely represent what many more developers will experience as they
begin experimenting with these tools. While our approach created
two sub-populations (those with prior LLM experience and those
without), we observed that their interaction patterns were substan-
tially similar, including prompting strategies, follow-up behaviors,
and overall trust levels.

The controlled setting of policy creation in our study differs
from natural workflows where developers might consult colleagues,
conduct additional research, or iterate over multiple sessions. This
approach trades off ecological validity in order to isolate LLM usage,
which enables controlled comparison across all participants. The
limited duration of a study session represents another ecological
limitation. However, we imposed no time limits, and all participants
stopped when satisfied with their output rather than due to time
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constraints. We also explicitly asked participants what they would
do differently in real-life situations.

In another trade-off, we chose to have participants work with
their own existing apps rather than hypothetical scenarios. This
provided authentic technical knowledge about app behaviors, third-
party SDKs, and data practices, which are necessary to evaluate
LLM outputs. However, this also means that participants had pre-
conceived expectations, having created a privacy policy for this
app at least once. Overall, our study’s design choices result in pol-
icy creation happening under conditions that are in several ways
different from real-life circumstances. While still illuminating LLM
interaction patterns, trust calibration, and validation approaches
under these specific conditions, future work should consider more
ecologically valid approaches.

Finally, our study design was exploratory rather than evaluative.
We examined creation methods with and without AI but did not
systematically compare them to each other, nor did we assess the
legal compliance or quality of resulting policies. We document cur-
rent practices and identify concerning patterns but cannot make
causal claims about whether LLMs improve or degrade policy qual-
ity. Such evaluative questions require future controlled studies with
systematic policy quality assessment [115].

4 Results
4.1 How privacy policies are created
We asked developers about their current workflows to understand
how they approach privacy policy creation.

4.1.1 Responsible parties. The first step towards a privacy policy
is deciding who is responsible for creating it. For solo developers,
there is only one choice, unless they outsource the development.
(Among our participants, none did.) In organizations with 2–10
employees (9/20 participants), a single person also typically had
the primary responsibility.

In contrast, in mid-size companies with 11–200 employees (6/20),
developers often generated initial drafts before sending them “to
higher management for approval” (P12). In some cases, they col-
laborated with product managers and product owners, defining
requirements and overseeing policy development. Team leads, se-
nior developers, and CTOs guided the process or reviewed technical
aspects in startup environments.

Large organizations (4/20) showed the clearest separation be-
tween technical and legal responsibilities. P11 explained that, in
their current role,1 developers are not involved as “it’s the respon-
sibility of a different team.” This is typically the legal team, with
dedicated compliance professionals handling drafting, review, and
multi-jurisdictional compliance. P3 described having previously
worked within a large organization’s structured compliance depart-
ment that included a “Senior Lead Consultant, IAM Policy Manager,
and Cyber Security & Information Management Officer.”

Additional specialized roles included documentation reviewers,
who verified compliance materials before publication (P19); mar-
keting teams, which participated in policy reviews due to data
collection communication impacts (P19); and external consultants,
1At the time of the interview, P11 worked at a large organization, but they also had
extensive hands-on experience creating privacy policies in previous roles at smaller
organizations.

who provided legal verification, particularly for sensitive data ap-
plications or regional compliance requirements (P8, P14, P15, P19).

Even when other teams are responsible for writing privacy poli-
cies, developers are still involved. P20 described their company’s
legal team requesting detailed input from developers: “They ask us
to give them the data that we gather, the channels that we transmit
those data to our server. . . and also if we are using any third-party
library in the app that may or may not gather or transmit users’
sensitive data.”

In consultancies and agencies that develop apps for external
clients, “it’s more about the client size” (P18). For example, for
smaller clients, P18 would gather information, create a draft, and
send it for approval, whereas “for bigger companies, they usually
have technical lawyers involved. Sometimes they even provide a
company-specific template. So, in many cases, my role is just to
review the document rather than write it from scratch.”

4.1.2 Organizational context. Beyond determining who creates
privacy policies, organizational context fundamentally shapes how
developers approach this responsibility, manage risk, and allocate
resources to compliance work.

Risk transfer and accountability. Freelance developers and
contractors often employ explicit risk transfer strategies when
working with clients. P5, who runs a development company with
contractors, described telling clients, “this is what I’ve done in the
past. I’m not a lawyer by any means, so this is just my strategy.”
While reassuring them that “I’ve been doing this for over 10 years
and never ran into an issue,” P5 instructed clients to proceed “at
your own peril.”

Resource allocation decisions. Solo developers and small
teams consistently justified their approaches through explicit re-
source trade-offs. While acknowledging the risk that “someone can
take you to court if things are not according to the law” (P10), they
still felt that professional legal review was financially out of reach.
Developers’ multifaceted roles put a pressure on their own time as
well: “in a small company, I’m usually the only one handling this
stuff, so I need to be really efficient. I can’t spend weeks going back
and forth” (P19).

Approval process variability. Larger teams and organizations
tend to have more structured processes, though we observed that
they can also be flexible in response to internal communication
patterns and timeline pressures. P12 described the unpredictable
nature of mid-sized organization workflows: “sometimes, if I’m
running late and the team is okay with it, I just generate the privacy
policy myself. I either publish it directly or send it to the backend
team or the website team to update the privacy policy section. But
sometimes I need approval first, so I’ll send it by email to someone in
HR or to higher-level management, like the CEO. Sometimes there’s
someone responsible for reviewing documentation who checks to
make sure everything is correct. So it goes back and forth.” The
variability within a single organization suggests that company size
categories may obscure important process differences.

4.1.3 Prerequisite information. During drafting the privacy policy,
developers need to collect the necessary information that will go
into it, which includes the data collection practices of the app and
any third-party dependencies.
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The majority of participants (12/20) discussed identifying and
categorizing the data their applications collect, including personal
information, sensitive data, and activity logs. P8 described their
process: “Usually, I start by listing out the features of the app and
thinking through what kinds of data we collect. . . Then I ask myself:
where is this data stored? Who can see it? Is it encrypted? Can the
user delete it? That becomes the foundation for what we need to
explain in the privacy policy.”

While P8’s information gathering was ad hoc, other teams rely
on documentation that already exists as part of their normal project
management workflow. P5, for example, reported: “we have a very
detailed document of everything we’re doing for this project, like a
50-page document listing every single feature.”

With either strategy, the detailed technical knowledge needed
highlights the crucial role that developers play in privacy policy
creation, as they are the ones most familiar with the app’s compo-
nents, such as permissions, various SDKs, and their behaviors. As
P20 pointed out, “No one has a better understanding than myself
about the technology that I use.”

