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Abstract 

This study investigates the application of AI in narrative medicine through content analysis, 

demonstrating how AI aids in identifying themes, emotions, key concepts, and structural patterns 

within medical narratives. A multi-stage, multi-tier analysis framework was employed, 

integrating natural language processing (NLP) for text preprocessing, including part-of-speech 

tagging. An iterative process of bilateral adjustments between human expertise and AI ensured 

methodological rigor, enhancing inter-rater reliability through noise removal. AI-assisted 

keyword extraction and semantic network analysis uncovered hidden patterns in patient-

physician interactions. The findings highlight AI’s potential to advance qualitative research in 

narrative medicine while emphasizing the necessity of expert annotation for analytical precision. 
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1 Introduction 

Narrative medicine significantly enhances medical students' engagement with clinical 

experiences, fostering reflective thinking and critical analysis skills [1][2], which also underscore 

the importance of integrating narrative medicine into medical curricula to cultivate well-rounded 

and reflective practitioners. Medical narratives, often captured in written reflections or case 

reports, offer rich insights into the cognitive and emotional processes underlying medical 

practices. These narratives can reveal the ways medical students interpret patient interactions, 

make clinical decisions, and apply theoretical knowledge in real-world contexts. However, the 

complexity and volume of these texts make manual analysis time-consuming and prone to bias, 

necessitating the development of more efficient methods to extract meaningful information from 

them. 

Artificial Intelligence (AI) has emerged as a powerful tool in enhancing text analysis, 

particularly in qualitative research [3]. By leveraging AI's natural language processing (NLP) 

capabilities, researchers can automate the identification of key themes, relationships, and patterns 

within large datasets of medical narratives. AI can assist in topic extraction and even in 

identifying subtle nuances that might be overlooked in traditional manual coding. Continuous 

bilateral refinements between human and AI increase the precision of content analysis. 

This paper aims to explore the integration of AI in the analysis of medical narratives, 

demonstrating its potential to uncover underlying themes and relationships within medical 

student reflections. A multi-stage, multi-tier analysis framework was employed, integrating 
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natural language processing (NLP) for text preprocessing, including part-of-speech tagging. By 

employing AI-assisted topic extraction, this study seeks to reveal patterns in medical interactions, 

providing a foundation for future research and improvements in medical education. The objective 

is to showcase how AI can enhance qualitative analysis, while highlighting the importance of 

human oversight to ensure contextual accuracy quantitatively.  

The subsequent sections of this paper are organized as follows: Section 2 reviews relevant 

literature, covering qualitative methods and corresponding statistical analysis techniques, the 

theoretical foundations of narrative medicine, and practical examples of AI-assisted analysis. 

Section 3 provides a detailed description of each implementation stage and corresponding 

procedures of the research process, including data collection, the construction of themes and 

theoretical structures, keyword extraction, and AI model training. Section 4 presents the complete 

analysis results, encompassing topic frequency, statistical associations between topics, and visual 

representations such as network graphs and heatmaps. Section 5 integrates the research findings, 

evaluates the potential and limitations of AI applications in narrative medicine, and offers 

directions and recommendations for future studies. 

2 Related Works 

2.1   Overview of Qualitative and Computational Approaches 

Traditional qualitative approaches in text analysis include using analysis methods such as 

grounded theory and thematic coding which have been widely used in medical humanities. Such 

that content analysis allow researchers to extract key themes from narratives [4]. However, these 

approaches are labor-intensive and subject to researcher bias. 

As technology advanced, computational methods for text analysis has improved, and natural 

language processing (NLP) and machine learning provide scalable approaches for thematic 

identification and coding. AI-driven text mining has been used to detect key themes in patient-

physician interactions. 

Computational methods enhance objectivity but require careful validation against human-

coded results. The hard-work lies at bridging qualitative and AI-assisted thematic analysis. The 

hybrid models integrate qualitative coding with AI-driven topic modeling.  

AI can assist in pre-classification, while human experts refine categories based on contextual 

knowledge. Inter-rater agreement between human coders and AI models should be calculated 

which ensures credibility and validity. 

2.2   Theoretical Foundations of Narrative Medicine 

Analyzing medical narratives requires a strong theoretical foundation to understand key 

dimensions of communication, ethics, and professionalism in healthcare. Established medical 

and nursing theories provide structured frameworks for interpreting themes in patient-provider 

interactions and for assessing how communication styles impact care and decisions. 

