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Abstract
Small businesses need vulnerability assessments to identify and
mitigate cyber risks. Cybersecurity clinics provide a solution by
offering students hands-on experience while delivering free vulner-
ability assessments to local organizations. To scale this model, we
propose an Open Source Intelligence (OSINT) clinic where students
conduct assessments using only publicly available data.We enhance
the quality of investigations in the OSINT clinic by addressing the
technical and collaborative challenges. Over the duration of the
2023-24 academic year, we conducted a three-phase co-design study
with six students. Our study identified key challenges in the OS-
INT investigations and explored how generative AI could address
these performance gaps. We developed design ideas for effective
AI integration based on the use of AI probes and collaboration
platform features. A pilot with three small businesses highlighted
both the practical benefits of AI in streamlining investigations, and
limitations, including privacy concerns and difficulty in monitoring
progress.

CCS Concepts
• Human-centered computing → Collaborative and social
computing systems and tools; Empirical studies in HCI.
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1 Introduction
The 2019 Verizon Data Breach Investigations Report highlights that
small businesses are prime targets for cybercriminals, accounting
for 43% of all breaches [5]. However, many small businesses are
unaware of the cyber risks they face or how to mitigate them.
Cyber vulnerability assessments can provide a view of their attack
surface to address weaknesses before malicious actors can exploit
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them. Comprehensive vulnerability assessments include tasks like
controls interviews, physical facility tours, and internal network
scanning [1]. However, these require technical expertise and time
to execute. Even if the small business has an IT staff member, they
are often overwhelmed with tasks and lack specific training in
cybersecurity.

Cybersecurity clinics offer a potential solution [11]. They pro-
vide essential cybersecurity services to community organizations
— including small businesses, nonprofits, and local governments —
while giving students real-world experience. Modeled after legal
and medical school clinics, these programs are typically housed at
colleges and universities under the direction of clinical professors
[21]. Students from diverse backgrounds and disciplines receive
training to offer free vulnerability assessments and cybersecurity
assistance to clients who may lack the resources to secure these
services otherwise [11]. This model not only offers a valuable skills-
based learning environment for students but also strengthens the
cybersecurity resilience of communities. The cybersecurity clinic
model has recently seen exponential growth thanks to support from
private charities, government, and industry [69].

However, these clinics also face scalability challenges. Training
a diverse group of students to conduct high-quality vulnerability
assessments is time-consuming and resource-intensive. Even for
trained students, a single investigation can take months. Further,
some components of vulnerability assessments, such as controls
interviews and facility tours, require significant time investments
from clients.

In this paper, we propose the concept of an OSINT Clinic, where
students can learn and apply OSINT skills in a real-world context
to address the scalability challenges of cybersecurity clinics. Open
Source Intelligence, or OSINT, refers to investigations that rely en-
tirely on publicly available data. In a cybersecurity context, OSINT
tasks include attack surface mapping for identifying all publicly
accessible digital assets such as websites, servers, webcams, and
social media accounts, as well as their vulnerabilities; brand mon-
itoring for examining review sites and social media for mentions
of the businesses, including negative rumors and disinformation
campaigns; and breach data discovery for finding leaked credentials
on the dark web or other sources [34, 58, 91]. While comprehensive
vulnerability assessments sometimes include an OSINT component,
cyber clinics rarely, if ever, focus on OSINT.

OSINT provides unique advantages for a student team doing
vulnerability assessments. Dealing with publicly available data is
a lower risk for both the students and the target businesses; this
passive, “zero-touch” approach minimizes accidental damage and
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saves time for business owners. Second, the ethos of the field dic-
tates that the process for finding, verifying, and documenting each
piece of evidence must be transparent and repeatable, providing a
rich learning environment for students. Despite the growing inter-
est and promise of OSINT investigations [46, 58, 72, 81, 98], only
a few studies have taken a human-centered approach to investi-
gate specific challenges involved in applying these techniques [81].
We address this gap by focusing on identifying and addressing
the technical and collaborative challenges with OSINT tasks for
vulnerability assessments in the clinic.

OSINT investigations for cybersecurity are complex, requiring
sifting through vast amounts of unstructured public data, which
can be noisy, overwhelming, and time-consuming [29, 53, 90, 91].
Analysts often face difficulties in data verification due to the un-
reliable nature of sources and misinformation [29, 56]. We argue
that generative AI can be effective in addressing these challenges
based on previous research on its role in narrowing the skill gap in
creative and knowledge work [44, 89, 104]. Examples from OSINT
practitioners and trainers like Matt Edmondson and Chris Poulter
[48, 79] also back this up. However, reflecting Ackerman’s “socio-
technical gap” [23], the technical capabilities of AI currently lag
behind the nuanced social requirements of trust and confidentiality
for sensitive tasks like OSINT. Following a growing thread of HCI
and CSCW research, our study aims to effectively integrate genera-
tive AI to augment existing workflows — in this case, those of an
OSINT clinic — and help them scale up.

This research is driven by the following guiding questions:

(1) How canwe scale up cybersecurity vulnerability assessments
using OSINT?

(2) What challenges arise when performing vulnerability assess-
ments in the OSINT clinic?

(3) How can generative AI, particularly large language mod-
els like ChatGPT, address the technical and collaboration
challenges of OSINT investigations among non-experts?

(4) How can generative AI support real-world OSINT investiga-
tions for vulnerability assessments?

To explore these questions, we designed and launched an OSINT
clinic with six undergraduate students. While the small number
of participants may limit generalizability, it allowed us to closely
examine the development of OSINT skills in a real-world inves-
tigative context. Through regular practice sessions and workshops,
we trained the students to build their OSINT expertise in prepa-
ration for real-world investigations. Over the 2023–24 academic
year, we conducted a longitudinal co-design study by adapting the
Matchmaking for AI method [70] with three phases (Studies 1–3)
to support the work of students in the clinic. Study 1 identified key
challenges across the Intelligence Cycle phases through workshops,
revealing performance gaps in student investigations. In Study 2,
we utilized generative AI and collaboration platform probes to ex-
plore how AI could help novices address the challenges and develop
expertise across the stages of planning, data collection, processing,
analysis, and dissemination. We analyzed the user experience and
workshopped design ideas to show how generative AI can support
training and be integrated into workflows. Finally, Study 3 piloted
OSINT-based vulnerability assessments with three small businesses,
integrating curated AI prompts into real-world investigations. This

study demonstrated AI’s practical benefits and also revealed lim-
itations, such as privacy concerns and difficulties in monitoring
progress.

Together, these studies make the following contributions:

(1) We make a conceptual contribution by developing the OS-
INT clinic program to scale up cybersecurity vulnerability
assessments based on publicly available information.

(2) We make a methodological contribution by extending the
Matchmaking for AI co-design process to include learning
goals, collaboration challenges, and real-world deployments.

(3) We make an empirical contribution by studying an OSINT
clinic with real-world investigations and clients, identifying
emergent challenges and learning goals, and subsequently
exploring generative AI-driven design solutions.

(4) We develop design considerations for practical, AI-augmented,
and collaborative investigations based on the use of genera-
tive AI.

2 Related Work
Our paper bridges two key areas of recent HCI research: Clinical
Computer Security, which defines protocols for addressing targeted
digital security threats (Section 2.1), and CSCW research focused on
exploring generative AI tools to facilitate sensemaking and collabo-
ration (Section 2.2). By situating our work at this intersection, we
highlight how AI-augmented systems can empower novice investi-
gators in navigating complex OSINT tasks, supporting both their
learning goals and the effectiveness of real-world investigations.
In terms of method, we extend the Matchmaking for AI co-design
framework with a longitudinal study design (Section 2.3), focusing
on collaboration and real-world validation. We situate the work
within the context of cybersecurity vulnerability assessments using
OSINT (Section 2.4).

2.1 Clinical Computer Security in HCI
Clinical Computer Security (CCS) [50] is an emerging approach in
HCI that provides personalized, hands-on support to individuals
facing technology-based security threats. CCS methods involve
pairing clients with trained technologists who collaboratively in-
vestigate and address digital security vulnerabilities. This process
is guided by the Understand-Investigate-Advise (UIA) framework,
in which consultants conduct interviews to map a client’s digital
footprint, investigate potential security threats (e.g., spyware or
compromised accounts), and offer tailored mitigation strategies
[57]. CCS draws inspiration from existing support paradigms such
as the Citizen Lab [6] and Cybersecurity Clinics [21], which focus
on assisting victims of nation-state digital attacks. These clinics
not only provide critical services but also serve as research sites
for developing new security practices. For example, Tseng et al.
co-designed data stewardship approaches by collaborating with
consultants and clients in CCS settings [95].

The OSINT Clinic builds on CCS research by applying its foun-
dational principles — such as personalized, collaborative investiga-
tions and the UIA framework — to cybersecurity vulnerability as-
sessments for small businesses using OSINT.While CCS has primar-
ily focused on intimate partner violence (IPV) contexts [50, 57, 96],
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the OSINT Clinic demonstrates how these principles can be ex-
tended to broader cybersecurity challenges. Beyond tackling a new
domain, our work explores the HCI and CSCW challenges of lever-
aging generative AI to support clinical work. We propose a socio-
technical system where AI not only assists with technical tasks but
also fosters learning, coordination, and leadership among student
analysts.

OSINT investigations face numerous challenges that are ampli-
fied in the context of clinical work, where student teams analyze
public information. Investigators often work with limited resources
such as funds, time, and access to specialized software [66, 75]. Is-
sues of data quality, quantity, integration, and ethical considerations
further complicate the process [54]. Mukhopadhyay et al. found
training on technical skills and ethics was essential to get novices
to collaborate successfully with OSINT experts on real-world inves-
tigations [73]. However, comprehensive training is difficult to scale.
Effective leadership in OSINT is also challenging as it requires nav-
igating legal and ethical boundaries while applying investigative
techniques across various domains [24]. In this paper, we explore
how generative AI can help scale this clinic model by understanding
and addressing these challenges.

