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Abstract

Large language models (LLMs) have transformed textual or qualitative data processing and analysis by automating and enhancing
interpretive accuracy, particularly in complex areas like cybersecurity, ethics, and compliance. This study examines the effective-
ness of local LLMs in analyzing qualitative research using the data gathered from the case study on “perspectives on security and
privacy issues associated with the introduction of gamified workforce studies”. The research presented in this paper utilized 23
interview transcripts to evaluate three popular LLMs, namely LLaMA, Gemma, and Phi, running on a local infrastructure. We
observed that LLaMA focuses on practical data security, Gemma on regulatory compliance, and Phi on ethical transparency and
trust-building. By combining these models, researchers can gain a more comprehensive understanding of the complex implications
of gamification in workforce studies. Local LLMs provide the added benefit of enhanced data privacy and security by processing
sensitive data entirely within a controlled environment. This study explores the system and user prompts that can improve the in-
terpretive accuracy of various qualitative research approaches, such as thematic analysis, frequency analysis, impact level analysis,
sensitivity analysis, and disclosure analysis, demonstrating the potential of local LLMs for qualitative analysis for sensitive data.
This study recommends the usage of LLMs for the initial stage of the qualitative analysis process to enhance the efficiency and
effectiveness of subsequent completely manual or software-assisted manual analysis.
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1. Introduction

Conventionally, manual coding in qualitative analysis is time-intensive and requires significant effort to categorize
and interpret [1]. According to [3], thematic analysis or grounded theory requires careful coding and interpretation
to answer research questions. Consequently, analysts often identify recurring patterns, themes and narratives in qual-
itative data [2]. Alternatively, software tools such as NVivo, Atlas.ti, and MAXQDA are alternatives. However, this
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software requires data to be entered manually because it lacks advanced natural language processing capabilities and
cannot automate theme recognition and complex pattern interpretations [4]. However, LLMs can process large textual
datasets, identify trends and derive insights through natural language processing (NLP) [5]. They can spot changes in
expression and language, which a typical qualitative analysis process would not find. However, despite these strengths,
it has not been fully applied to analyze qualitative data. Existing research has mainly focused on the general capac-
ities of LLMs for textual analysis without tailoring them to various qualitative research approaches. Consequently,
a structured approach to identify and optimize prompts for diverse qualitative research approaches to improve the
interpretive accuracy of LLMs remains notably absent. Online LLMs like ChatGPT and Gemini provide accessible
and powerful processing capabilities but raise privacy concerns when dealing with sensitive qualitative data. Also,
data processing and storage require external servers raising concerns about data security and privacy compliance [5].
Local LLMs are a viable alternative to mitigate this risk; organizations could use them to localize data processing
within their infrastructure. However, the feasibility and performance of local LLMs have not yet been fully tested.
This study introduces system and user prompts that could be used in different qualitative research approaches to study
the feasibility, performance, and efficiency of using local LLMs for qualitative analysis. This study utilized qualitative
data from the “perspectives on security and privacy issues associated with the introduction of gamified workforce
studies” as a case study. Therefore, this study aims to thematically analyze the qualitative data from the study using
a software-assisted manual analysis (baseline analysis with NVivo) and local LLMs analysis (LLaMA, Gemma, Phi).
The key research questions (RQ) of the study are:

e RQ1: What prompts could be used to optimize the interpretive accuracy of local LLMs for different qualitative
research approaches?

o RQ2: How feasible, performant, and efficient can local LLMs analyze qualitative data compared to software-
assisted manual analysis?

This study explores different aspects of LLM-assisted qualitative analysis, including the technical, ethical, and prac-
tical aspects. It offers insights into how researchers and professionals can use this approach to enhance qualitative
analysis of sensitive data. The key contribution of this work is the development of optimized prompts that improve
precision and relevance when using local LLMs to conduct different qualitative research approaches. Furthermore,
this study evaluates the feasibility, efficiency, and performance of local LLMs in qualitative analysis by comparing
their effectiveness against the software-assisted manual analysis.

The rest of the paper is organized as follows: Section 2 focuses on the background study of qualitative analysis and
LLMs. Section 3 outlines the research methodology used. Section 4 contains the result of the LLM-based qualitative
analysis. Section 5 is a comparative overview of the results received from software-assisted manual and LLM-based
analysis. Lastly, Section 6 concludes this study.