Communication dimensions are grounded in Patient-centered care theory [5], which 

emphasizes meaningful provider-patient dialogue. The associated themes are Cultural 

Understanding & Sensitivity, Emotional Support & Empathy, and Trust Building & Satisfaction 

Enhancement. In contrast, Medical professionalism [6] highlights objectivity and professional 

boundaries, with themes such as Diagnosis Characteristics, Treatment Relevance, and Technical 

Support. 

Ethical considerations include Informed consent theory [7], which supports full disclosure and 
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patient participation. Themes include Patient’s Right to Know, Patient Autonomy, and Post-

Disclosure Reactions. Conversely, the Principle of non-maleficence [8] supports withholding or 

delaying information if disclosure may harm the patient. Related themes are Information 

Withholding or Delayed Disclosure, Indirect Disclosure, and Family Notification. 

Emotional engagement aligns with Relationship-centered care theory [9], which encourages 

emotional investment to build trust. Themes include Emotional Connection, Long-Term 

Accompaniment, and Trust Establishment. An opposing perspective, grounded in Medical 

professionalism, discourages emotional involvement to maintain clinical judgment, with themes 

like Professional Distance, Standardized Care, and Rational Decision-Making. 

2.3   AI-Assisted Thematic Analysis 

Algorithmic approaches for thematic extraction. AI-generated themes are validated against 

human-coded results using inter-rater reliability measures. The challenges include AI’s inability 

to fully grasp nuanced human emotions and ethical considerations. Thus, further sentiment 

analysis and emotional computation would be needed. 

Sentiment analysis techniques assess emotional tones in patient narratives. Lexicon-based and 

deep learning approaches help in detecting empathy and distress levels. AI bias remains a 

challenge, requiring human intervention in critical decision-making contexts.  

Professional competency and AI in healthcare narratives. Multi-professional teamwork theory 

[10] emphasizes structured role allocation within healthcare teams. Themes includes Clear Task

Allocation, Professional Boundary Maintenance, Emphasis on Professional Efficiency. AI can

assist in assessing team communication effectiveness but cannot replace human contextual

understanding.

3 Content Analysis 

3.1   Data Collection 

A total of 83 medical students, aged 23 to 26, from a university specializing in medical 

professions participated in the Narrative Medicine Course. Among them, 41 were male and 42 

were female. During the course, students simultaneously participated in clinical training and 

interacted with patients. Based on the course content, they documented their interactions with 

patients on a learning worksheet, as shown in Figure 1. 
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Figure 1: Example of student’s medical narratives 

3.2   Qualitative Content Analysis 

Stage 1: Thematic Identification 

Partial collected data was initially reviewed by medical professionals and researchers to 

identify themes relevant to narrative medicine, including aspects listed in the learning worksheets. 

The same data was then analyzed by GPT-4o using natural language processing (NLP), 

accessed via API without fine-tuning. The model was prompted to generate potential themes, 

dimensions, and patterns based on the student narratives. It also explained its reasoning by 

providing keywords or contextual cues used in its analysis, as shown in Figure 2. 

Figure 2: Process of thematic-identification with AI 

These AI-generated themes served as a reference for theoretical exploration. Researchers 

selected and refined appropriate dimensions from the suggestions, which were later used as the 

basis for the open coding process. Some AI outputs contained over-interpretation or distorted 

meanings, requiring human correction and consolidation. 

Stage 2: Theoretical Identification 

Through consultation with the course instructor—who is both a narrative medicine expert and 

a clinical physician—guidance on theoretical grounding was provided to refine the analytical 

focus and deepen the exploration of the theoretical foundations behind each theme.  
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The AI then explored corresponding theories based on the identified themes, as shown in 

Figure 3. 

Figure 3: Process of theoretical-identification with AI 

Theoretical explanation and accuracy were further supported by academic literature extended 

from AI suggestions. The corresponding references were reviewed to confirm their validity as 

foundational theories, and key discussion points were extracted from these sources, as shown in 

Figure 4. 

Figure 4: Process of source identification with AI 

Stage 3: Topical Identification 

Based on the review of theories, the relationships between theories were established by 

identifying the topics mentioned within them, as shown in Figure 5. 
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Figure 5: Topical-Identification Map 

 

In this map: Red tag is Communication Issue, Yellow tag is Emotional Issue, and Green tag is 

Ethical Issue, while Blue tag is Argumentative Issues which was further excluded from this study 

due to its argumentative nature. On the right side is the Positive stand and the left side is the 

Opposite stand to each topic. Red lines indicate opposing or contradictory conceptual 

relationships between theories. Blue lines represent positive relationships. Green lines signify 

neutral or non-oppositional connections. 