A particular challenge for developers is accounting for the be-
haviors of third-party dependencies. Nearly all participants (19/20)
discussed investigating third-party SDKs, such as Firebase, Google
Analytics, AdMob, Crashlytics, payment processors, and social lo-
gin providers. Some reported obtaining this information from the
source, such as P13, who advocated, “the best way. . . is to go to
the SDK site and read their explanation of how data is collected
and stored.” Others relied on prior knowledge and assumptions:
“it’s always clear that if you’re using a Facebook SDK, they’re defi-
nitely going to track people” (P7). Participants also acknowledged
challenges when SDKs collect data they are unaware of.

4.1.4 Creation strategies. We observed mobile developers employ
four distinct approaches when creating privacy policies: modify-
ing templates or existing documents, using generator websites,
prompting LLMs, and writing from scratch.

Template reuse and modification. The most commonly used
approach (10/20) involves using existing privacy policies as a start-
ing point, then customizing them for the current project. Sources
of base documents include organizational repositories, competi-
tor policies, and sample templates found online. For example, P18
shared: “Mostly, we use standardized templates from researchers
who have conducted studies onmobile applications. . . There are peo-
ple who study mobile app development and then publish templates,
either for educational purposes or general reuse.” P13 described a
competitive analysis approach: “I looked for apps with a high num-
ber of downloads, a large user base, and sizable in-house teams. . . I
would copy those privacy policies, check them, and rewrite them
to fit my purpose.”

Some participants build upon their own previous work. P6 ex-
plained their approach of reusing “already existing policies” and
resorting to online templates only when an application is “totally
unique.” P10 also typically uses templates, explaining: “I have a
template that I’ve already written for other apps. Then I just fill in
the information,” while P12 refers to their “old privacy policies for
format and structure.”

Policy generator websites. The second most common ap-
proach (8/20) involves using automated policy generation websites,

such as Termly, TermsFeed, iubenda [7, 8, 10, 100]. These platforms
typically guide users through systematic questioning; P20 described
the process: “There is a wizard for completing these steps—the data
that we store, the permissions that we get, the way that users can
contact, and so many different information—and they will create a
template based on the information provided.” Participants appreci-
ated the systematic nature of these tools, particularly their ability to
ensure comprehensive coverage of regulatory requirements, prais-
ing them as “all-in-one solutions” (P11).

AI/LLM-assisted creation. An emerging trend (4/20 partici-
pants) involves using LLMs such as ChatGPT as the primary tool
for privacy policy generation: “The first step is creating a basic draft
of the privacy policy using ChatGPT” (P8). P5 described a more
complex approach, recommending that one “take a competitor’s
privacy policy, input it into an AI tool like ChatGPT or Gemini, and
prompt the LLM to generate a relevant policy for their business.”

Participants expressed mixed feelings about policies that were
generated using LLMs. P12 noted a key limitation: “The generators
usually ask more questions, questions I might miss. ChatGPT just
gives me what I tell it to give me. . .The generators, however, ask
me questions and want me to choose from options, which helps
generate a better privacy policy.”

From-scratch development. Just one participant described
creating privacy policies from scratch. P14 reported: “I wrote the
privacy policy from scratch” for their personal project and “created
the first version of my privacy policy by hand.” While they did not
use any generators, they mentioned examining similar applications
for guidance and using ChatGPT for “the last stage of writing to pol-
ish” their text. This approach required significant time investment
and careful research into relevant regulatory requirements.

AI for refinement and modification. Beyond primary cre-
ation methods, some participants (7/20) use AI tools for editing
and refining existing privacy policies rather than initial generation.
For example, P9 noted that they had previously used templates but
“more recently started using LLM tools to help refine the formatting
and structure.” Others similarly used “AI to check what things can
be improved or not” (P17) and “pick out points that a person may
not have written correctly, and also catch syntax errors” (P10). P6
also described using LLMs to “polish the document,” which entailed
using prompts like “Do you think I’m going to have any issues with
the Play Store?” They estimated that “the likelihood of getting a
rejection email [is] maybe 30% if you haven’t polished it” but drops
to 10% after AI feedback.

4.1.5 Factors influencing AI adoption. Among those developers
who have already adopted LLMs, the shift to AI reflects specific
perceived advantages, though these are tempered by persistent
concerns about reliability and legal adequacy.

Why developers turn to AI. For many participants, the deci-
sion to use LLMs came down to a simple calculation: time saved
outweighed other concerns. P1 estimated that “something that used
to take 2 or 3 days, I can now get done in an hour or even less,”
while P5 described the transformation as going “from like a 12-hour
task, before AI. . . to just doing a little bit of prompting.” This speed
advantage was particularly compelling for startups and solo devel-
opers operating with limited budgets, where hiring legal counsel
for every policy update was impractical.
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Beyond speed, developers valued LLMs for handling the tedious
aspects of policy writing. Rather than staring at a blank page, P11
appreciated that “at least ChatGPT gives me a pattern, and I know
what I need to change. Doing modifications is comparatively easier
than doing everything from scratch.” Some used AI selectively for
refinement rather than initial creation. P6 explained: “The only
point we use it is when we want to polish the document.” This
approach allowed developers to focus on substantive decisions
while delegating language refinement to the AI.

LLMs also proved valuable for reactive problem-solving. When
faced with app store rejections or compliance issues, several par-
ticipants turned to AI for rapid interpretation and revision. P1
described using LLMs to decode technical feedback: “It was helpful,
it explained more details about what was happening, what the error
was, and how I could solve it.” P19 had made this a standard practice:
“I usually copy and paste the exact error message or feedback from
Google Play into the LLM.”

Factors holding back AI adoption. Despite AI’s advantages,
most participants maintained reservations about relying on LLMs.
The most common concern involved legal validity, since AI might
“miss or simplify too much” (P8). Output quality presented another
barrier, with several participants feeling that “the LLM output was
too general” (P8) and that “it feels synthetic” (P14).

Another concern was whether information provided by LLMs
would be up-to-date. P13 was particularly wary of SDK-related
advice: “LLMs use a very old database, and they’re not up-to-date
with the current SDK versions.” P19 emphasized the stakes: “Legal
baselines change frequently. . . and not every AI model has the latest
information.” For domains with rapidly evolving requirements, P11
found it appropriate tomaintain skepticism: “ChatGPT is not always
right, and sometimes it uses outdated information.”

Some participants preferred traditional policy generators be-
cause they removed the burden of remembering what to disclose.
P12 contrasted the two approaches: “I’m more comfortable res-
onating with the traditional models because of the flow, it asks
everything in a step-by-step process, which I find better.” P19 iden-
tified the core risk: “The LLM relies entirely on what I remember
to tell it. That’s risky because I might forget something impor-
tant.” While LLMs offered flexibility, P2 noted that “in the previous
method [generators], we have a checklist.”