2. Background Study
2.1. Qualitative Data Analysis

Qualitative research analysis systematically analyzes textual data to identify patterns and insights [8]. Literature has
introduced various analytical approaches, including thematic, sentiment, disclosure, frequency, and impact analyses.
Thematic analysis identifies recurrent patterns and themes in textual data, enabling a structured comprehensive partic-
ipants’ perspectives [9]. Sentiment Analysis assesses the emotional tone, capturing participants’ attitudes, opinions, or
sentiments [9]. Disclosure Analysis examines the patterns of information shared and withheld, offering insights into
the communication practices of the participants [9]. Frequency Analysis quantifies key terms to highlight dominant
ideas in the discussion [10], while impact Analysis evaluates how specific themes influence the discussions, provid-
ing practical implications for research findings [10]. Qualitative analysis is conducted through two main methods:
manual coding and software-assisted analysis. Although manual coding offers deep interpretive insights, it is time-
consuming and prone to bias [11]. Software-assisted tools such as NVivo, MAXQDA, and Atlas.Ti enhances efficiency
and structure but relies heavily on significant manual effort for coding and theme recognition [12] [13]. This limitation
highlights the need for advanced text analysis technologies to conduct complex thematic analysis.
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2.2. Large Language Models (LLMs)

LLMs leverage deep learning techniques to understand context, recognize patterns [14], and generate meaningful
outputs from complex and voluminous textual datasets. Their sophisticated text generation and pattern recognition
skills enhance the depth and objectivity of text analysis, minimizing the need for extensive researcher involvement
[15].

LLMs can be deployed either online or locally. Online LLMs such as ChatGPT, Copilot, Gemini, DeepSeek Al
are hosted on external servers and accessed via the Internet. In contrast, local LLMs like LLaMA, Gemma, and Phi
can be deployed in-house and accessed via a private network. Local LLMs are preferable for sensitive analysis due to
improved security and privacy. Unlike online LLMs, they keep their data within a controlled environment, minimizing
data leakage risk while ensuring better compliance with data protection requirements. However, local LLMs require
extensive customization and in-house expertise for maintenance and are limited by hardware capabilities. Although
online models operate on a pay-as-you-go basis, local LLMs require higher initial setup costs but eliminate long-term
reliance on external providers.

LLMs process textual data via system and user prompts. System prompts are predefined instructions given to the
model to make it apply instructions uniformly and consistently [17]. On the contrary, user prompts are dynamic in-
structions given to the model to extract specific insight and facilitate flexible data interpretation. Furthermore, prompts
are vulnerable to extraction attacks using techniques like output2prompt, raising privacy and security concerns, es-
pecially with online LLMs [17]. Local LLMs mitigate this risk by keeping data in a controlled environment, e.g., an
office network. For qualitative analysis to be effective, it is important to balance the system and user prompts because
a well-crafted system prompt enhances consistency. In contrast, user prompt enhances adaptability, which is necessary
to ensure accurate LL.M-assisted qualitative analysis.

3. Methodology

Case Study: Traditionally, workforce studies rely on surveys and interviews, which often suffer from low en-
gagement and survey fatigue, leading to poor response rates [6]. To address this, an extensive feasibility study of
using gamification, i.e. the introduction of game-like elements [7] to enhance participation in workforce studies, was
conducted. The study gathers “diverse perspectives on potential security and privacy concerns associated with the
introduction of gamified workforce studies”. To investigate these concerns, semi-structured interviews were conducted
by the authors with 23 experts from diverse organizations such as NGOs, companies, and universities. The participants
answered the same open-ended questions. Each interview lasted for between 45 to 60 minutes. The gathered insights
ensured a comprehensive understanding of the potential security and privacy concerns of gamified workforce studies.
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ing it to consider cultural, linguis-
tic, and contextual variations; Bias Mitigation, ensuring neutrality in interpretation; and Ethical Compliance and Data
Protection, safeguarding confidentiality by preventing the inclusion of personally identifiable information. This struc-
tured approach enhances prompt effectiveness, interpretive accuracy, and ethical reliability in LLM-assisted qualitative
analysis. Neglecting these factors reduces the reliability and ethical integrity of the qualitative analysis, making the
findings less credible and potentially problematic in sensitive research contexts. The finalized prompts that were used
across the models are provided below.

”You are a research analyst (Role Specification) tasked with analyzing transcripts from interviews with partici-
pants from diverse cultural, demographic, and industrial backgrounds. Your job is to identify insights, patterns, and
key themes (Structured Thematic Analysis) in the transcripts that I will provide. Also, ensure that cultural, linguis-
tic, and contextual distinctions are considered (Inclusivity and Context Awareness) to reflect everyone’s perspective
accurately. Maintain neutrality and avoid favoring any particular viewpoint (Bias Mitigation). Lastly, ensure that
you adhere to ethical guidelines and data protection standards (Ethical Compliance and Data Protection), such as
avoiding personally identifiable information that could jeopardize confidentiality and data integrity.”