2.2 CSCW Research and Generative AI
Opportunities in OSINT

OSINT investigations are inherently complex, requiring the collec-
tion and analysis of large volumes of data as part of a sensemaking
process to extract meaningful insights [26, 39, 102]. Collaboration
can enhance these efforts by dividing up workloads and integrat-
ing diverse perspectives [47]. Previous HCI and CSCW research
has studied various approaches to collaborative and crowdsourced
investigative work, including top-down strategies [25], bottom-up
explorations [61], and hybrid methods [100]. Belghith et al. studied
“social OSINT” — i.e., the growing landscape of competitive and
cooperative OSINT-themed events — and characterized it as a com-
munity of practice with a culture of transparency and collaboration
[29]. This model with overlapping goals of training and delivering
real-world value also closely relates to growing HCI research on
how trained and well-supported crowds can handle complex inves-
tigations [73, 100, 101]. Existing systems like Newstrition [3] and
CAPER [27] facilitate expert collaboration in specific contexts like
information verification and prevention of organized crime, but
there is potential to expand to non-experts through the use of AI
tools [42, 73].

Generative AI presents a promising solution for augmenting OS-
INT investigations, particularly when compared to custom-built AI
solutions [34]. Current AI andmachine learning tools in OSINT face
challenges due to the lack of focus on real-world applications and
inadequate integration with existing intelligence tools [35, 65, 111].
Moreover, AI solutions fail to address key aspects of intelligence
work, such as planning and collaboration [34, 43]. Following the
definition by Sarkar et al., we define generative AI as “an end-user
tool whose technical implementation includes a generative model
based on deep learning” [83]. Unlike specialized, narrowly focused
AI tools, LLMs are general-purpose and capable of performing a
range of complex tasks, such as reasoning, summarization, and web

searches, without the need for extensive fine-tuning. Their flexi-
bility makes them well-suited for dynamic and high-uncertainty
contexts like OSINT investigations. Prior studies, such as Pentest-
GPT, have demonstrated the effectiveness of LLMs in cybersecurity
applications, including interpreting tool outputs and suggesting
next steps during penetration testing [40].

Generative AI also offers advantages in training and skill de-
velopment for novice OSINT analysts [37, 87]. By supporting it-
erative learning processes through demonstrations, feedback, and
self-evaluation [45, 73], LLMs can help bridge knowledge gaps in ar-
eas like tool usage, data collection, and verification. Unlike custom
AI solutions, which often require specialized technical expertise to
design and deploy, generative AI tools are accessible to a broader
audience and can be seamlessly integrated into existing workflows.

Research has begun exploring how generative AI, like LLMs, can
enhance collaboration by serving as active participants in group
settings [59, 114]. Shifting from single human-AI interactions to
multi-human and AI environments could improve performance in
complex scenarios, providing more context-aware collaboration
[28, 59, 74]. Generative AI can facilitate dynamic teamwork and
decision-making, improving collaborative sensemaking in high-
uncertainty situations [43, 59, 89]. Based on related work, we posit
that generative AI can significantly improve the effectiveness and
scalability of OSINT investigations across the dimensions of practi-
cal integration, training, and collaboration.

2.3 Co-Designing AI for OSINT
Despite the growing importance of OSINT in cybersecurity, there is
limited research on incorporating stakeholder values in developing
OSINT technologies [60, 81]. Co-design methods applied to the
design of AI tools enable stakeholders to brainstorm ideas where
the design landscape is underexplored, translating high-level user
needs into actionable AI features [82]. However, a gap remains
in applying co-design methodologies with OSINT investigators to
address their specific challenges and needs.

Current AI design paradigms often struggle to identify innova-
tive and feasible design concepts that effectively integrate human
values. The Matchmaking for AI approach, introduced by Liu et al.
[70], addresses this by borrowing from the earlier, more general
Matchmaking method [31, 99]. It maps AI techniques to user activ-
ities using probes, fostering mutual learning between stakeholders
and AI researchers. This method extends traditional co-design prac-
tices by focusing on practical feasibility and aligning existing AI
capabilities with domain-specific tasks.

We extend the Matchmaking for AI method by incorporating
a longitudinal aspect, allowing us to study the use of generative
AI tools over an extended period and across multiple phases of
co-design. This enables AI solutions to be practically integrated
into workflows and adaptable to evolving team dynamics [38, 85].
By embedding the method within a real-world context, we vali-
dated design ideas through longitudinal observation of participants
conducting vulnerability assessments with actual clients.
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2.4 Cybersecurity Vulnerability Assessment
using OSINT

The study deals with tasks related to cybersecurity vulnerability
assessment, which is a systematic process of identifying, analyzing,
and prioritizing potential security weaknesses in an organization.
These assessments can have many components, including inter-
nal network discovery and vulnerability scanning with tools like
Nmap [17] and Nessus [16]; security controls interviews based on
frameworks like CIS [9]; and physical security reviews looking for
access control, fire suppression, and water detection [1]. Passive
information-gathering techniques in OSINT achieve a subset of
these tasks to assess cybersecurity vulnerabilities without direct in-
teraction with the target. Prior work informs our use of OSINT tools
and techniques relevant to vulnerability assessment [34, 63, 75].

Urban et al. found that over 83% of the analyzed companies
leak enough employee attributes to enable highly sophisticated
phishing attacks [98]. From a defense perspective, organizations
can leverage OSINT techniques to assess their attack surfaces or
identify social engineering opportunities [46, 58, 77]. As the use of
social media and other online resources has grown, the availability
of open-source information has expanded, making it a key tool
for organizations to understand the threat landscape, identify the
techniques and tools used by adversaries, and mitigate potential
cyberattacks [77, 97, 107]. OSINT-based vulnerability assessments
therefore shift the focus of cyber defense from reactive measures
to proactive strategies [58, 91]. OSINT enables fast, real-time infor-
mation collection, and clear sourcing, and is both convenient and
cost-effective [52]. Despite its critical need during the reconnais-
sance phase, there is a lack of understanding of challenges involved
in effective OSINT investigations for vulnerability assessments.

3 Study Design
3.1 Study Protocol
We adopted the Matchmaking for AI method [70] to conduct our
co-design study. The method allows stakeholders — students in
our case — to actively contribute to the design and development of
effective tools for OSINT investigations. The iterative workshops
and use of AI probes provide a structured yet flexible framework
for identifying user needs and aligning them with existing AI capa-
bilities. This method ensures that the solutions we develop are not
only technically feasible but also usable in practical scenarios, par-
ticularly in the context of cybersecurity vulnerability assessments.
We discuss our methodological contributions to the framework
by supporting real-world investigations and collaboration among
students in Section 7.1.

We ran the co-design study with a group of six undergraduate
students during the 2023–24 academic year at our institution, a large
public university in the US. Previous research has demonstrated that
groups of student analysts can help characterize intelligence inves-
tigations [36, 66], effectively experiment with new crowdsourcing
methods, and provide valuable process recommendations [108, 110].
Students have also securely engaged in real-world OSINT inves-
tigations, including cybersecurity vulnerability assessments and
human rights investigations, as part of experiential learning [2, 4].

As a part of the clinic, the authors, who have relevant industry
experience and certifications, trained students on different aspects
of OSINT investigations like (1) practicing operational security
(OPSEC) and being aware of privacy, legal, and ethical issues; (2)
mining different public sources of information like social media
for brand monitoring and employee profiles; (3) using satellite
imagery for geolocating physical assets; (4) identifying network
infrastructure for identifying open ports, IoT devices; (5) inspecting
website and network infrastructure to identify vulnerabilities and
unpatched systems; and (6) looking for breach data and leaked
credentials. Table 1 shows the seven key areas for vulnerability
assessments along with relevant OSINT tools and techniques.

Our longitudinal study spanned two semesters. Study 1 (Design
Workshop 1) was conducted after three months of OSINT train-
ing. Right after, we ran Study 2 (Design workshops 2–6) over two
months during the end of the first semester and the beginning of
the second. Finally, Study 3 involved two focus group interviews
conducted over a span of one month at the end of the second se-
mester. The longitudinal design of this study was essential for us
to capture the use of generative AI across different phases of the
Intelligence Cycle. This extended engagement provided insights
into how AI is integrated, how collaboration challenges develop,
and how leadership roles evolve in response to AI support. Figure
1 represents the flow of the research study with the objective, data
source(s), and probe(s) for each of Studies 1-3.

3.2 Participant Recruitment
This study was approved by our university’s IRB. Six undergraduate
students (P1–P6) were recruited based on their interest in gaining
practical OSINT skills as part of a team focused on cybersecurity
vulnerability assessments. The group represented a range of aca-
demic backgrounds, including majors in Cybersecurity, Computer
Science, National Security, and Engineering. The participants’ ages
ranged from 18 to 22. Three participants identified as women, two
as men, and one as non-binary. Some students had prior experi-
ence with OSINT-related activities, such as capture-the-flag (CTF)
challenges, OSINT counter-disinformation projects, and research
involving fake identity generation. Others were newer to the field
but eager to learn.

The participants met twice a week for two-hour sessions to learn
and practice OSINT skills. They were paid an hourly wage of $18
for a maximum of 10 hours per week to attend the OSINT clinic.
The design workshops were integrated into the clinic to help them
reflect and augment their workflows with generative AI.

4 Study 1: Identifying Challenges and Learning
Goals with OSINT Tasks

4.1 Method
In this study, we sought to understand participant workflows re-
lated to the OSINT tasks in Table 1 during a recorded 2-hour long
co-located workshop (design workshop 1). We adapted the Domain
Speciality Canvas [70] from Step 1 of the Matchmaking for AI
process and added another column for collaboration challenges
to facilitate data collection (shown in Figure 4). Before this study,
participants were trained on and practiced common OSINT tools
and techniques mentioned in Table 1. They also worked in teams
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Table 1: OSINT tasks in cybersecurity vulnerability assessments

Category Task Description OSINT Tools and Techniques

Network Discovery Identify all digital assets (websites, email, servers,
webcams) associated with the business.