Finally, some participants encountered technical frustrations
that undermined their confidence in LLM workflows. P19 described
a particularly problematic pattern: “The constant changing of the
document when using multiple prompts. After 6-7 prompts, the
entire document might change completely, wasting hours of work.”

4.1.6 Tailoring targets. After the core privacy policy was complete,
participants reported engaging in additional tailoring, motivated
by regional and industry regulations.

Regional regulations. Regulations like GDPR, CCPA, andmany
other national and state laws pose various types of requirements
about what should be included in privacy policies [2, 3]. Most
participants showed awareness of these requirements, and some
mentioned that they incorporated regulatory compliance from the
project inception, ensuring their information gathering covers mul-
tiple jurisdictions: “For example, if an application is published in

three different regions, we have to create three different privacy
policies for those regions” (P11).

For prominent privacy regulations like GDPR, awareness ex-
tended beyond European developers to those serving European
markets. A participant explained their understanding of the techni-
cal implications: “If we’re making an app for Europe, their policies
apply. You have to keep the data there. So if you’re storing data in
a database, the server must be in Europe. You can’t host that data
in Asia or another region” (P17).

However, developers are not always well informed. Some, like
P12, learned about these regional requirements through app store
rejection experiences: “I’ve had a few issues with GDPR before. I
wasn’t aware of the requirements, and we initially planned not to
release the app in Europe. But later, while publishing, we ended
up including the Europe region, and the app was rejected by the
Google Play Store.” And P3, working in South Asia, highlighted
knowledge gaps in GDPR implementation: “GDPR is basically a
European concept. It is not implemented in South Asia yet; it is
not compulsory. . .But the flip side is, if you have a client who is
in the USA, UK, or Europe, basically, then they will force you to
enforce it.” They further noted misunderstandings about GDPR
requirements: “In South Asian countries like India, where I live,
they just think masking the username, password, phone number,
and email is enough. It definitely is not.”

Audience considerations. Participants consistently acknowl-
edged that user demographics affect their overall privacy policy
approach, with one explaining: “The user and audience do affect
it. And definitely, if you are making it for children, then it has a
different level of requirements than if you are making it for more
mature people” (P15). This consideration includes accounting for
user age, which can necessitate adherence to specific regulations
like COPPA or GDPR-K [1].

However, not all participants found it important to customize
privacy policies based on user demographics. One participant noted
there was “not a major difference” when considering user base fac-
tors (P11), and another indicated that user demographics “doesn’t
matter” to their approach (P20). Additionally, one participant men-
tioned never working on privacy policies for applications with child
users (P18), suggesting that the relevance of user base considera-
tions varies depending on participants’ specific project experiences
and target markets.

Industry requirements. In addition to region- and audience-
based requirements, developers also need to tailor their privacy
policies to the app’s industry. Examples include the healthcare
sector, where “HIPAA is even stricter” than GDPR (P3). Finan-
cial applications also demanded extensive documentation, as P19
observed: “I’ve worked on finance apps where we had to collect
[Know-Your-Customer] documents—national IDs, bank statements,
all that sensitive stuff. The privacy policy for those apps ends up
being like 10 pages long because you have to explain every single
piece of data you collect, how it’s encrypted, where it’s stored, who
has access to it.” Through our entire study, we observed that dif-
ferences in the tailoring processes across different industries (e.g.,
consumer apps versus finance) were more significant in scope than
differences due to varying regional regulations.
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4.1.7 Key insights from interviews. Developers rely on diverse ap-
proaches when creating privacy policies, including templates, com-
petitor examples, and automated generators. The creation process
is shaped by organizational size: solo developers handle all aspects
themselves, while larger organizations separate technical and legal
responsibilities. Developers are typically the ones with the most
complete technical knowledge about their apps, yet they consis-
tently struggle with gathering accurate information about third-
party SDK behaviors, even when consulting official documentation.
Regional regulations and industry-specific requirements drive pol-
icy customization, though developers are not always well informed
about them. Some developers already incorporate LLMs into their
workflows. While attracted by dramatic time savings, they remain
concerned about legal validity and outdated information. Because
LLMs rely entirely on what developers remember to disclose, many
still prefer the structured questioning of traditional generators.

4.2 How developers create privacy policies with
AI

In the second part of our interviews, we asked each participant to
create a privacy policy for their app using an LLM. Their actions
during these sessions illuminate patterns in how developers initiate,
structure, and refine their interactions with LLMs throughout the
policy generation process.

4.2.1 Initial prompts. When developers initiated their interaction
with an LLM, we observed three distinct approaches based on the
amount and type of information they provided upfront. Interest-
ingly, the participants who previously used LLMs as their primary
creation tools (see §4.1.4) demonstrated each one of these strategies.

Information-heavy initial prompt (13/20). The majority of
participants employed a strategy of providing all known details in
their initial prompt. This front-loading strategy typically covered
app functionality, relevant regulatory requirements, data handling
practices, and technical implementation details all in a single com-
prehensive prompt. Some participants employed a strategy where
their initial prompts heavily featured detailed technical specifica-
tions related to third-party SDKs used in their applications. P2,
for example, directly pasted the entire manifest file containing the
project’s dependencies into the LLM.

LLM-as-questionnaire (5/20). Several participants explicitly
requested the LLM to guide the information-gathering process by
asking necessary questions, explaining, “I’m not sure what kind
of information I need to share with the AI” (P1). Another partic-
ipant asked the LLM to function as an “expert at privacy policy
generation” and to pose “relevant questions” while indicating their
desire to “iterate until satisfied with legal considerations” (P16).
This approach typically resulted in the LLM providing comprehen-
sive questionnaires covering topics such as personal information
collection, device permissions, third-party services, age restrictions,
data storage practices, and geographic compliance requirements.

Reference-based refinement (2/20). A smaller number of par-
ticipants utilized existing competitor policies as models for the LLM.
One participant demonstrated this strategy by asking the LLM to
create a policy using “URLs to Fiverr, Upwork, and Freelancer pri-
vacy policies as references from multi-million dollar companies
to ensure legal coverage and similarity” (P5). Another participant

would first detail their “app features and third-party libraries, then
use a reference URL to regenerate or refine the policy’s style and
precision” (P2), specifically asking the LLM to make the policy
“precise and near to the reference” after providing the external URL.

4.2.2 Follow-up strategies. Developers demonstrated varied ap-
proaches to refining the LLM-generated privacy policies, with most
engaging in multiple rounds of prompting before deciding that they
were done.