The table 1 outlines the user prompts used to interact with the LLMs to perform various qualitative analysis tasks.
The user prompts were designed to include only the relevant factors, ensuring a structured and targeted prompt.

4. Results Analysis

The following sections analyze the results from the five user prompts from the three local LLMs: LLaMA, Gemma,
and Phi.

4.1. Contextual Overview

In qualitative research, defining the interview context is essential for the researcher as it shapes the interpretation
of the participant’s responses. For LLMs, context prompts provide an understanding of the interpretative lens through
which the analysis is conducted, which enables researchers to align or adjust the model’s perspective as required.
A partial view of the results received from the models and the interpretation focus can be seen in Table 2. The
result shows that each local LLM interpreted the context with a particular focus. For example, LLaMA’s conversation
prioritized security-focused analysis, Gemma aligned with regulatory compliance, and Phi offered insight into ethical
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Table 1. Finalized user Prompts utlized to conduct diverse qualitative analysis task

No. Tasks User Prompts

1 Context Overview "What is the context? Include the main topics discussed by all backgrounds of participants (Inclusivity and Con-

text Awareness).”

2 Key Areas and respec- ”Identify the key areas of this transcript and assess their relative importance based on participant emphasis and
tive Thematic, Impor-  thematic relevance (Structured Thematic Analysis). Generate a table listing the identified key areas, correspond-
tance, and Frequency  ing themes, thematic coding, the frequency of each code, and the overall occurrence percentage for each key area
Analysis as importance (Symbolic Reasoning for Data Structuring).”

3 Summary Findings ”List the key findings for the areas you previously identified. Structure the summary in clear sentences, categorizing

findings by theme and importance (Role Specification for Analytical Summarization).”

4 Sentiment Analysis ”Analyse participants’ feelings about the key areas identified in the transcript. Provide a sentiment classification

(e.g., positive, negative, neutral) (Bias Mitigation and Context Sensitivity).”
5 Disclosure Analysis ”Perform a disclosure analysis on key areas. Specify the nature of disclosures (explicit vs. implicit), and assess

any patterns in disclosure behavior (Ethical Compliance and Data Protection).”

Table 2. Partial context output of the LLM Models’ and Interpretation Focus

LLM Models Extracted Context Output Interpretation Focus

LLaMA ”...there is a need to balance benefits with secure data handling. Raises concerns about Security Risks
stakeholder-wide data access and unauthorized access risks ...”

Gemma ”...the importance of strict access controls and ensuring GDPR compliance in gamified Regulatory Compliance

platforms. Highlights the role of compliance teams in maintaining legal adherence ...”
Phi ”...transparent communication about data collection, the need to engender employee Ethical Transparency
trust, and strategies to increase comfort with workplace gamification ...”

transparency. This difference in the output underscores the importance of selecting an LLM-based research context to
ensure alignment with the qualitative analysis.

4.2. Key Areas, Importance Analysis, Thematic Coding Analysis and Frequency Analysis

This is the key aspect of qualitative analysis, where the LLMs identify the key areas of the data and their importance
level. Then, it identifies codes to capture all the sub-areas and determine the frequency of use in the transcripts. Table
3 shows that LLaMA uses practical or actionable approaches by identifying specific data security and privacy risks
while emphasizing gamification’s benefits and risks. This indicates a balanced focus on concrete strategies to balance
the advantages of gamification with secure data handling. For instance, LLaMA focuses on security and engagement
benefits, frequently coding for “Access Restrictions” and “Employee Motivation”. Gemma strongly emphasizes reg-
ulatory compliance, reflecting its technical and compliance-driven approach to cybersecurity. For example, “GDPR
Adherence” and “Data Subject Rights”. Phi focuses on three key points: the ethical implications, building employee
trust and transparency, and this can be seen in themes like “Data Usage Disclosure” and “Equitable Data Treatment”.

4.3. Key Findings Summary

This provides a solid foundation for deeper analysis and accurate reporting by precisely capturing key insights.
LLaMA’s priority is practical or actionable security aspects. “Specific access restrictions to protect sensitive employee
data” and “Firewall protections can prevent unauthorized breaches in gamified systems” were some of the observed
findings. “Employee motivation can be enhanced through structured learning incentives” was another finding on
gamification benefits. LLaMA focused more on practicality, which results in less emphasis on more profound ethical
implications. Gemma’s regulatory perspective is detailed. For example, one of its findings was about how “ensuring
GDPR adherence is fundamental for handling employee data legally”. It also stresses the importance of “setting
clear data retention policies” to comply with legal standards. Gemma also suggests that “authorization protocols are
necessary to manage data access within a gamified system”. These findings are structured as key takeaways covering
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Table 3. Analysis of Key Areas and their Impact on LLMs