DNS enumeration, IP mapping, Reverse IP lookup,
WHOIS lookup [22], Shodan [20]

Website Vulnerabilities Discover vulnerabilities on the business’s website
such as outdated software, insecure admin panels,
open ports, files that should not be public, etc.

BuiltWith [7], CMS identification, port scanning,
mail server scanner, Google dorking [12]

Physical Assets Identify physical assets like buildings, properties,
or vehicles from online resources or images.

Google Maps, Google Earth, Street View, Image
metadata analysis, Geolocation techniques

Third-Party Services Document third-party services (vendors, etc.) that
the client does business with to identify possible
supply chain vulnerabilities.

External service provider evaluation based on re-
views, past breaches, and terms and conditions

Employee Public Informa-
tion

Identify key employees from a company using so-
cial media platforms, gathering information like
job titles, email addresses, or sensitive personal
data accidentally shared online.

LinkedIn search; Advanced searches on social me-
dia platforms like Instagram, Twitter, YouTube,
TikTok; Censys [8], other phone number and
email verification tools

Brand Monitoring Find instances of negative mentions, disinforma-
tion, inappropriate content, legal filings, and set-
tlements related to the business.

Online reviews, social media monitoring, court
case databases

Breach Data Search for a company’s leaked passwords and
data in breach data dumps and on the dark web.

Have I Been Pwned [13], IntelX [14], other breach
databases

Figure 1: Study Diagram: (1) Study 1 was formative and aimed at identifying the key challenges in the Intelligence Cycle phases
of OSINT investigations. We asked participants to reflect on previous investigations and document the steps and challenges
faced during Design Workshop 1. (2) In Study 2, we introduced generative AI probes in Design Workshops 2–4 to explore
how AI could address challenges experienced earlier. During the workshops, we identified areas where generative AI was
effective and also its limitations. We focused on the emergent challenges of collaboration and leadership during Design
Workshops 5 and 6, with a collaborative AI platform (Team-GPT) as a probe. (3) In Study 3, we piloted OSINT-based vulnerability
assessments with three small businesses, integrating curated generative AI prompts into ongoing investigations. This real-world
application highlighted the practical utility and surfaced challenges of using foundational generative AI models like ChatGPT
in vulnerability assessments, especially in collaborative settings.

of three to investigate a few local businesses. To reflect on the
work, we asked participants to discuss their most recent investiga-
tion, one successful team investigation, and one challenging team
investigation. Corresponding to the normative workflow used in
Step 1 by Liu et al. [70], we presented the Intelligence Cycle (IC)
[34], widely used to structure investigations, to guide participants
to add notes. We mapped out the different challenges on a digi-
tal whiteboard (FigJam) and asked follow-up questions to clarify
participants’ responses.

4.2 Analysis
The first author transcribed the recorded workshop and, in collabo-
ration with the rest of the research team, conducted an inductive
thematic analysis [32] of the transcript to identify the challenges.
We aligned the identified challenges with the five phases of the
OSINT Intelligence Model (OIM) presented by Hwang et al. [63]
(see Figure 2), which closely follows the IC. Hwang et al’s model
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Figure 2: OSINT Intelligence Model in the context of cyber-
security as described by Hwang et al. [63]

focuses on continuous iteration and practical applications to cyber-
security [63]. We denote the first stage of “identifying sources for
purpose” as “planning” to match the IC, as it entails the same task
of figuring “where and how to get information.”

4.3 Results
We identified major challenges and learning goals across the five
phases of planning, collection, processing, analysis, and dissemina-
tion in OSINT investigations. In the following sections, we describe
the challenges students faced while completing the tasks, and de-
velop learning goals based on existing guidelines [73, 91] and our
own experiences as OSINT researchers. Table 2 collates the chal-
lenges and learning goals across the five phases.

4.3.1 Planning.

Navigating the ethical and legal boundaries. Participants were
trained on the ethics and safety of investigations, but they often
faced dilemmas around the use of tools and techniques. In OSINT
investigations, active techniques commonly used beyond the re-
connaissance phase of penetration testing are typically avoided. P6
highlighted the need to understand the limitations and restrictions
on using such tools. P1 thought investigations were complicated
by the need to stay clearly within legal boundaries while investi-
gating vulnerabilities, particularly when trying to gain access to
leaked data. P6 also highlighted practical concerns such as private
browsing on platforms like LinkedIn to avoid alerting the target of
the investigation.

We argue that understanding which OSINT data, tools, and tech-
niques are both private and trustworthy can help alleviate the
challenge. Participants also need to implement strong operational
security practices, such as creating and using sock puppet accounts,
to protect both the investigation and the investigator. These two
aspects can form a learning goal to address the ethical challenges.

Learning Goal 1 (LG1): Develop appropriate trust for OSINT
data, tools, and techniques; Implement operational security.

Defining investigation objectives and overlapping work. Partici-
pants found it difficult to define clear objectives and scoping for the
OSINT investigations, which sometimes led to inefficiencies and

miscommunication. P1 emphasized the need for better procedural
guidelines, stating, "... just more of an understanding of format and
kind of a procedure that we should follow as to what things should
look like". There were instances where a lack of communication
led to redundant efforts, and P1 found multiple members focusing
on a specific platform reduced efficiency. P3 and P4 reported that
working on a shared document to highlight information collected
wasn’t effective in minimizing overlap.

These insights suggest that clearer division of work and struc-
tured guidelines could enhance the effectiveness of team-based
OSINT investigations. A learning goal could be to develop the abil-
ity to effectively break down investigations into specific subtasks.
This includes identifying relevant data sources and facilitating a
structured approach for task division.

Learning Goal 2 (LG2): Break down investigations into sub-
tasks with data sources.

4.3.2 Collection.

Skill gaps in data collection. Participants faced significant chal-
lenges in identifying effective techniques for data collection, com-
pounded by varying skill levels among team members in using
advanced OSINT tools and platforms. Many struggled with the
technical aspects, such as understanding code, creating effective
queries for search, and navigating tools like the Linux command
line interface, which are not always user-friendly for beginners. P2
highlighted the steep learning curve: "I don’t really know coding
languages, so I’m trying to mess with an inspect element, and it
just looks like a bunch of text to me." Participants also struggled
to identify the right OSINT tool(s) for the job among potentially
dozens of possibilities. P3 and P4 mentioned the difficulty of staying
updated with changing techniques.

Participants need to select appropriate tools among the many
available options to improve performance. Finding alternate sources
of information becomes essential when stuck.

Learning Goal 3 (LG3): Identify and utilize the most effective
OSINT tools.

Lack of clarity in information presentation. Participants men-
tioned difficulties in collecting and organizing data due to the lack
of a clear structure and formatting for tracking different intelligence
sources. Inconsistencies in format and overall disorganization of
documents where they collected data often hindered the utility of
the gathered information. For example the “data dumps” or raw
results from tools made it hard for other members of the team to
parse the information. As P6 put it, "It’s been told we have to in-
terpret the information, analyze it, and then put it in a format to
be understandable. But I often notice it comes out very variable,
just because some people put it in some ways, or it has to be very
messy in the [working] document." P1 emphasized the need for a
clearer structure, stating, "Just more of an understanding of format
and kind of a procedure that we should follow as to what things
should look like”.

Implementing templates can significantly improve the organi-
zation and clarity of OSINT investigations. Templates provide a
structured approach to document and cover multiple sources of
information, ensuring consistency and comprehensiveness.
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Table 2: Challenges and Learning Goals across phases of OSINT investigations

OSINT Cycle
Step

Challenges Learning Goals

Planning Navigating ethical and legal boundaries Develop appropriate trust on OSINT data, tools, and
techniques; Implement operational security

Defining investigation objectives and overlapping work Breakdown investigations into subtasks with data
sources

Collection Skill gaps in data collection Identify and utilize the most effective OSINT tools

Lack of clarity in information presentation Develop and utilize standardized templates to systemati-
cally collect and organize information

Processing Handling high volume of raw information Structure raw information into parsable format and im-
prove documentation

Verifying public information Find multiple sources for OSINT verification

Analysis Identifying vulnerabilities Interpret results from tools and identify vulnerabilities

Developing recommendations from vulnerabilities iden-
tified

Generate actionable recommendations

Dissemination Not knowing “what a good end product will look like” Iterate on recommendations to tailor it to business needs

Learning Goal 4 (LG4): Develop and utilize standardized tem-
plates to systematically collect and organize information.

4.3.3 Processing.

Handling high volume of raw information. The sheer volume of
unstructured information often made it difficult for participants to
identify and focus on the most pertinent details. The team spent a
lot of time summarizing, sorting, and categorizing information and
eliminating irrelevant data. Additionally, there was a need for better
documentation practices, like P5 wanted to, “. . . document better
how I found certain information so somebody else can follow the
steps I took”. The effectiveness of collaboration was often hindered
when team members failed to properly document their work or
explain their processes to others, leading to potential oversights
like duplication of work or inaccurate findings.

To tackle the overwhelming amount of data, participants em-
phasized the importance of identifying relevant details that can be
verified and used for further analysis. P4 thought, “AI could be very
useful, especially if you have a large data set that you wanna maybe
format in the best way”. Improved documentation could help with
getting other members to leverage the collected information.

Learning Goal 5 (LG5): Structure raw information into parsable
format and improve documentation.

Verifying public information. A key challenge for participants
was accurately verifying information, especially in relation to smaller
companies where multiple sources were harder to find. Participants
wanted to follow best practices and ensure the accuracy of impor-
tant details by cross-referencing multiple sources. P2 highlighted
the importance of "getting at least two sources confirming some-
thing," such as verifying an employee’s identity. This process often
involved checking social media profiles and company websites or

finding official state records to double-check the accuracy of the
information. However, the difficulty of finding multiple sources,
especially for verifying website vulnerabilities, made this task more
challenging.