Number of follow-up prompts. Some participants (7/20) used
minimal refinement (0–1 reprompts), relying heavily on initial
prompts or references and finding the results immediately satis-
factory. Many participants (11/20) made 2–3 reprompts, engaging
in iterative gap-filling processes where they provided comprehen-
sive initial prompts and then added missing technical details and
compliance requirements that emerged after reviewing the initial
LLM output. The remaining participants (2/20) engaged in multiple
rounds of detailed adjustments (4-6 reprompts), addressing similar
types of issues but more thoroughly.

Areas of refinement. Participants focused their improvements
on a few specific areas where they found the LLMs’ outputs de-
ficient. Technical and implementation details frequently required
additional specification, such as clarifying how permissions are
used, data storage policies, and third-party service integrations.
Many developers needed to add specific SDK information that was
initially overlooked in their prompts. Compliance and legal require-
ments represented another major refinement area, with participants
asking the LLM to update details about age restrictions, data reten-
tion policies, and compliance with additional regulations. Business
logic and app-specific features required frequent refinement to reflect
actual app functionality. Participants added details about payment
processing methods, marketing consent management, cookie and
tracking clarifications, and data deletion processes that were spe-
cific to their applications’ operational requirements. Format and
presentation refinements requested by participants included specific
policy structures, tone modifications, and company information.
These were motivated by both regulatory requirements and organi-
zational communication standards.

4.2.3 Trust in output. When participants told us that they were
done creating the privacy policy for their app, we asked them
whether they would be comfortable submitting this policy to an
app store in a real-life situation, as well as to rate their comfort with
the final output on a scale of 1 to 10. We found that participants’
comfort correlated with the degree of validation they wanted to
perform. (More on validation below, in §4.2.4.)

High trust. The plurality of participants (10/20) rated their
overall comfort in the 8–10 range, demonstrating high levels of trust
towards the LLM’s output. Those in this group included developers
who had iterated extensively with the LLM, such as P7, who said,
“I felt very comfortable because I forced the LLM to ask clarifying
questions, which resulted in a more thorough output that prevented
overlooking details.” However, the group also included many who
had fewer turns but were happy with the results from their initial
input: “Not really [many edits needed], because my initial prompt
was just nice” (P18).

Developers in this group suggested that they would not feel the
need to perform much validation. Most commonly, their validation
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strategy involved “just sending the first draft to Google Play and
seeing how it goes” (P1). Nonetheless, even in this group, some
acknowledged limitations of their knowledge, such as P11, who
rated their comfort at 8 while explaining, “I’m not a lawyer, I have
very limited knowledge. So, it looks good to me, but when an expert
in this field looks at it, they will see it from a different perspective.”

Medium trust.A significant subset of participants (7/20) showed
only moderate levels of trust (6–7) towards the LLM’s output, typi-
cally seeing some value but highlighting its limitations. For example,
P20 reflected: “I found the output good for small apps but wished it
could be more elaborated and that the LLM had asked more detailed
questions, similar to how template generators function.” Critiques
most often focused on the policy being generic and missing details:
“The output is too generic, and it’s not completely aligned with
actual app behavior” (P8). These issues encouraged those in this
group to seek extra validation, such as P12, who noted: “I felt the
output was too concise and lacked the detailed explanations pro-
vided by other policy generators, requiring me to cross-reference
with old privacy policies to ensure completeness.” In addition to
referencing existing policies, another strategy from a medium-trust
developer involved drawing on legal assistance: “it’s better to be
confident in the privacy policy by showing it to a lawyer, maybe
someone who is responsible for that” (P14). Participants in this
group were also more likely to make substantive changes to their
policy while iterating on it.

Low trust. A small number of participants (2/10) indicated mini-
mal trust towards the LLM output (1–5), stating “I would not publish
this the way it is” (P6) and citing multiple reasons. P4, for example,
had concerns ranging from formatting (“Yeah, just the text struc-
ture, text with some bullet points. [. . . ] It’s not a very user-friendly
kind of text.”) to end-user reactions (“I think users won’t like it,
and they might get stressed, like, ‘Can I consent to this?’ or ‘Is
it not safe? I don’t want to consent?’ ”). Notably, both low-trust
developers worked in regulated industries and preferred validation
with multiple stakeholders besides themselves.

Factors influencing trust levels.We observed several patterns
in the way trust varied across participant characteristics. All three
participants from large companies exhibited high comfort with
the policies. A potential explanation is that they had less direct
familiarity with policies and were more used to relying on others
for validation. In contrast, both low-trust participants came from
medium-sized organizations, which often accord greater individual
responsibility. As noted above, both also worked in regulated in-
dustries (finance and healthcare). However, other participants with
experience in the same industries rated their comfort significantly
higher, suggesting that industry alone may be an insufficient pre-
dictor of comfort, and there are probably other factors at play, like
how much regulatory support someone has at their organization
or their own personal experience with compliance issues.

4.2.4 Validation approaches. While study participants did not en-
gage in the full range of validation activities they would perform
in real life, they did tell us about the strategies they would employ.

Reliance on app stores. Many developers treat platform ac-
ceptance as their primary indicator of policy adequacy. As one
participant explained: “You just submit it, and as long as you don’t
get a notification from Google asking you to change something you

didn’t do, then that’s fine. So, Google is the one that determines
whether it’s done” (P7).

Comparing to existing policies. Some developers validate
their documents by comparing them to existing policies from well-
known companies and competitors who, they believe, would have
documents that underwent legal vetting. Some use LLMs for this
aspect of the process as well: “One more step I would apply is
copying and sending the LLM the version of an existing privacy
policy from our competitors, and finding the points that are missing
in our privacy policy. Then I need to recheck them” (P13).

Checklists. Some developers utilize checklists to ensure all
required elements are included in their policies. These checklists
may be internal documents developed within their organizations
or publicly available guidelines from platforms like Google Play
and Apple App Store.

Manual refinement and editing. Even when using LLMs, de-
velopers perform extensive manual editing to refine language, add
specific details, and ensure policies feel authentic rather than artifi-
cially generated. As discussed in §4.1.1, in organizational settings,
drafted policies often undergo review by multiple team members
beyond the developer who created them, such as product owners,
managers, or other developers. When a legal team is available or
in high-stakes situations, developers may further opt for a legal
consultation: “before submitting it to Google Play, I’d make sure it
also goes through the legal team” (P11).

Asking LLMs about issues. Some developers feed their drafted
policies back into LLMs, requesting analysis of potential problems
or areas for improvement. Some participants mentioned comparing
outputs from different LLMs like ChatGPT and Gemini to identify
discrepancies and validate the reliability of generated content. If
their app was rejected from the app store, some participants also
used LLMs to help understand complex rejection messages and
develop appropriate responses.