65

Key Area Importance Themes Coding for Themes Frequency (out of 23)
Unauthorized Access ”Access Restrictions” LLaMA: 10, Gemma: 6
”Firewall Protections” LLaMA: 5, Gemma: 4
”End-to-End Encryption” LLaMA: 7, Gemma: 5
Data Encryption ”Data Masking” LLaMA: 3, Gemma: 2
Data Security LLaMA 40%, “Data Encryption Standards” Gemma: 3
and Gemma 20%, Anonymization of ”Pseudonymization” LLaMA: 5, Phi: 3
Privacy Risks Phi 15% Employee Data “Data Aggregation” LLaMA: 2, Phi: 2
” Anonymized Reporting” Phi: 3
. s “Regular Security Audits” LLaMA: 6
?;Z]l(lrll\i/gltllegftmn ”Data Minimization” LLaMA: 4
“Employee Access Control” LLaMA: 2
GDPR and Legal :GDPR A(;herer}ce” . Gemma: 9
Standards Data Subject Rights Gemma: 6
“Data Retention Policies” Gemma: 3
. LLaMA 5%, Role-based Access ,:ACCGSS.LGYGIS, " Gemma: 6
Regulatory Compliance Authorization Protocols Gemma: 4
Gemma 45%  Control " .. »
User Privilege Management Gemma: 2
Data Auditing and “Regular Data Au'dits” LLaMA: 4, Gemma: 4
Monitoring ”Anomaly Detection” LLaMA: 2, Gemma: 2
“Data Integrity Checks” LLaMA: 2, Gemma: 2
Transparency in ”Clear Commupication Policies” LL.aMA: 5, Phi: 6
Data Collection “Data Usage Disclosure” Phi: 8
”Purpose of Data Collection” Phi: 5
Employee Trust LLaMA 10%, Communication of :Data Policy Update;s” Phi: 5 .
and PHI 30% Data Policies Employee Consent LLaMA: 3, Phi: 3
Transparency “Right to Withdraw Participation” Phi: 2
. . ”Opt-In/Opt-Out Options” Phi: 3
E:;?Z;iivoilumdry ”Consent Managgmept” Phi: 2 .
”Voluntary Participation Statements” LLaMA: 1, Phi: 1
”Bias Mitigation” LLaMA: 4, Gemma: 3, Phi: 6
Fairness in Data Use “Equitable Data Treatment” Phi: 5
”Non-Discriminatory Practices” Phi: 3
LLaMA 15%, “Informed Consent” LLaMA: 3, Phi: 5
Ethical Implications Gemma 10%, Consent and Autonomy “Data Autonomy” LLaMA: 4, Gemma: 4, Phi: 4
Phi 35% ”Opt-Out Freedom” Phi: 3
”Non-Intrusive Monitoring” Phi: 4

Employee Well-being
and Respect

“Respect for Privacy”
“Employee Dignity”

LLaMA: 4, Gemma: 4, Phi: 3
Phi: 1

the necessary legal compliance. phasizes employee trust and ethical implications. For example, it emphasizes that
“transparent data usage disclosure builds trust when employees are informed how their data is handled”. Tt stresses
“equitable treatment in data practices to avoid bias”. Phi also suggests that “employees should have the option to
opt-out to respect personal data autonomy”. The findings were extensive and detailed, presented as specific ethical
points that deepen the understanding of relational and trust-building practices.

4.4. Sentiment Analysis

Sentiment analysis systematically assesses the emotional tone of the key data areas and groups complex quali-
tative expressions into obvious sentiment indicators. This approach provides researchers with complete background
knowledge of attitudes and emotions. LLaMA analyzes the participant’s emotional responses in detail, covering their
concerns about gamification. For example, LLaMA observed that participants “feel reassured by specific access re-
strictions”. This observation implies that safety awareness is enhanced when security measures are implemented.
Despite this, feelings of apprehension were noted, and participants confirmed that “firewall protections alone may not
address all vulnerabilities”. This implies a residual concern for security inadequacy. Gemma is moderate in its view
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because it focuses more on the participants’ feelings based on their trust and compliance with regulatory measures.
It shows that participants “feel confident when data handling aligns with GDPR”, indicating reassurance that comes
with legal adherence. Gemma also factors in the participants’ level of concern. Hence, it reported that participants
feel “uncomfortable if data retention policies are unclear”. This is an indication of their anxiety because of misuse.
Phi presents a concise analysis focusing on trust, ethical concerns, and participants’ relational feelings toward gamifi-
cation. Participants feel “valued when data usage is transparent”, indicating the emotional significance of open data
practices. Phi reveals some concerns; participants “feel uneasy if they cannot opt-out”, suggesting that autonomy loss
triggers discomfort.