Developing the ability to thoroughly verify information by con-
sistently finding and cross-referencing multiple sources is essential
for the accuracy of findings. Supporting this process, particularly
when dealing with less transparent or hard-to-verify sources, can
improve the investigation results.

Learning Goal 6 (LG6): Find multiple sources to enable OSINT
verification.

4.3.4 Analysis.

Identifying vulnerabilities. Participants lacked a deep understand-
ing of common vulnerabilities and how different data sources can
be combined for vulnerability assessments. There were difficulties
in interpreting and analyzing complex technical information from
tools. P6 wanted to be “able to pull the information that you have
readily available, and be able to interpret that in a way that can
help the small business.” Participants highlighted the challenge
of not only gathering relevant data, but also interpreting it in a
meaningful way that aligns with the investigation’s objectives.

Supporting the ability to interpret results from tools and accu-
rately identify vulnerabilities is crucial in overcoming the chal-
lenges. By helping bridge the skill gaps, participants can more
effectively analyze complex data and generate reliable vulnerability
assessments.

Learning Goal 7 (LG7): Interpret results from tools and effec-
tively identify vulnerabilities.
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Developing recommendations from vulnerabilities identified. Par-
ticipants found it difficult to develop recommendations for miti-
gating the vulnerabilities based on analyzed data. For example, P1
mentioned that it was hard to identify vulnerabilities for websites
that are well-maintained by third-party vendors; in this case, the
recommendation could be to continue using these services. Par-
ticipants needed guidance to effectively present their recommen-
dations, integrating the identified vulnerabilities with supporting
data.

Understanding different types of recommendations helps the
students in iterating over their investigations and making them
actionable. Providing a starting point and directions for recommen-
dations to the students can improve this process.

Learning Goal 8 (LG8): Generate actionable recommendations.

4.3.5 Dissemination.

Not knowing “what a good end product will look like”. Weobserved
that the issue of developing appropriate recommendations was
exacerbated when presenting findings to non-technical clients, as
they require clear explanations and simplifications. Participants also
lacked clarity on the best format to use for presenting information.
P1 thought their deliverables “. . . come out very disorganized and
the way information is presented is highly variable.”

Creating standardized formats for reporting findings will ensure
clarity and consistency. Iterating on recommendations to tailor it
to the needs of the small business will make the results of investi-
gations highly impactful.

Learning Goal 9 (LG9): Iterate on recommendations to tailor
them to business needs.

Study 1 findings highlighted performance gaps in OSINT investi-
gations. To address these challenges and achieve the learning goals
(LG 1–9), Study 2 explores the use of generative AI probes across
the five phases of IC.

5 Study 2: Using Generative AI Probes to
Achieve Learning Goals for OSINT
Investigation

5.1 Method
In Study 2, we conducted three co-located design workshops (De-
sign workshops 2–4) to address the challenges identified in Study 1
and achieve the learning goals. These two-hour workshops allowed
participants to individually explore how AI could enhance various
phases of OSINT investigations. Here, we closely followed Step
2 (playing with AI probes) and Step 3 (brainstorming AI design
elements) of the Matchmaking for AI method [70]. Participants
spent time working on OSINT tasks using generative AI probes
before coming up with design ideas during the workshops. The
ideas were represented on a digital whiteboard (FigJam) using the
“Co-Design AI Canvas” from the Matchmaking for AI method (see
Figure 5). We included columns for generative AI ideas, challenges
faced, and function and form, to gather what added customizations
or controls they would like beyond the probe. Participants were
asked to copy over the purpose of the prompt and the prompt used
into a shared prompt library document for all the workshops.

Design Workshop 2 focused on planning and collection-related
challenges. These two phases go hand-in-hand, as there needs to
be a clear plan before starting with data collection. Participants
performed two sets of tasks or two activities; after each activity,
there was a focus group to brainstorm design ideas and potential
improvements on a digital whiteboard. The activities and brain-
storming lasted 25 minutes each with a break of 10 minutes between
the sets. Participants created subtasks and assigned them to their
team members, and also identified the right tools and techniques
for the tasks during the first activity. They developed templates
using ChatGPT and did some preliminary data collection to fill out
the template during the second activity. This workshop utilized the
standard out-of-the-box ChatGPT 3.5 with no web browsing, as
this was the latest version at the time.

Design Workshop 3 targeted challenges in the processing, analy-
sis, and dissemination phases. Similar to the previous workshop,
there were two sets of tasks. In the first activity, the tasks included
verifying information, documenting the investigation process, and
interpreting the results as to how they could be vulnerabilities. For
the second activity, participants had to create a report based on
their findings so far that could be sent to small businesses. Partici-
pants could use the templates developed in the earlier workshop
and the data collected. This workshop also relied on the standard
ChatGPT 3.5 without additional enhancements.

Design Workshop 4 addressed all identified challenges using a
new set of AI probes, including web browsing, image analysis, cus-
tom GPTs, and plugins (now discontinued) made available through
ChatGPT Plus [15]. These features are relevant to OSINT investiga-
tions as they help utilize publicly available information from web-
sites and provide access to external tools for analysis. Participants
were first presented with specific goals related to the challenges.
They played around with each of the four AI probes for 10 min-
utes and then brainstormed how these tools could be used to help
overcome each challenge. This workshop aimed to explore more
advanced AI capabilities to support participants in each phase of
OSINT investigations.

We used deductive thematic analysis [32] to code transcripts
from the workshops and notes from the FigJam boards, correspond-
ing to each learning goal. We coded (1) how participants used
ChatGPT; (2) what worked well and what challenges faced; and
(3) desired features to improve the experience. We organized our
findings for each challenge into three main areas to provide a clear
understanding of how generative AI could be leveraged in OSINT
investigations. First, we discuss the tasks performed and prompt-
ing methods used. Second, we explore the utility of generative AI,
highlighting what worked well and the challenges encountered. Fi-
nally, we present new ideas and suggested features that participants
proposed to enhance the effectiveness of AI in their investigations.

5.2 Results
5.2.1 Planning.

LG1: Developing appropriate trust on OSINT data, tools, and tech-
niques; Implementing operational security. Participants used AI to
analyze privacy measures of various tools and identify trustwor-
thy resources. P1 sought guidance on whether their investigative
methods stayed within ethical boundaries. P3 and P6 mentioned
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using prompting techniques to work around restrictions in Chat-
GPT’s responses, asking for ethical means to obtain information.
P2 highlighted the importance of finding tools commonly used in
real OSINT investigations and then understanding how they work
before applying them.

Participants found that while ChatGPT was useful in creating
and updating sock puppet accounts and providing general guid-
ance on privacy and trust, it often failed to provide detailed and
specific information about the trustworthiness of tools. P3 noted,
“Finding specific details about tools and their trustworthiness was
challenging. ChatGPT’s responses were sometimes too general to
be useful." P1 echoed this idea, pointing out that the AI’s comments
on trust were often based on popularity rather than a deep analysis
of the tool’s security features. Participants realized the need to ask
more targeted questions to extract useful information.

LG2: Break down investigations into subtasks with data sources.
Participants used ChatGPT to break down complex tasks into man-
ageable subtasks tailored to their team’s capabilities. For example,
P1 mentioned, "I gave it one of the OSINT tasks, and I asked it
to divide the work into subtasks. . . trying to make it adapt to our
team by providing the number of members and experience levels".
The templates served as conceptual models to guide the investi-
gations. Participants also used specific prompting techniques to
receive more structured and relevant answers, such as asking Chat-
GPT to provide references, using chain-of-thought by asking for
steps to get to the subtasks and tools, and framing questions in
a scenario-based manner like “if I were to tell my friend how to
[specific action] what should I say?” (P2).

Participants found generative AI to be effective in assisting with
task division and resource identification, making it easier to man-
age team-based OSINT investigations. P5 reflected, "I basically just
asked it to come up with a list of subtasks and a list of tools and
techniques. . . and it worked perfectly". However, there were chal-
lenges with the AI’s limitations in providing specific details related
to smaller businesses as P4 observed, “ChatGPT provides little to
no information on smaller businesses”. There were also difficulties
crafting prompts to avoid “guardrails” against inappropriate content
or eliciting new, non-repetitive information. Participants proposed
custom GPT models trained with OSINT-specific databases and
plugins to make the AI more tailored to the unique needs of OSINT
investigations.

5.2.2 Collection.

LG3: Identify and utilize the most effective OSINT tools. Partici-
pants used ChatGPT to gather information sources and tools rel-
evant to their tasks, along with descriptions of how to use them
effectively. P3 tried to obtain specific “website links to look into
data breach sources” as he found broad directions for investigation
unhelpful. Prompt structures varied, like role-playing as a cyber-
security student or asking for queries for techniques like Google
dorking. P1 and P5 used creative approaches to bypass ChatGPT
guardrails, such as asking it to suggest websites similar to those
known for posting leaked passwords rather than directly requesting
such information.

Participants found ChatGPT to be particularly effective for dis-
covering resources when they asked for specific tools. They could

generate alternative options through follow-ups when the initial
suggestions did not meet their needs. However, challenges were
noted, particularly regarding the AI’s outdated knowledge base, as
it only contained information on tools up to January 2022. Further-
more, the tools suggested were not always available. P1 described
the process of verifying each tool suggested by ChatGPT: “You
have to painstakingly copy and paste each one [tool] and research
it yourself.” Participants noted that while ChatGPT’s web browsing
capabilities could cover a wide range of knowledge, the credibility
of the sources provided was questionable and emphasized the need
for careful cross-verification.