Despite their reliance on LLMs, participants acknowledged the
limitations of these tools, like their propensity for invalid assump-
tions: “AI makes a lot of assumptions, for example, on the age here,
it just assumes it’s suitable for people of a certain age, when actually
that would depend on specific regions” (P18). Ultimately, regard-
less of specific validation approach, in the absence of automated
legal validation tools, there is a high degree of uncertainty about
policy adequacy: “There’s no proper validation to check whether
the privacy policy is legally 100% perfect or not” (P16).

4.2.5 Challenges. Despite the benefits that developers reported
from using LLMs for privacy policy generation, our study revealed
numerous challenges and limitations that affected the quality, ac-
curacy, and usability of the generated policies.

Outdated information. Participants reported concerns about
potentially outdated information: “Sometimes they get data from
older sources, not up to date. Sometimes they get fresh data, but
sometimes they hallucinate as well” (P10). This issue is particularly
problematic given the rapidly evolving nature of privacy regula-
tions: “Legal baselines change frequently for different jurisdictions,
and not every AI model has the latest information, which could
create potential legal issues” (P13).

Incorrect assumptions. Another recurring problem involved
LLMs “making assumptions about things they might not have
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enough information about, or might not know. For example, re-
garding permissions, data security, or data storage, they might as-
sume things are one way when they could be different” (P9). These
assumptions often led to the inclusion of irrelevant or incorrect
information in the generated policies.

Users grew further frustrated when they failed to get the LLM to
remove the incorrect information: “It brought in a lot of unnecessary
points, or data that I do not collect. In a follow-up prompt, I explicitly
mentioned: remove the date of birth, remove the technical data, I
do not collect that. But it did not” (P6).

Third-party integrations and SDKs. Participants reported
that LLMs consistently overlooked or inadequately addressed third-
party components: “A common mistake is LLMs ignoring third-
party content. For example, when using Google Fonts, the AI might
not automatically include details about third-party service usage”
(P19). This oversight created significant gaps in policy coverage,
particularly for applications with multiple integrated services.

The challenge extended beyond simple omission to uncertainty
about what data third-party SDKs actually collect: “One big chal-
lenge is tracking down exactly what data third-party SDKs collect
or store” (P8). As a result, this uncertainty left participants in diffi-
cult positions where they acknowledged gaps in their knowledge:
“If they’re doing something additional, or if they’re doing something
we’re not 100% sure about, that, to be completely honest, I guess
we don’t always know” (P5).

Lack of specialized knowledge. Participants working with
specialized applications found that LLMs failed to recognize critical
domain-specific obligations. A developer working on a psychology
application noted: “The tool must recognize the purpose of the app,
and because the prompt mentioned the term ‘psychology,’ it should
have picked up that it’s a psychological tool. And it should have
adhered to the client-counselor confidentiality act” (P3).

4.2.6 Opportunities. After they were finished with the policy cre-
ation, we asked participants about features they would want to see
in an ideal tool for generating privacy policies.

Interactive guidance.Most participants expressed a vision that
was largely similar to existing (non-LLM) privacy policy generators,
in that it would take a more proactive role in gathering informa-
tion through “a wizard that asks the right questions” (P19). P19
further highlighted the advantage of this approach: “The generators
also force you to think through scenarios you might not consider.
They have these comprehensive checklists built in with different
app types. The LLM relies entirely on what I remember to tell it”
(P19). However, participants still valued that LLMs offered “more
custom. . .more customized. . .more convenient” solutions (P7) and
wanted to see tools that combine the best of both worlds.

Updated regulatory requirements. Corresponding to con-
cerns about missing or stale legal information, many expressed a
desire for guaranteed up-to-date and vetted legal details. Some even
suggested retaining an expert human in the loop: “if a professional
lawyer sees this and notices that there are flaws in it, then [they
would have] the LLM to fix what the lawyer observed” (P15).

Automated analysis. Participants expressed enthusiasm for
automatic app analysis to identify data collection practices: “an
ideal tool [. . . ] should take all of your files, one by one, and then
analyze them. Then, if you click, it will generate the policy” (P17).

Notably, this is the exact behavior offered by a number of academic
prototypes [52, 81, 118, 119, 122]. Our interviews suggest that their
features are desired but production-ready implementations are
unavailable or unknown to developers.

4.2.7 Key insights from LLM demonstration sessions. Most partici-
pants front-loaded information in comprehensive initial prompts
rather than engaging in extended iterative refinement, with the ma-
jority making fewer than four follow-up prompts. Despite minimal
iteration, participants exhibited high trust in LLM outputs, with
most rating their comfort level at 8 or above on a 10-point scale. For
validation, rather than seeking legal review, participants indicated
that they would rely primarily on app store acceptance, compar-
isons to competitor policies, or asking LLMs to review their own
outputs. LLM-generated policies exhibited persistent limitations,
including outdated regulatory information, incorrect assumptions
about app functionality, inadequate coverage of third-party SDK
behaviors, and lack of domain knowledge for regulated industries.
These observations suggest a significant gap between developer
trust and the actual reliability of LLM outputs.

5 Discussion
5.1 Key implications about current privacy

policy creation
As the first study of how mobile developers create privacy policies
with and without AI tools, our results shed light on an evolving
workflow and carry important implications for researchers, plat-
forms, and end users.

Developers create legal documents without legal assis-
tance. Our results confirm intuition and prior research: due to lim-
ited budgets, many privacy policies are crafted without legal assis-
tance, by individual developers or small technical teams [12, 96]. Ar-
guably, developers do not need lawyers in order to list all their apps’
data flows and behaviors. However, previous studies have found
that, in practice, developers struggle with privacy requirements
because they are not familiar with legal standards [12, 94, 107]. This
gap between technical and legal knowledge may result in incom-
plete or invalid privacy policies [20, 80]. As our results illustrate,
definitive resources about what to include in privacy policies may
not exist or may be unknown to policy creators, who may also sim-
ply not have time to identify applicable privacy laws and understand
what they require [14]. Instead, developers infer the requirements
from previously published policies, or defer this determination to
others like generator websites or, increasingly, LLMs.

AI and non-AI approaches face trade-offs.While most de-
velopers in our study still used templates and automatic generators,
some already used LLMs as their primary tool, and others used AI
for refinement and modification of their drafts. Each strategy has
advantages and limitations. Although developers value privacy pol-
icy generators due to their systematic questioning [33, 92], studies
have shown that their outputs can still be incomplete and may not
meet all necessary legal requirements [80, 103]. For their part, LLMs
require users to be sophisticated in their prompting, otherwise they
end up with generic policies disconnected from the reality of the
applications. On the other hand, LLMs offer greater flexibility and
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customization, allowing users to ask follow-up questions and in-
troduce new resources and requirements. Going forward, hybrid
approaches may be the most promising.