Thus, the coding scheme for narrative medicine was established. In this case, 21 codes were 

identified according to the topics drawn, as shown in Table 1. 

 

Table 1: Coding Scheme for Narrative Medicine 

1. Emotional Connection 11. Treatment-Related Issues 

2. Long-Term Accompaniment 12. Technical Support 

3. Trust Building 13. Professional Distance 

4. Concealing Patient’s Condition 14. Standardized Care 

5. Indirect Disclosure 15. Rational Decision-Making 

6. Informing Family Members 16. Cultural Understanding and Sensitivity 

7. Clear Division of Labor 17. Emotional Support and Empathetic Statements 

8. Maintaining Professional Boundaries 18. Trust Building and Satisfaction Enhancement 

9. Emphasis on Professional Efficiency 19. Patient’s Right to Be Informed 

10. Nature of Diagnosis 20. Patient’s Autonomous Decision-Making 

 21. Patient’s Reaction After Disclosure 

Stage 4: Keyword Identification 

After confirming the coding scheme, the topics and their definitions were provided to the AI. 
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Keywords were then generated to suffice each topic. Related definition, judgement statements, 

and keywords were identified. Experts reviewed the results to ensure the accuracy of the process. 

These keywords will be used by AI to identify which piece of narrative fits into the coding, as 

shown in Figure 6. 

 

Figure 6: Process of keyword identification with AI 

Stage 5: Three-Tier Text Analysis 

Tier 1: Exploratory Analysis 

A new set of data was manually analyzed by medical professionals and researchers using the 

established coding scheme, with a coding range from sentence to paragraph. The same data was 

then analyzed by the AI using natural language processing (NLP), based on the same scheme and 

keywords. The AI identified topics sentence by sentence, allowing multiple topics per sentence 

for greater coverage. A comparison showed about 60% overlap between human and AI selections, 

indicating initial inter-rater consistency. 

 

Tier 2: Model Training & Optimization 

This stage used ChatGPT-4o, accessed via API without fine-tuning. At the outset, several 

rounds of human-AI iterative correction were conducted to refine the model’s accuracy and build 

a stable analysis process. Adjustments included refining prompts, correcting misinterpretations, 

and clarifying outputs. The AI was also asked to explain its reasoning and keyword logic, 

improving consistency and transparency. 

 

The AI may over-interpret content beyond its original meaning, fail to identify relevant 

information, overlook data across analytical windows, or misinterpret due to contextual 

limitations, as shown in Figure 7. 
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Figure 7: Sample of analysis error correction with AI 

Human intervention was used to correct these issues through prompt refinement and 

contextual input. After several iterations, outputs stabilized. A new dataset confirmed that 

previous errors were resolved, and inter-rater consistency rose above 75%. 

Tier 3: Batch Processing Analysis 

With improved performance, the AI was applied to batch processing. However, due to 

ChatGPT-4o's computational limits, it could not process large inputs reliably. Tests showed 

optimal results when analyzing three narratives (around 1,000 Chinese characters each) at a time. 

When more than five were processed, errors such as hallucinated content and misclassifications 

began to occur. 

Stage 6: Aggregate Computation 

From the AI’s findings, the number of sentences corresponding to each topic across the 83 

narratives was determined. The extracted results of topic frequency are shown in Figure 8. 
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Figure 8: Extract results of topical narrative count 

 

This step represents quantitative content analysis, where narrative data is systematically coded 

and categorized based on predefined topics. By counting the frequency of sentences 

corresponding to each topic, this process helps to identify dominant themes, distribution patterns, 

and potential areas for further qualitative exploration. 

 

4  Results 

4.1   Topical Relationship Map 

In order to assess whether topic distributions are independent or exhibit statistically significant 

co-occurrence patterns, the frequency of events was first calculated, followed by a chi-square test 

to examine the associations between topics. The resulting chi-square matrix of topic co-

occurrence is shown in Figure 9.  

 

Figure 9: Extracted results of topical relationship map in narrative medicine 
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Through this analysis, it is possible to further determine whether the relationships between 

topics are associated or independent, and whether the observed connections are statistically 

meaningful rather than merely occurring by chance. 

This matrix illustrates topic relationships with statistical significance: yellow for p < .05, 

orange for p < .01, and dark red for p < .001. Chi-square testing reveals associations between 

topics, while grey diagonal cells indicate self-correlations, which are analytically irrelevant. A 

chi-square value (χ²) over 40 indicates a strong association and is marked in red; otherwise, 

significant but weaker associations are not color-coded. 