LG4: Develop and utilize standardized templates to systematically
collect and organize information. Participants used ChatGPT to cre-
ate comprehensive templates that could be applied in future inves-
tigations. P6 said, “I specifically used ChatGPT to help construct a
table so all the information could be organized and easy to read.”
The process often involved iterative prompting, where participants
refined their queries to add information like data sources and OS-
INT techniques. P2 and P6 mentioned that these details helped
divide up work within the team.

Participants particularly appreciated the AI’s ability to quickly
lay out different sections and specify what should go under each.
Participants faced challenges in reformatting the AI-generated tem-
plates to make them more presentable. P1 explained, “ChatGPT
is great for getting your data quickly into format but honestly it
doesn’t look very good. With a little bit of editing and using a
format made by a human I think it would look much better.” Impor-
tantly, the AI’s responses varied depending on the prompts, leading
to inconsistencies in the templates generated across different users.
Participants proposed the idea of a prompt library, where successful
prompts for templates could be shared and rated by others.

5.2.3 Processing.

LG5: Structure raw information into parsable format and improve
documentation. Participants employed ChatGPT to organize raw
information into readable formats and eliminate duplicate or less
relevant information. For instance, P6 mentioned, “I asked it to
look for different verification sources mentioned throughout the
data. . . it was a lot of information just written, but it’s hard to pick
through and find all the little details.” Participants created specific
formats for documenting sources and then used ChatGPT to follow
these formats, though some manual adjustments were still required.

While the AI was able to organize data into a list or by topics,
it often failed to follow requests like placing data directly into
tables. The organized lists were still helpful in making the raw data
easier to process and document. Another issue was with ChatGPT’s
overwhelming amount of information, making it difficult to identify
the most relevant details.

LG6: Support OSINT verification based on multiple sources. Par-
ticipants noted that ChatGPT was useful in identifying potential
verification sources and organizing data. However, tool sugges-
tions often fell short of providing the detailed, specific information
needed to trust the AI’s recommendations, as sources or tools were
unfamiliar. P2 cautioned about relying too heavily on AI’s web
browsing capabilities, as they still needed to be double-checked for
accuracy.
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5.2.4 Analysis.

LG7: Interpret results from tools and identify vulnerabilities. Par-
ticipants often began by attempting to interpret the results on their
own and then used ChatGPT to further analyze the data. This ap-
proach helped participants gain a broader understanding of the
vulnerabilities they were investigating, even if the AI’s feedback
was sometimes generalized.

Participants found ChatGPT’s explanations to be somewhat help-
ful. As P3 noted, “It was useful for elaborating on vulnerabilities
and explaining in simpler terms. . . especially for a non-technical
audience.”. However, P6 found output adjustments to be hard, "Us-
ing ChatGPT for interpretation requires specific prompts for better
detail. It can be helpful, but you need to be clear about what you’re
asking for". P5 found that ChatGPT did not provide detailed secu-
rity analysis when using web browsing capabilities, often citing
limitations in its scope.

LG8: Generate actionable recommendations. Participants used
ChatGPT to develop tailored recommendations for non-technical
small business owners. Prompting techniques included asking Chat-
GPT to structure recommendations into a table and develop a time-
line for implementing these actions to present information profes-
sionally.

ChatGPT helped present supporting data for reports and gener-
ate recommendations. Participants found it difficult to identify the
most relevant actions from a large number of recommendations.
Similar to previous challenges, ChatGPT and custom GPTs often
failed to generate specific and actionable recommendations tailored
to the unique needs of a given situation, sometimes refusing a
detailed analysis for being out of scope or unethical.

5.2.5 Dissemination.

LG9: Iterate on recommendations to tailor it to business needs. Par-
ticipants iterated on recommendations by refining them through a
feedback loop. P3 described the process as “using ChatGPT to create
specific recommendations based on vulnerabilities and then simulat-
ing client feedback to further improve the recommendations.” They
also wanted outputs to have severity ratings for vulnerabilities.

Participants found that using ChatGPT to simulate client feed-
back was particularly useful in preparing for client interactions.
P1 emphasized that iterative feedback from ChatGPT helped in
making the recommendations more actionable and better tailored
to client needs. However, P4 observed that the iterative process
was often limited to removing, or reformatting content rather than
delving into more detailed analysis. Participants also worried about
privacy issues in involving the AI at this final stage, when security
flaws were at their most distilled and contextualized.

5.3 Follow-up Study: Collaboration and
Leadership

As participants kept performing OSINT investigations and incor-
porated generative AI in their workflow, we observed new collabo-
ration challenges emerge:

Difficulty in achieving consistent formatting and style. Partici-
pants saw that despite using similar prompts, the outputs varied
widely, making it difficult to maintain uniformity across documents.

P6 summarized it as, "ChatGPT is pretty different depending on the
prompt you give, and it always gives different answers for differ-
ent people. So it is a little difficult to make our templates match".
This inconsistency required additional time and effort to ensure
consistency across the team’s work.

Difficulty in developing shared resources. Participants found it
challenging to build on each other’s work and learn from prompts
used by others. P6 reflected, "I didn’t end up testing out anyone
else’s prompts, but I might do that in the future just to see what
[comes] as a result of it". P3 and P4 were interested in finding suc-
cessful prompts to use them as starting points. In terms of improve-
ments, P6 said that "the collaborative process could be improved if
we used a different platform to document our investigation notes
and sources". This platform would help to share editable results
from generative models.

5.3.1 Method. As a follow-up study, we brainstormed design ideas
around these two collaboration challenges. We conducted an online
workshop (design workshop 5) to focus on collaboratively forming
templates for data collection and dividing up work, with P1 serv-
ing as the team leader. We used Team-GPT [93], a commercially
available web-based platform that enables teams to collaboratively
interact in real-time with AI models like ChatGPT, as a probe. Fig-
ure 3 shows a screenshot of the Team-GPT workspace with its core
features.

Effective leadership is crucial for guiding the team, assigning
roles, and facilitating the efficient use of collaboration tools [71].
P6 emphasized that having a leader helped streamline tasks and
prevent overlap. We argue that while Team-GPT offers valuable col-
laboration features, integrating strong leadership could significantly
improve the collaboration process. However, we observed during
design workshop 5 and a team-based practice session, that assigned
leaders found it overwhelming to help get the team started and
keep track of all the information. To address the issue, we wanted
students to take on the role of leaders and imagine how they would
use ChatGPT to display task-oriented leadership behaviors [71]
during a 30-minute focus-group interview (design workshop 6).

Analysis. For collaboration, we performed a deductive thematic
analysis [32] of the workshop 5 transcript based on (1) Team-GPT
features used (mentioned in Figure 3) and (2) how they impacted
collaboration.

For leadership, we performed deductive thematic analysis [32]
of the workshop 6 transcript based on the themes of four leadership
behaviors [71]: (1) dividing and assigning tasks; (2) clarifying re-
quirements by thinking about the end goal and client presentation;
(3) monitoring progress and identifying areas to dig deeper; and (4)
problem-solving by providing feedback and iterating on results.

5.3.2 Results.

Collaboration. Participants found several of Team-GPT’s collab-
oration features helpful. The shared workspace was particularly
useful for visibility and access, allowing team members to build on
each other’s contributions and avoid duplication. P4 mentioned, "I
thought it was really useful for collaboration. . . being able to just all
contribute to one was really useful". However, when multiple active
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Figure 3: Team-GPT platform [93] with core features: (a) personal chats for individual work and shared workspaces for team
collaboration. Chats were grouped by the different phases of OSINT investigation in our case; (b) a team library to store shared
prompt templates which can be invoked with a click after filling in the placeholders. We used the library to curate a set of
useful prompts for the participants in Study 3; (c) directly comment on prompts and responses to provide feedback; (d) fork
chats to new personal or shared chats to continue the conversation.

chats were created, it sometimes led to confusion and a lack of co-
ordination, making it feel as though team members were working
in silos. Similarly, excessive forking of chats, while flexible, resulted
in a fragmented workflow that complicated team collaboration. To
mitigate these challenges, participants suggested staying within
the same chat more consistently and marking successful strategies
within the chat for others to build upon.

Commenting on prompts and responses allowed for immediate
feedback from team members, which helped refine outputs and
guide the next steps based on that information. Participants found
the prompt library useful for storing and reusing effective prompts
but were skeptical about its practicality in diverse, case-specific sce-
narios. P5 said, "I’m not sure how often that would be used. . . a lot of
this is just a case-by-case basis". Participants mentioned that place-
holders within prompt templates allowed for easy customization,
which could increase the library’s utility.

Leadership. Participants suggested that AI could use team mem-
bers’ skills and past performance to propose optimal task assign-
ments to leaders, but human judgment would still be crucial for
considering team members’ preferences. P6 thought AI-generated
templates could help leaders ensure that the final outputs were
thorough and aligned with client needs. P1 suggested AI could
create monitoring frameworks, such as tables or templates with
detailed timelines and task descriptions. Participants reiterated the
need for real-time communication and human oversight along with
AI for effective monitoring.

AI could help identify gaps in the data for the leader, who can
then follow up on it, as P6 stated, "I’m sure if you put like the info
from a shared document to ChatGPT and ask like which areas need
more research, it might tell you". As a leader, P1 wanted suggestions

for visualization to enhance the presentation’s impact. They also
noted the importance of the human touch in finalizing decisions
and being accountable for presenting results to clients.

In conclusion, Study 2 explored how generative AI could ad-
dress key challenges in OSINT investigations and developed design
ideas. The findings show how AI supported learning and helped
achieve the learning goals. Building on the insights from using it
in different parts of the investigation, participants used generative
AI in conducting OSINT-based vulnerability assessments on small
businesses during Study 3.