Third-party SDK handling remains a persistent challenge.
Research has consistently traced many compliance violations to
third-party SDKs and their unclear data practices [16, 69, 72, 87].
Our interviews confirm that developers struggle with this issue
despite concerted efforts to investigate their apps’ dependencies.
Unfortunately, the use of LLMs injects greater uncertainty rather
than improving the situation. LLMs are likely to provide confident
claims about the behavior of any specific SDK. These assertions
may be out-of-date, hallucinated, or in fact completely correct—but
it may be very difficult for developers to distinguish these scenarios.
Ideally, any claims about SDKs should be verified; however obtain-
ing ground truth about SDK behaviors is challenging [16, 119]. To
improve the situation, SDK publishers should provide more trans-
parent, comprehensive, and comprehensible privacy documentation.
Especially if published in machine-readable formats, it could be col-
lected and consolidated for easier automated reference. Incentives
from regulators may be needed to achieve these outcomes.

Developers rely on app store validation, which is nearly
nonexistent.Many developers consider app store acceptance of
their privacy policy as confirmation of its legal compliance. Both
Google Play and Apple’s App Store do perform some automated
validation of data safety labels [35, 43, 75, 76] (though even those
have been found to contain inaccuracies [32]), but there is minimal
evidence of similar validation for privacy policy content [31, 43].
Google Play appears to perform basic checks such as verifying
privacy policy URLs exist and are accessible [73, 74, 77], and Apple
checks some privacy manifest file requirements and App Track-
ing Transparency compliance [36, 37, 78]. However, to the best of
our knowledge, neither platform conducts substantive content vali-
dation of privacy policies [26, 27, 84, 85]. (We note that our—and
developers’—understanding of this is shaped by online discussions,
as neither platform clearly articulates how, if at all, they validate
privacy policies.) This validation gap makes developers gain con-
fidence from platform approval while actual compliance issues
persist [15, 72]. To avoid this problem, app stores should be more
transparent about whether and how they validate privacy policies.
If, as we suspect, the current validation is minimal, they should
consider introducing more automated checks, as they already do
for security issues [39, 43].

LLMs’ trust may be unearned. Developers in our study ex-
hibited high levels of trust towards the privacy policies generated
by LLMs, even in their initial versions: very few performed more
than one or two follow-up prompts. Those with higher trust to-
wards the output iterated even less on the results and were more
likely to say they would go ahead and submit them to the app
stores. While it is possible that the LLM got everything right on
the first attempt, it seems likely that errors would slip in with-
out more thorough vetting, which few seem inclined to engage
in, even outside the artificial setup in our study. The behavior we
are observing is analogous to what we see with AI users in other
domains: when they receive output that looks plausible and passes
any immediately-available tests, they are likely to accept it without
any further scrutiny [95]. This resonates with findings from other
writing contexts, where users were found to give LLM outputs high

ratings on perceived competence [65] and exhibit over-reliance on
the models [55]. However, unlike creative or conversational writing
where imperfect outputs may be acceptable or even desirable for
exploration, privacy policy inaccuracies about data collection or
SDK behaviors can lead to regulatory violations. While prior work
on AI-assisted writing has focused on preserving author agency
or enhancing creative expression [55, 88, 93, 97], privacy policy
generation demands different interventions centered on factual
verification, technical accuracy validation, and legal compliance
checking rather than authorship or style concerns.

Privacy policies should be treated with skepticism until
verified. While many people skip over privacy policies, some peo-
ple do read—or at least skim—them [102], as they are typically the
only reference available about a service’s privacy behaviors. Pri-
vacy policies are also an important instrument for regulators and
researchers trying to understand app behaviors, as evidenced by the
large volume of research on analyzing, interpreting, and explaining
privacy policies [20, 53, 71, 79, 98, 108, 123]. By and large, these
privacy policy consumers assume that what they are reading is
accurate. Yet, research suggests that this is not the case [104, 117].
Prior work has also documented the time pressures and knowl-
edge limitations that challenge developers navigating privacy deci-
sions [12, 13, 47]. Our study extends this understanding by shedding
light directly on the privacy policy creation process. We find that
it is not always a meticulous, thorough procedure undertaken by
well-informed experts. For many developers, it is as simple as open-
ing ChatGPT and asking it a few questions. That the results may
be incomplete will surprise no one familiar with LLMs. But, as a
field, we have yet to fully accept the implications: we cannot as-
sume privacy policies to be correct. Until they have somehow been
validated, we should approach them the way we would treat any
vibe-coded artifact: with suspicion.

5.2 Design implications and future work
Our findings reveal specific challenges and opportunities for de-
signing LLM-based privacy policy creation tools that differ from
traditional generators or templates. We outline design implications
grounded in observed developer behaviors and pain points.

5.2.1 Overcome LLMs’ limitations. As our study demonstrates,
there are clear pitfalls in relying on LLMs for privacy policy gen-
eration, yet developers still see considerable value in using them.
This suggests the possibility for system designs that combine the
strengths of traditional generators with the advantages of AI in
order to address pain points and improve developers’ experiences.

Balance structured workflow with flexible inputs. Devel-
opers valued policy generators’ systematic questioning but also
appreciated the flexibility and customization LLMs offered. Future
tools can provide checklists and follow structured workflows while
integrating more conversational interfaces. For example, they could
allow natural-language inputs so that users can provide more com-
plex inputs, such as uncertainty, edge cases, and context-dependent
scenarios. The tools can also allow users to ask follow-up ques-
tions based on the suggestions provided. This would preserve the
comprehensiveness of traditional generators while maintaining
conversational flexibility.
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Enable retrieval of up-to-date information. Stale informa-
tion is a large issue for those using LLMs for privacy policy genera-
tion, with the two primary areas of concern being SDK behaviors
and the specifics of policies and regulations. However, systems can
overcome this limitation by removing the reliance on the infor-
mation encoded in the models. Instead, techniques like retrieval-
augmented generation and web search can be used to query online
sources, such as documentation websites and online repositories,
in order to ensure that the tools can draw on up-to-date facts.

5.2.2 Support developer workflows. Currently, developers create
privacy policies through a combination of tools and techniques that
draw on disparate sources. They also consistently point to time as
a limiting factor. There is an opportunity to make the process more
efficient while also increasing the reliability of the end result.