4.5. Disclosure Analysis

Analysis of disclosure systematically allows researchers to examine information dissemination level and nature
in critical data areas. Such a structure is crucial because it compartmentalizes complex data into specific disclosure
trends. It also lets the researchers have a fair understanding of shared information’s openness, sensitivity, and rele-
vance. LLaMA provides a detailed analysis of the level of disclosure across key areas, specifying what information is
shared with employees and how. For example, LLaMA notes, “Access restrictions are disclosed fully, allowing em-
ployees to understand how their data is secured”. It also highlights partial disclosures, where participants report that
“firewall protections are mentioned but not in detail”, suggesting that security practices are disclosed partially and
fully. Similarly, Gemma’s disclosure levels focus on regulatory specifications, noting disclosures on compliance. For
example, “GDPR and data retention policies are disclosed to meet legal standards” This shows mandatory adherence
to compliance information. Gemma’s assessment cuts across complete and partial disclosure, adding that “authoriza-
tion protocols are not consistently disclosed”, which shows an existing gap in access control disclosure. Phi’s focus is
mainly on addressing employee concerns regarding data security. Phi observes that “Employees are concerned about
data security” and highlights a unique issue: a perceived lack of transparency in certain areas. Specifically, Phi iden-
tified that “employees feel uneasy when there is no explanation of how their data is used”. This suggests that Phi not
only recognizes the technical aspects of data security but also emphasizes the emotional and trust-related implications
of insufficient disclosure.

5. Evaluation and Discussion

The findings reveal that neither software-assisted manual analysis with NVivo nor LLM-based analysis could iden-
tify all key areas and coding in the qualitative data. Compared to the finalized validation results in table 4, software-
assisted manual analysis with NVivo and LLM-based analysis did not always achieve the perfect score for the identi-
fied coding. Both analyses performed worst for employee trust and transparency due to difficulty identifying implicit
coding and inconsistent keyword matching. In Table 4, each method has its strengths and limitations, enforcing the
need for a combined, iterative approach in qualitative analysis. The significant advantage of LLMs was the speed of
analysis as they completed the tasks in under 8 minutes, while software-assisted manual analysis using NVivo took
approximately a day (24 hours), making them effective for large datasets. Also, the model output varies, requiring a
harmonization process to ensure consistency. It is observed that the quality of the output from LLM:s relies on prompt-
ing techniques, training data and model-specific biases. Therefore, while LLMs serve as valuable tools for accelerating
qualitative analysis, their output should not be solely relied upon but used as a starting point for further analysis. Also,
running the models on a Graphics Processing Unit (GPU) will reduce the LLM’s computation time from minutes
to seconds. The findings suggest that LLMs should be considered complementary tools rather than replacements for
traditional qualitative analysis methods.

6. Conclusion

The evaluation demonstrates the unique strengths of LLaMA.2, Gemma?2 and Phi3.5 in performing qualitative
analysis within the context of privacy and security. LLaMA excels in detailed security insights, Gemma focuses on
compliance, and Phi on ethical transparency, creating a robust analytical framework when used together. Integrating
LLMs with GPU acceleration enables timely and detailed qualitative analysis. This research utilized two types of
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Table 4. Comparative observation of coding extracted for key areas across software-assisted manual analysis with NVivo, LLMs and validated
results.

No of Coding Identified
Key Areas Software-assisted Manual Analysis LLMs - -
(Benchmarking) LLaMA Gemma Phi Finalized Validation
Data Security and Privacy Risks 10 9 5 3 11
Regulatory Compliance 9 3 9 0 9
Employee Trust and Transparency 7 3 0 9 12
Ethical Implications 8 4 3 9 9

prompts: base system and user prompts. The output results of the user prompt depend on the base system prompt,
making it necessary to have a tailored system prompt for the case study. Notably, the accuracy of the user prompts
is influenced by keyword selection, keyword sequence, and model size. Therefore, it is essential to prioritize the ar-
rangement of keywords based on their relevance and importance level. LLMs outperformed software-assisted manual
analysis in processing time; however, their results are based mainly on the context set by the researcher. While LLMs
identified some key areas overlooked by manual analysis, they also failed to identify areas manual analysis could find.
Therefore, this study suggests that LLMs should be used as a preliminary step to enhance the efficiency of traditional
qualitative analysis methods. Future applications of LLMs could extend to the implementation of gamified elements
and the automation of workforce study reporting.
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