6 Study 3: Performing Real-World
Investigations Augmented By Generative AI

6.1 Method
In this study, our six student participants of the OSINT Clinic of-
fered free cyber vulnerability assessments to three small businesses
in our region. These assessments provided small businesses with a
view of their attack surface to address vulnerabilities before mali-
cious actors could exploit them. Unlike a comprehensive vulnera-
bility assessment, which might include control interviews with IT
staff, physical facility tours and inspections, and internal network
enumeration and scanning with tools like Nmap and Nessus / Open-
VAS, ours were limited to vulnerabilities that could be detected via
OSINT techniques.

We structured the consultation process using the Understand-
Investigate-Advise (UIA) framework introduced by Havron et al.[50,
57]. In the initial Understand phase, the researchers met with the
clients to explain the consultation process, set expectations regard-
ing timelines and involvement, and answer any questions. Clients
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were then asked to select relevant services from a menu of tasks
based on the categories outlined in Table1. Those who wished to
proceed signed a letter of agreement consenting to the investigation
and provided basic information about their digital infrastructure.

In the Investigate phase, participants drew on their semester-long
training in OSINT tradecraft and their experience with generative
AI platforms like ChatGPT and Team-GPT (as discussed in Studies 1
and 2). For the first investigation, all six participants collaborated as
a single team. In subsequent investigations, they split into smaller
teams of 2–3 members, each with a designated leader. Over ap-
proximately 2.5 weeks per investigation, the teams collected and
analyzed data, identifying potential vulnerabilities in the clients’
digital systems.

Finally, during the Advise phase, the teams synthesized their find-
ings into presentations. These presentations detailed the identified
vulnerabilities and offered tailored recommendations for mitigation.
By delivering clear and actionable advice, the teams ensured clients
received practical strategies to improve their cybersecurity posture.

We curated a prompt library on Team-GPT [93] based on highly-
rated prompts from the previous study workshops across the dif-
ferent phases of the Intelligence Cycle. This library was provided
to participants as an instrument to reuse the ChatGPT capabilities
they found useful. The prompt templates allowed user customiza-
tion for variables like the OSINT task type, output from tools, team
size, and data collection details. We include these templates in Ap-
pendix A.1 in Tables 4, 5, 6, and 7. In addition to the prompt library,
we gave teams access to a separate group chat on Mattermost (an
open-source Slack clone) and individual subscriptions to ChatGPT
Plus.

We followed best practices for security, privacy, and ethics es-
tablished in previous research on student-led real-world OSINT
investigations [10, 73]. The students signed Non-Disclosure Agree-
ments (NDAs) to protect the confidentiality of their findings except
for sharing with the customer. The students also enhanced their
safety by taking operational security measures like using Virtual
Private Networks (VPNs), Virtual Machines (VMs), role-based ac-
cess control and encryption for storing and sharing data, and sock
puppet accounts.

We conducted two 30-minute focus group interviews, one after
the first investigation and then after the final one. The goal was to
understand the use of generative AI and document challenges faced
during real-world investigations. We added a reflection survey for
participants to rate their use of generative AI across the different
phases of the investigations and for supporting leadership. We also
distributed a survey to the small business clients asking them to rate
the vulnerability assessment service in order to measure the real-
world value of the service and how actionable the recommendations
were.

In terms of analysis, first, we performed deductive thematic anal-
ysis [32] on the focus group transcripts to understand (1) the use
of generative AI, and (2) the challenges that emerged and how par-
ticipants circumvented them. We also analyzed the shared chats on
the Team-GPT workspace to monitor the use of the prompt library.
Then, we aggregated the three client evaluations of vulnerability
assessments to understand their utility.

6.2 Results
6.2.1 Utility of generative AI during investigations. Participants
employed AI to structure project plans, identify tasks, and allo-
cate responsibilities. P4, the leader for the first investigation, used
templates for streamlining brand monitoring and employee infor-
mation management. This initial structuring helped teams set clear
objectives and assign roles.

AI was particularly useful in identifying tools and generating
templates to gather relevant information. P2 mentioned, “I used
the prompt library for generating report templates for brand moni-
toring and data breach exposure.” These templates allowed team
members to collect data in a structured manner, ensuring consis-
tency and thoroughness across different team members’ efforts. AI
also assisted them in identifying gaps in data and making sugges-
tions on how to add data from other sources for verification.

Teams used AI to interpret data from tools and draft vulnerability
mitigation strategies. They organized findings and added explana-
tions, making it easier to present findings to non-technical stake-
holders. P1 emphasized, "I used it a lot when it came to rephrasing
my thoughts. So sometimes I would just dump all the information I
got, and then I would say, hey, can you organize this in ChatGPT?".
During dissemination, AI helped participants format their findings
concisely, improve the written report, and create polished client
presentations.

There was limited usage of collaborative features of Team-GPT,
as participants preferred to work separately on their personal Chat-
GPT instances. This was to avoid getting information “clogged up”
on a shared workspace as P4 mentioned, "[Shared chat] helped to
get started and you could take a look at others, but then you did
not really want to go in and like be in a shared chat". Leaders ac-
cessed the prompt library on Team-GPT more than other members
to create templates to guide the team’s work and structure results
for presentation.

6.2.2 Challenges and limitations faced during investigations. A sig-
nificant challenge was the concern over privacy and data security.
Participants were cautious about feeding sensitive information into
AI tools, as there was uncertainty about how this data might be
handled or stored. One participant reflected on this issue, stating,
"We should keep this in mind while we are using ChatGPT. . .we
do not want to put in the raw data in the form that breaches the
privacy of the company." The researchers provided a Python script
that participants could run locally to scrub Personal Identifiable
Information (PII), but it wasn’t used as it required extra setup. P4
and P5 navigated privacy concerns by avoiding including specific or
sensitive data in their prompts, focusing instead on general scenar-
ios. For example, P4 said, “like keeping it general enough, and not
having specific information, but having, like the scenario where I
asked, what are the possible cybersecurity risks knowing the family
members of an owner of a company or high-level employee".

Generative AI in the form of a large language model like Chat-
GPT, showed limitations in data collection and analysis. A recurring
theme in Study 2, participants again found that AI often provided
broad, generalized responses that required further refinement, as
P5 mentioned, "It tends to give broad responses and doesn’t always
provide the specific details needed for verification". This may be
partly due to the use of abstracted prompts to bypass privacy issues.
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Consequently, participants spent the majority of their investigation
outside the Team-GPT or ChatGPT platforms, using external tools
and searching websites or social media accounts.

Another challengewas the difficulty inmonitoring team progress
and maintaining coordination, especially when using AI in asyn-
chronous collaboration settings. Participants ratedmonitoring progress
as the leadership behavior where generative AI was the least use-
ful. While AI tools were used to create structured templates and
organize information, keeping track of who was doing what and
ensuring that all tasks were aligned with the overall investigation
goals was not straightforward.

6.2.3 Usefulness of vulnerability assessments based on client survey.
Based on the survey responses, all clients valued the insights into
their cybersecurity risks provided by the student teams from the
OSINT clinic. The consistently highest possible ratings for the value
and actionability of the assessments indicate that the clients found
the services beneficial, not only for understanding their current
vulnerabilities but also for guiding their future cybersecurity ef-
forts. All three clients wanted to return for a similar exercise and
recommended the program to other organizations.

One respondent noted that the information was "very action-
able" and that they now have "a game plan to address the issues
and mitigate the potential risks". Another client emphasized the
usefulness of the report as they were in the growth phase and
had already started implementing some of the recommendations.
Table 3 shows some of the common vulnerabilities identified and
recommendations made.

7 Discussion
7.1 Reflection on Co-designing via

Matchmaking for AI
7.1.1 Adapting the method for OSINT investigations. We adapted
and extended the Matchmaking for AI method [70] for an OSINT
context to structure design workshops and generate innovative
yet feasible ideas. We followed the three key steps of the origi-
nal method. First, for mapping stakeholder domain expertise and
AI needs, we focused on challenges and learning goals across the
OSINT Intelligence Model for OSINT investigations. For Step 2,
playing with AI probes to make participants familiar with “affor-
dances of the technology,” we used ChatGPT and Team-GPT as
probes. For the third step, brainstorming AI design elements, we
identified ways to tailor general-purpose LLMs in developing and
applying OSINT skills.

We also extended this method by addressing two limitations
revealed by our study context. First, our brainstorming sessions in a
group setting, with a mix of co-located and online setups, alleviated
the limits of interpersonal engagement and creative expression
among participants in a remote, individual study setting. Second,
we used ChatGPT and Team-GPT as functional technology probes
[62], compared to Wizard-of-Oz simulations, to help participants
envision more diverse and concrete AI solutions.

7.1.2 Extending the method for collaboration and learning. Our goal
was to support investigations of student analysts, as they are essen-
tial for the cybersecurity clinic model [11]. Their needs, expertise,
and skill levels differ significantly from expert practitioners, who

are the primary stakeholders for previous matchmaking studies
[70, 103]. Our adaptations of the Matchmaking for AI method cater
to learners and the clinic model, characterized by achieving learning
goals and performing collaborative real-world investigations.

Chin Jr. et al. highlight collaborative analysis as a critical ap-
proach for intelligence analysis, and we report on its evolution over
time by observing AI interactions and teamwork across workshops
and real investigations [38]. In Study 2 (Section 5.3), we investi-
gate new challenges and design ideas that emerge as the team
collaborates and incorporates generative AI tools over time. Our
longitudinal and cyclical study design promotes fluidity between
the phases of co-design and helps to study collaboration.

As Stahl suggests, understanding groupware requires groups to
use it in real-world conditions over time [85]. In Study 3 (Section 6),
we enhance the matchmaking process by validating design ideas in
a natural setting. Team-GPT along with other content collaboration
tools like Google Docs and Mattermost serve as a research tool
to observe team behaviors and use of generative AI in ongoing
investigations. The insights gained from real-world investigations
help prioritize the design ideas, providing a deeper understanding
of how to integrate AI tools effectively into collaborative OSINT
practices. Our study goes beyond the typical use of AI for data col-
lection and analysis [34], focusing on how student teams learn new
skills and close skill gaps. Our study design refines the matchmak-
ing process to support collaboration and real-world needs, making
it more flexible and useful for areas like crowdsourcing complex
tasks [80, 100] and co-creation [33].