Achieve a stronger understanding of the app’s codebase.As
we observed, the first step for developers is typically to get a handle
on their own app’s behaviors. This is something LLM-driven coding
agents, such as Claude Code and OpenAI’s Codex, are becoming
increasingly proficient at. They can therefore be used to streamline
the initial information-gathering phase to collect inputs for privacy
policy generation. This approach can be used to augment—or even
just to trigger—more principled app analysis frameworks developed
by prior research [20, 66, 79, 118, 119, 122].

Streamline common scenarios. Our findings identify several
workflows common to many developers, such as comparing can-
didate policies to previously published examples (from the devel-
opers themselves or from more established corporations). Design
workflows could explicitly scaffold this process by building in se-
mantic similarity comparisons to templates and already-published
policies. Another manual workflow that can be automated is cross-
comparing the recommendations of different tools, such as different
LLMs and generators. LLMs can also explain why something should
be included, not just that it should be, providing an educational
component that may improve future policy creation. This can be
further enhanced with built-in checks for common scenarios and
proactive checks for inconsistencies.

5.2.3 Address research gaps. As initial exploratory research, our
study leaves many open questions for future research to investigate.

Establish accuracy and compliance tests and benchmarks.
A major problem for developers as well as researchers is that it
is difficult to determine whether a particular privacy policy ac-
curately reflects an app’s behavior, and even harder to ascertain
whether it complies with relevant regulations. More automated
means of verifying these two properties would enhance the efficacy
of both LLM-driven and non-AI tools. It would also unlock new
research directions, such as quantifying the accuracy gap between
LLM-generated policies and actual app behaviors across different
levels of developer experience and company sizes, evaluating the
effectiveness of different validation strategies beyond app store sub-
mission, and measuring improvements in LLM-generated privacy
policies over time.

Continue researching the privacy policy creation context.
While we observed that LLM adoption for privacy policy creation
is emerging but not yet dominant, we did not thoroughly investi-
gate what drives adoption decisions, as well as the reasons behind
varying trust levels that developers exhibited. Understanding these

factors would not only lead to better privacy policy creation tools
but can also help developers appropriately assess their own confi-
dence in LLM outputs. Thinking critically about when AI can be
trusted is fast becoming an essential skill in the modern world. For
developers, it can also lead to more trustworthy privacy policies.

6 Conclusion
We studied 20 mobile app developers from around the world and
with a variety of backgrounds, each of whom had prior experience
creating privacy policies. We found that they frequently create
privacy policies without legal assistance and rely on templates,
generators, and, increasingly, LLMs to fulfill legal requirements
they may not fully understand. They rarely write policies from
scratch; instead, they start either with existing policies (from sim-
ilar services or their own prior projects) or with the output of a
generator website or LLM. They then modify the draft based on the
distinct features of the current project. At this stage too they may
reference competitors’ policies or prompt LLMs for assistance and
modifications. Once the privacy policy has been written, validation
approaches center on app store acceptance rather than legal veri-
fication. Platforms and SDK publishers could assist developers by
providing transparent validation processes and machine-readable
privacy documentation, and the research community could sup-
port them by developing hybrid tools that combine the systematic
questioning of generators with the flexibility of LLMs.
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A Screening survey
[After participants reviewed the study information and consent
form and agreed to participate in the study.]

(1) Are you 18 years of age or older?
• Yes • No

(2) Do you meet the following conditions? (Check all that apply)
• Professional experience in creating privacy policies for
Android apps • Fluent in English • Currently use or have
used LLMs for policy generation • Have created privacy
policies through traditional methods without LLMs • None
of the above

(3) Are you able to commit up to one hour (via video conference)
to participate in this study?
• Yes • No

(4) How many privacy policies have you worked on in the past
year?
• None • 1-2 • 3-5 • 6-10 • More than 10

(5) How do you typically handle privacy policy development?
(Select all that apply)
• I work on them myself • I work with a team • I delegate
the task to others • Other (please specify)
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(6) What methods do you use to create privacy policies? (Select
all that apply)
• Writing from scratch • Adapting my own prior privacy
policies • Adapting templates provided by my organization
• Adapting publicly available templates • Adapting policies
that have been published by other organizations • Using
Large Language Models (like ChatGPT, Claude, etc) • Work-
ing with legal or privacy professional(s) • Other (please
specify)

(7) Please briefly describe your typical process for creating or
updating a privacy policy. (optional)

(8) How long does it typically take you to create a privacy pol-
icy?

(9) What types of Android apps do you typically create privacy
policies for? (Select all that apply)
• Games • Social Media • Productivity • Entertainment •
Education • Health & Fitness • Finance • Other (please spec-
ify)

(10) What regions do your products typically serve?
• The entire world • North America • Central and South
America • Europe • Asia • Africa • Oceania

(11) What best describes your current position?
• Android Developer • Mobile Developer (Android + iOS)
• Full-Stack Developer • Technical Lead • UX/UI Designer
• Product Manager • Engineering Manager • Security En-
gineer • Privacy Engineer • Security or Privacy Manager •
Compliance Professional • Product Counsel or other legal
position • Other (please specify)

(12) What’s the approximate size of your current company?
• Just me • 2-10 employees • 11-50 employees • 51-200 em-
ployees • 201-1000 employees •More than 1000 employees

(13) What industry sectors do you work in? (Select all that apply)
• Technology/Software • E-commerce • Healthcare • Fi-
nance/Banking •Consumer Services • Education • Industrial
& Manufacturing • Government & Public • Other (please
specify)

(14) How many years of professional experience do you have in
your current job type?
• Less than 1 year • 1-3 years • 4-6 years • 7-10 years •More
than 10 years

(15) Please provide the URL(s) of apps you have created privacy
policies for

(16) Country? (Free text)
(17) Would you be interested in participating in a 60-minute

interview to share your experience with privacy policy de-
velopment?
• Yes • No

B Interview guide
[After the interviewer introduced themselves, explained what the
research was about, and confirmed verbal consent from partici-
pants.]
Let’s start with a bit about your background:

(1) Could you tell me about your role and background in cre-
ating privacy policies, including your technical and legal
experience (if any)?

I’d like to understand your approach to privacy policy creation:
(2) What is your current process for creating privacy policies?
(3) Do you use any existing materials as a starting point? Like

templates or policies you find online?
(4) How do you determine what needs to be included in a policy?

Let’s talk about how you customize existing policies:
(5) Do you use any policy template libraries? For example, sites

like Termly, TermsFeed, or iubenda, or maybe privacy policy
generators from industry associations.