4.2   Topical Relationship Network 

In this step, a topic relationship network was constructed based on the p-values (p < .001) and 

chi-square statistics (χ²) derived from the previous analysis. The resulting topic relationship 

network is shown in Figure 10.  

 

 

Figure 10: Extracted results of topical relationship network in narrative medicine 

 

The p-value determines the statistical significance of the relationships, while the chi-square 

value reflects the extent of deviation between observed and expected distributions. 

In this case, the network graph illustrates the relationships between different topics. Nodes 

connected by lines indicate statistically significant relationships within the 83 narratives (p 

< .001). For example, topics 4, 5, 6, 7, 8, and 9 originate from two theoretical frameworks: 

Cautious Disclosure and Interprofessional Collaboration, demonstrating their strong 

interconnections in the text. Another notable example is the relationship cluster centers around 

Topic 2, Long-Term Accompaniment, that linked to topics 11 (Treatment), 17 (Emotional 

Support), and 18 (Trust-building) that closely associated with Long-Term Accompaniment.  

4.3   Topical Relationship Heatmap 

While the topic relationship network diagram illustrates the associations between topics, it 

does not convey the strength or frequency of these relationships. To address this, the study further 

applies Cramer’s V from the chi-square test to assess the strength of associations between topics 

and visualizes these strengths using a heatmap. The heatmap is shown in Figure 11. 
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Figure 11: Extracted results of topical relationship heatmap in narrative medicine 

 

Cramer's V ranges from 0 to 1. In the heatmap used in this study, the intensity of color reflects 

the strength of association between topics. Darker colors indicate stronger associations, while 

lighter shades represent weaker or non-significant associations. In this study, Cramer's V values 

greater than 0.5 are considered strong associations and are marked in dark orange; values between 

0.3 and 0.5 are considered moderate associations and are shown in orange; values below 0.3 are 

regarded as weak or negligible associations and are not specifically highlighted. 

By examining the heatmap, one can clearly identify topic pairs that exhibit high-strength 

associations. For example, Topics 4, 5, 6, 7, 8, and 9, which were shown to have significant 

associations in the network graph (p < .001), also demonstrate strong associations in the heatmap. 

In contrast, although Topic 2 (Long-Term Accompaniment) is linked to Topics 11 (Treatment), 

17 (Emotional Support), and 18 (Trust-Building) in the network graph (p < .001), their 

association strength is only moderate. This difference can be partly attributed to the fact that 

Topics 4, 5, and 6 are derived from the same theoretical framework, which inherently presumes 

conceptual alignment and a higher likelihood of strong associations. 

 

5 Conclusion 

This study demonstrates the promising role of AI in analyzing medical narratives, offering a 

powerful tool for identifying key themes and their interrelationships. Through an iterative process 

of AI-assisted topic extraction, correction, and refinement, we successfully identified four major 

dimensions and 21 specific topics within 83 medical student narratives. By employing correlation 

and chi-square analyses, we visualized not only the strength of these topic relationships but also 

their statistical significance, providing valuable insights into patterns of medical interactions. 

While AI’s potential in qualitative research is evident, it is important to emphasize that human 

oversight remains critical. AI, despite its advanced capabilities, requires careful monitoring to 

ensure the accuracy of topic extraction and interpretation, as it may misinterpret contextual 

nuances or overlook subtle, yet meaningful, details in narratives. An iterative process of bilateral 
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adjustments between human expertise and AI ensured methodological rigor, enhancing inter-

rater reliability through noise removal. The statistical analyses conducted in this study are 

meaningful and have the potential to guide future research, yet they should be viewed as a tool 

to uncover patterns and correlations, rather than providing definitive answers. The significance 

of the relationships found in this study can inform the development of medical education 

strategies, especially in understanding how medical students engage with medical concepts and 

practice. 

Looking ahead, future research could refine AI’s contextual understanding to better capture 

the complexities of medical narratives, which are often rich with implicit meaning and nuanced 

experiences. Additionally, scaling these analyses to larger datasets would offer broader insights 

into trends and help establish more robust frameworks for qualitative research in medical 

education. By enhancing AI’s interpretive capabilities, we can deepen our understanding of how 

medical narratives reflect learning processes and improve teaching methodologies. Therefore, 

while AI can significantly enhance qualitative analysis, it must be used alongside human 

expertise to ensure that the richness and depth of qualitative data are fully captured and 

interpreted.  
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