7.2 Role of Generative AI in Learning and
Collaboration for Investigations

Studies 1 and 2 helped identify and achieve a set of learning goals
(Table 2) for performing vulnerability assessments as a part of the
OSINT Clinic. Generative AI, particularly ChatGPT, was instrumen-
tal in helping students plan investigations (LG2) and select effective
OSINT tools (LG3). For example, AI simplified the process of break-
ing down complex tasks into structured subtasks tailored to the
team’s capabilities. This scaffolding allowed students to navigate
the vast array of OSINT techniques without feeling overwhelmed,
supporting novice learners in developing systematic approaches to
investigations. These results contribute to research on using AI to
structure complex tasks [30, 86].

In terms of data collection and verification (LG4, LG6), AI-generated
templates provided consistent structures for organizing collected
data, reducing redundancy, and enhancing collaboration. AI’s abil-
ity to suggest alternative sources for verification encouraged stu-
dents to adopt rigorous cross-referencing practices. However, the
AI’s generalization tendencies and outdated information posed
challenges, requiring students to manually verify AI-suggested
tools and sources. AI-assisted interpretation of tool outputs enabled
participants to better identify vulnerabilities, enhancing their an-
alytical skills (LG7). By simplifying technical findings into clear,
understandable language, AI helped students translate complex
data into actionable insights. This was particularly beneficial in
learning how to present findings to non-technical clients (LG9).
Similar benefits like getting new insights and support [94] have
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Table 3: Common vulnerabilities identified and recommendations for mitigation

Common Vulnerabilities Recommendations

Out-of-date tech stacks like JavaScript libraries on client web-
sites

Regularly update software versions to avoid potential security
risks

Company social media reveals questionable personal data or
connections

Separate personal and business social media accounts to main-
tain professionalism and protect privacy

Employee emails found in data breach Regularly change passwords and use a password manager to
prevent unauthorized access through compromised emails

Personal home address registered as business address can be
easily found in public records

Register your business at a P.O. box, or use virtual office space
for registration

Third-party services have vulnerabilities and predatory policies Switch to more secure alternatives and thoroughly read any
agreement before signing and research their reputation before-
hand

been demonstrated in applications of group ideation [59], coding
[76], and general creativity [44].

We found that Team-GPT supported sharing and content collab-
oration, which are collaborative behaviors first identified in Kang et
al.’s longitudinal study of teams of intelligence analysts [66]. Teams
used the shared workspace to finalize templates and structure work-
flows, which minimized duplication of effort and streamlined task
division. Content collaborationwas supported by the prompt library
and saved chats, and led to the development of a repository of useful
prompts (see Appendix A.1). However, challenges emerged around
maintaining consistency in formatting and style across different
team members’ outputs. This required students to develop stronger
communication and coordination skills, reflecting real-world team
dynamics in cybersecurity investigations [81].

While generative AI supported the development of OSINT skills
and collaboration, challenges such as privacy concerns, general-
ization, and inconsistent outputs underscore the need for careful
integration. The students’ ability to critically engage with AI, verify
its suggestions, and adapt their workflows reflects a key outcome:
they not only learned OSINT techniques but also developed meta-
skills in evaluating AI outputs and incorporating them responsibly.

7.3 Design Considerations for Using Generative
AI in Real-World Investigations

In our study, we structured OSINT-based vulnerability assessments
into key areas (see Table 1) that helped evaluate threats such as
outdated tech stacks, leaked credentials, and social engineering
vulnerabilities. Building on Clinical Computer Security (CCS) [50],
we showed how its core approach — collaborative, client-focused
security investigations — can be adapted for broader cybersecu-
rity assessments. While CCS traditionally supports individual vic-
tims, our study applied the UIA framework to proactively assess
organization-level cybersecurity risks.

We integrated generative AI to support clinical investigations. In
Study 3, tools like ChatGPT and Team-GPT assisted across multiple
phases of the Intelligence Cycle during real-world investigations.

Students used AI to create templates for structuring data collec-
tion, generate actionable recommendations for clients, and simplify
technical findings into more digestible reports. Leaders in the team
relied on AI to break down complex tasks, assign subtasks, and
scaffold the investigation process, ensuring the team maintained a
structured workflow. Generative AI also supported the verification
process by suggesting alternative data sources, enhancing the rigor
of the investigations. However, participants used these tools selec-
tively, often choosing to work independently with OSINT tools and
personal ChatGPT instances to maintain efficiency.

The results underscored the need for balancing AI automation
with human judgment, aligned with findings from previous studies
[59, 67]. While generative AI can handle routine tasks like tem-
plate generation and summarization, more nuanced activities —
such as verifying sensitive information or providing context-aware
leadership — still require human expertise. These results build on
previous research that has highlighted several challenges in using
generative AI, such as misalignments in understanding its capa-
bilities [86, 92], prompting techniques [86, 113], and evaluating
its outputs [68, 86]. Integrating generative AI into real-world OS-
INT workflows revealed design considerations related to privacy,
workflow integration, and collaboration. We combined participants’
design ideas with recent technological advancements to propose
future directions and mitigation strategies across these challenges.

7.3.1 Privacy Challenges. Privacy concerns were a significant lim-
itation in fully leveraging generative AI tools like ChatGPT and
Team-GPT. Although clients did not specifically mention concerns
about AI tools or privacy, our NDA explicitly ensured that all data
would remain within the clinic and not be shared externally. Par-
ticipants were cautious about feeding sensitive client data into AI
platforms due to uncertainty about how the data might be stored
or used by these tools. This caution was more pronounced during
the later stages of the investigations, particularly when analysis
and dissemination involved sensitive and identifiable information.
Even though participants attempted to anonymize data or use gen-
eralized scenarios, the fear of exposing confidential information
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remained prevalent. While a Python script was provided for this
purpose, the extra setup was a barrier to its adoption.

The reliance on commercially available, cloud-based AI plat-
forms creates a tension between efficiency and privacy. This issue
becomes more critical with OSINT clinics as students may be more
prone to taking "shortcuts" or inadvertently breaching confiden-
tiality. This tension highlights the need for privacy-preserving AI
frameworks that can support OSINT investigations without risking
client confidentiality. For instance, AI models that run locally on
secure machines, rather than cloud-based platforms, could allow
for sensitive data processing without risking data leakage [19, 55].
Features that let users toggle privacy modes, disable chat history,
or automatically redact sensitive information can help build trust
in these tools. Educational guidelines and training for students
on responsible AI use can reduce the likelihood of shortcuts that
compromise privacy.

7.3.2 Integration with Existing Workflows. Integrating generative
AI into the existing workflows of student analysts presented prac-
tical challenges. There is a lack of support for collecting OSINT
information with general-purpose models, even though this is the
most time-consuming part of the investigation. Analysts also faced
workflow disruptions due to context-switching between multiple
tools and platforms (ChatGPT, Team-GPT, Google Docs, Matter-
most, browser, command line tools).

To address this, future design efforts should focus on creating
seamless integrations between generative AI tools and commonly
used collaboration platforms. Features like embedded AI prompts
within investigation tools or plugin-based extensions could stream-
line workflows and reduce context-switching. Agentic workflows
could help automate data collection by orchestrating the use of
reputable tools [18, 41, 49]. Trust in results can be achieved by
integrating well-known and reliable OSINT tools [64, 106].

7.3.3 Collaboration and Leadership Issues. Generative AI tools in-
troduced both opportunities and challenges for collaboration and
leadership within the student teams. Team-GPT features facilitated
initial brainstorming and task organization but led to fragmented
workflows when used excessively. Forking conversations and man-
aging multiple active chats often created silos, reducing the effi-
ciency of team coordination. As a result, participants preferred
to use personal ChatGPT instances to maintain focus and avoid
cluttered workspaces.

Effective leadership was crucial in mitigating these challenges.
Leaders used AI to structure tasks and generate templates, but mon-
itoring team progress remained difficult. Here, AI can assist leaders
by suggesting task assignments based on team members’ skills and
past performance [30, 105]. Features that maintain group aware-
ness, for example, real-time dashboards showing team progress,
task ownership, and AI interactions could help leaders andmembers
stay synchronized [78].

Moreover, while AI facilitated some aspects of task-oriented lead-
ership, it lacked the contextual understanding needed for decision-
making. This reinforces the importance of human oversight and
interpersonal skills in leadership roles, suggesting that AI should
be seen as a complement rather than a replacement for leadership
behaviors [84, 112].

7.4 Limitations and Future Work
A limitation of this study is the small participant size of six un-
dergraduate students, which may limit the generalizability of the
results. However, this is consistent with prior HCI and intelligence
analysis research, where studies often rely on small groups due to
the sensitive nature of the work [38, 51, 58, 60, 66, 81, 109]. This
challenge reflects broader issues in accessing cybersecurity profes-
sionals for research. As Sundaramurthy et al. found, barriers such
as intensive workloads, sensitive work environments, and mistrust
of outsiders make it difficult to recruit larger, more diverse groups
[88].

Another limitation is that the findings are primarily reflective of
a group with limited professional experience. While only half of our
student participants were computer science majors, the group rep-
resented diverse academic backgrounds, including business and na-
tional security majors. Despite this limitation, the insights from this
group remain valuable. The participants’ status as novice OSINT
analysts mirrors the demographics of many cybersecurity clinics
and educational programs, where students are the primary work-
force. Their challenges, skill gaps, and learning goals offer a critical
lens for understanding how generative AI can support early-stage
analysts, who represent the future of the OSINT and cybersecurity
workforce. Addressing the needs of novices can lead to the devel-
opment of AI tools that are accessible, educational, and scalable for
broader use in training environments and real-world applications.