About your team structure:
(6) How does your company size influence your approach to

privacy policy creation?
(7) What’s your team structure for privacy policy development?
(8) What about the geographic regions you operate in - do differ-

ent privacy laws like GDPR or CCPA change your approach?
(9) Does your user base (like having kids as users or operating

in heavily regulated industries) affect your privacy policy
approach?

Let’s discuss your workflow and tools:
(10) What tools do you use in your privacy policy workflow?

How do you use them?
(11) Do you do anything to validate the compliance of the policies

you have generated?
If Yes: How do you handle it? What tools do you use?

I’m sure you’re familiar with large language models like ChatGPT.
Some people are using them to create privacy policies. In the next
part of our interview, I want to ask you to try using an LLM to
create a privacy policy, to understand what that process might look
like.
The privacy policy you’ll be putting together should be for a specific,
real app that you’ve created.
Before we jump into the tool, I’d like to learn a bit more about the
app you chose:
(12) Could you tell me the name of the app and what it does?
(13) Could you show me the app on the Google Play Store/App

Store? I’d love to take a quick look at it.
(14) What third-party SDKs are you using in that app?

For example, any crash reporting tools, analytics platforms,
advertising networks, or any other third-party services your
app might be using?

For this exercise, let’s use the app you picked and prepared infor-
mation for.
(15) Could you walk me through your complete process of creat-

ing a privacy policy using LLMs - from initial information
gathering to final review?
What I’d like you to do is:
• Think aloud as you work. Tell me what you’re thinking and
why you’re making certain choices
• Show me how you’d typically write your prompts
• Explain any adjustments you make along the way
I’d like you to keep working on the policy until you’re happy
enough with it that you would use it if you were really
submitting the app to the Play Store. And if you reach a
stopping point for another reason, you can let me know too.
Do you have any questions before we start?
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Thanks for showing me your process.
I have some follow-up questions for you.
(16) Would you be comfortable submitting this policy to the Play

Store in a real-life situation?
• If so, why? How do you know it’s ready?
• If not, why not? What would you want to do before sub-
mitting the policy?

(17) How did the experience align with your expectations?
(18) If you had to rate your comfort level with the final output

on a scale of 1-10, where would it fall? Why?
(19) Did you find yourself wanting to make a lot of edits to what

the LLM produced? What kinds of changes?
(20) If you could change one thing about how the LLM handled

the privacy policy, what would it be?
Let’s discuss any difficulties you’ve encountered:
(21) Overall what challenges and limitations have you encoun-

tered when using LLMs for privacy policies?
(22) Have you encountered any significant errors or inaccuracies?

How did you handle them?
(23) What differences did you notice between your traditional

method and using LLMs?
(24) Imagine there was an ideal tool for generating privacy poli-

cies. What specific features would it have?
One of the things you need to do when releasing an app on Google
Play is filling out those Data Safety Labels - you know, that section
where you declare what data your app collects and how it’s used. I
wanted to ask you some questions about this process.
(25) Could you describe a typical workflow when you’re prepar-

ing the Data Safety Labels manually?
(26) What were some of the main challenges you faced when

doing this?
(27) Has it ever happened that Google Play rejected or flagged

your Data Safety Labels? What happened?
(28) Did you ever need to look up information when filling out

the Data Safety Labels? What was it?
I’d like to understand how you might work with LLMs for creating
Data Safety Labels. Let’s try a quick exercise with a specific scenario:
(29) Imagine you’re about to submit your app to the Play Store

and need to complete the ’Data Sharing’ section of the Data
Safety Labels. Your app uses [the specific SDK they previ-
ouslymentioned] and you need to determinewhat to disclose
about third-party sharing.
Could you walk me through how you would use this LLM
right now to help with that process?
Please think out loud as you work, and explain:
• How you’re gathering the necessary information about
data collection
• How you’re approaching the LLM to generate the labels
• Any challenges you encounter

(30) If Google Play flags issues with your data safety declarations,
do you turn to LLMs to help understand or fix the problem?

(31) Let’s say you submitted your app and got rejected because
Google Play detected that your app collects approximate
location data, but you didn’t declare this in your Data Safety
form. They specifically mentioned ’Location Data Type -

Approximate Location’ as missing. How would you use an
LLM to help resolve this specific issue? Could you show me
how you’d prompt it to get better information about your
app’s location data practices?

(32) How do you generally approach reviewing and handling the
outputs you receive from LLMs? Do you have any verifica-
tion or quality assessment process you typically follow?

And about your LLM workflow:
(33) What specific LLM tools do you use daily?
(34) Why did you choose these particular LLMs?

Thank you so much for sharing your experience and insights with
me today. Your input has been really valuable.
(35) Do you have any other thoughts about using LLMs for pri-

vacy or compliance?
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C Participants

Table 1: Background of study participants.

ID Industry Years of
Experience

Current Company Size
(No. of Employees) Region No. of Privacy Policies

Created (Past Year)

P01 Staffing & Recruiting, Retail 7–10 >1000 Middle East 3–5
P02 Tech/Software 4–6 2–10 Asia 3–5

P03 Tech/Software, E-commerce, Healthcare,
Education, Government, Non Profit, MNC 7–10 2–10 Asia 6–10

P04 Tech/Software, Finance/Banking 4–6 201–1000 Middle East 3–5

P05 Tech/Software, E-commerce, Healthcare,
Finance/Banking, Education >10 11–50 North America >10

P06 Healthcare, Finance/Banking 4–6 51–200 Africa 3–5
P07 Tech/Software 4–6 2–10 Africa 3–5
P08 Healthcare, Fitness 4–6 2–10 Europe 3–5
P09 Tech/Software, Education 4–6 2–10 North America 1–2

P10
Tech/Software, E-commerce, Healthcare,
Consumer Services, Education, Industrial &
Manufacturing

4–6 11–50 Asia 3–5

P11 Tech/Software 7–10 >1000 Europe 6–10
P12 Tech/Software, Education 4–6 11–50 North America 6–10

P13 Tech/Software, Healthcare,
Finance/Banking >10 2–10 Europe 3–5

P14 Tech/Software, Consumer Services,
Education, Industrial & Manufacturing 7–10 2–10 Europe 1–2

P15
Tech/Software, E-commerce, Healthcare,
Finance/Banking, Consumer Services,
Education, Government & Public

7–10 2–10 Africa >10

P16 Tech/Software, E-commerce, Healthcare,
Consumer Services, Education >10 11–50 Asia 3–5

P17 Tech/Software, E-commerce, Healthcare 4–6 2–10 Middle East 3–5
P18 Tech/Software, Consumer Service 7–10 >1000 Africa 6–10
P19 Tech/Software 7–10 11–50 Middle East 3–5
P20 Tech/Software >10 >1000 North America 1–2