The current study provides initial findings on the integration
of generative AI in OSINT clinics. The developed prompt library,
along with examples of generative AI use across the different phases
of OSINT investigations, offers a starting point for refining design
ideas in future research. Expanding this work to include larger
and more varied participant pools — such as students from diverse
backgrounds, professional analysts, or interdisciplinary teams —
will help assess the broader applicability and effectiveness of these
AI-driven approaches. Including students from various disciplines
(e.g., social sciences, law, journalism) could provide a more holistic
understanding of how different backgrounds influence the adoption
and effectiveness of AI tools in OSINT. Additionally, longitudinal
studies that follow participants into professional settings could
reveal how AI-supported skills translate to real-world practice.

8 Conclusion
This paper introduced the OSINT clinic, which was aimed at provid-
ing students with training and practical experience in conducting
cybersecurity vulnerability assessments using publicly available
data, addressing the scalability challenge of helping small busi-
nesses protect themselves against cyber attacks. Through a three-
phase co-design study, we identified key challenges, such as infor-
mation management, skill gaps, and collaboration inefficiencies.
We developed design ideas to address these gaps by integrating
generative AI into various stages of the OSINT investigation pro-
cess, including planning, data collection, processing, analysis, and
dissemination. The design ideas can benefit novices and experts
to leverage large language models like ChatGPT and collaborative
AI platforms like Team-GPT in their workflows. A pilot with three
small businesses demonstrated the benefits of using generative AI
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to streamline OSINT investigations, as clients found value in the re-
sulting vulnerability assessment reports. It also revealed challenges,
including privacy concerns and difficulties in monitoring progress.
We propose future research on human-AI collaboration for OSINT
tasks, informed by our design requirements and recommendations.
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Table 4: Curated prompt templates for Planning in Team-GPT. Users are prompted to fill in {{}} placeholders before running the
prompts

Phase Prompt name and pur-
pose

Prompt details

Planning Division of work: Takes
the team size and divides
up tasks to perform net-
work discovery, website
vulnerabilities, physical as-
sets, third-party services,
employee public informa-
tion, brand monitoring,
and breach data in two
weeks as a team.

Create a planning template for an OSINT cybersecurity investigation involving 7 services:
network discovery, website vulnerabilities, physical assets, third-party services, employee
public information, brand monitoring, and breach data. Description of tasks are as fol-
lows: Network Discovery - Identify all digital assets (websites, email, servers, webcams)
associated with the business. Website Vulnerabilities - Discover vulnerabilities on the busi-
ness’s website such as outdated software, insecure admin panels / logins, files that should
not be public, etc. Physical Assets - Identify physical assets like buildings, properties, or
vehicles from online resources or images. Third Party Services - Document third party
services (vendors, etc.) that the client does business with to identify possible supply chain
vulnerabilities. Employee Public Information - Identify key employees from a company
using social media platforms, gathering information like job titles, email addresses, or
sensitive personal data accidentally shared online. Brand Monitoring - Find instances of
negative mentions, disinformation, inappropriate content, legal filings and settlements
related to the business. Breach Data - Search for a company’s leaked passwords and data
in breach data dumps and on the dark web. My team of {{team_size}} is looking to perform
the 7 tasks. Divide our workflow into the most efficient subtasks between the {{team_size}}
of us. Create a timeline for two weeks for a team of {{team_size}} to work on. The first
week is for data collection and preliminary analysis to identify areas to dig deeper. The
second week should focus on completing the analysis, incorporating any new information
and feedback from reviewers. At the end of the second week, the goal is to generate a
set of vulnerabilities and recommendations to present to the small business. Take into
account the member’s expertise while dividing up the task. Member 1 has preference for
the following tasks {{Member_1_preference}}. Member 2 has preference for the following
tasks {{Member_2_preference}}. Member 3 has preference for the following tasks {{Mem-
ber_3_preference}}. Create internal deadlines for the tasks.

Templates for tasks: Cre-
ate template for data col-
lection for a particular OS-
INT task/subtask

You are an OSINT investigator specializing in cybersecurity vulnerability assessments. I
am developing a template for an Open Source Intelligence (OSINT) investigation focused
on identifying cybersecurity risks within an organization. The investigation requires an-
swering the following OSINT question: {{task_description_or_guiding_question}}. Create
a comprehensive template that outlines the steps for data collection, analysis, and docu-
mentation related to these questions. The template should include sections for different
data sources, how to use the data sources, methods for analyzing the information, risk
assessment techniques, and protocols for reporting findings. Additionally, please suggest
OSINT tools and resources that can aid in collecting and analyzing information effectively.
Format the template and information so that it is within a table.

Figure 4: FigJam board showing the canvas for brainstorming during Design Workshop 1
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Table 5: Curated prompt templates for Data Collection in Team-GPT. Users are prompted to fill in {{}} placeholders before
running the prompts

Phase Prompt name and pur-
pose

Prompt details

Data Col-
lection

OSINT Tools and Tech-
niques: Learning about re-
lated tools by providing a
known tool

What are other examples of OSINT tools like {{tool/website}} ? Provide them in a list format
with a description of each tool/website and how to utilize them for the {{OSINT_task}}?

Process for collecting
data: Given a subtask, the
prompt generates a plan
to collect relevant data

Develop a step-by-step guide for leveraging OSINT (Open Source Intelligence) techniques
to gather data on {{OSINT_subtask}}. Include methods for identifying relevant sources and
analyzing the gathered data.

Data collection templates:
Each task has a detailed
description based on tools
and how to document that
data

Example for data breach: Develop a detailed template for analyzing and documenting a
small business’s exposure in data breaches. Focus on searching public breach databases
and the dark web for leaked data related to the company. The template should include
sections for tool usage (e.g., Have I Been Pwned, BuiltWith, Censys), specific techniques
for finding and verifying breaches, and the handling of sensitive information. Describe
the process for updating the report with new data and organizing findings (including raw
data descriptions and archived links) for effective communication with clients.

Figure 5: FigJam board showing the canvas and results for Learning Goal 2 during Design Workshop 2
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Table 6: Curated prompt templates for Data Processing and Analysis in Team-GPT. Users are prompted to fill in {{}} placeholders
before running the prompts

Phase Prompt name and pur-
pose

Prompt details

Data Pro-
cessing

Formatting raw data: Put
the raw data into a table
based on template

Create a table using this template {{template_for_organizing_data}} and organize the
information I collected {{raw_data}}

Finding next steps based
on raw information: En-
ter the broad task like
network discovery, web-
site vulnerabilities, physi-
cal assets, third-party ser-
vices, employee public in-
formation, brand monitor-
ing, and breach data. Then
input the raw data from dif-
ferent tools with a heading
for what the data is about.
The results describe the in-
formation and find areas to
dig deeper.

You are an OSINT investigator specializing in cybersecurity vulnerability assessments.
Accept redacted information for cybersecurity vulnerability assessment tasks using OSINT.
The tasks include network discovery, website vulnerabilities, physical assets, third-party
services, employee public information, brand monitoring, and breach data. The description
of the tasks are: Network Discovery - Identify all digital assets (websites, email, servers,
webcams) associated with the business. Website Vulnerabilities- Discover vulnerabilities
on the business’s website such as outdated software, insecure admin panels / logins, files
that should not be public, etc. Physical Assets -Identify physical assets like buildings,
properties, or vehicles from online resources or images. Third Party Services -Document
third party services (vendors, etc.) that the client does business with to identify possible
supply chain vulnerabilities. Employee Public Information- Identify key employees from
a company using social media platforms, gathering information like job titles, email
addresses, or sensitive personal data accidentally shared online. Brand Monitoring - Find
instances of negative mentions, disinformation, inappropriate content, legal filings and
settlements related to the business. Breach Data - Search for a company’s leaked passwords
and data in breach data dumps and on the dark web. The particular task is {{OSINT task}}.
The raw information is {{raw_information}}. Use raw information to find other sources
of relevant OSINT information and describe data collection methods that can enhance
current results for the task. Describe the data explaining the significant aspects. What are
some interesting insights that might be useful for the business client who wants to know
about their cybersecurity vulnerabilities. Finally pinpoint areas to look into for future
research for that task.

Data
Analysis

Interpret results from tools:
Describe the results and
identify possible vulnera-
bilities by providing the
tool name and results from
the tool

Given the {{result_from_tool}} from tool {{tool_name}}, can you explain the concepts and
significance of each heading? What are some vulnerabilities that can be reported based on
this data?

Identifying vulnerabilities
from data collected: Pro-
vide results from tools and
raw data to identify possi-
ble vulnerabilities

Interpret the redacted OSINT data {{collected_data}} to document how this information
can be used to identify vulnerabilities. What vulnerabilities can be presented to a small
business based on this information?
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Table 7: Curated prompt templates for Dissemination in Team-GPT. Users are prompted to fill in {{}} placeholders before
running the prompts

Phase Prompt name and pur-
pose

Prompt details

Dissemi-
nation

Develop recommendations
from vulnerabilities: Pro-
vide the list of vulnerabili-
ties to generate recommen-
dations for the business

Given the list of website vulnerabilities :{{list_of_vulnerabilities_or_key_findings}}, what
are some recommendations you would make as a cybersecurity professional? Remember
the client is a small business with no dedicated personnel for cybersecurity and operating
on a small budget. Add a page at the end for summarized vulnerabilities and corresponding
recommendations. Provide a timeline and more detailed explanations on these recommen-
dations. Also add any other suggestions/disclaimers you would put in a document for an
OSINT investigator who is giving this to a stakeholder.

Iterating on recommenda-
tions: Simulate feedback
from a small business on
the recommendations

Act as a small business owner responding to the information I just gave them as a cyber-
security analyst they hired to look into vulnerabilities in their business. Here’s a set of
vulnerabilities and recommendations: {{vulnerabilities_and_recommendations}}. Provide
feedback that can help with making the recommendations more actionable and complete.
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