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Abstract
Introduction. Advances in large language models (LLMs) offer a chance to act as 
scientific  assistants,  helping  people  grasp  complex  research  areas.  This  study 
examines how LLMs evolve in healthcare  disparities research, with attention to 
public access to relevant information.

Methods.  We  studied  three  well-known  LLMs:  ChatGPT,  Copilot,  and  Gemini. 
Each  week,  we  asked  them  a  consistent prompt  about  research  themes  in 
healthcare disparities and tracked how their answers changed over a one-month 
period.

Analysis. The themes produced by the LLMs were categorised and cross-checked 
against  H-index values from  the Web of  Science to verify  relevance.  This  dual 
approach shows how LLMs’  outputs develop over time and how such progress 
could help researchers navigate trends.

Results. The outputs aligned with actual scientific impact and trends in the field, 
indicating  that  LLMs  can  help  people  understand  the  healthcare  disparities 
landscape. Time-series comparisons showed differences among the models in how 
broadly and deeply they identified and classified themes.

Conclusion. The study offers a framework that uses the evolution of multiple LLMs 
to illuminate AI tools for studying healthcare disparities, informing future research 
and public engagement strategies.

https://doi.org/10.47989/ir31260845
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Introduction
Artificial intelligence, particularly large language models (LLMs), have shown their capacity for 
high-quality text comprehension and generation across a diverse array of topics (Chang et al.,  
2024). These models, exemplified by ChatGPT,  have  sparked considerable academic and public 
interest  due to their  accessibility  and generative capabilities (Wang et  al.,  2024).  Their rapid 
development  in  generative  ability  offers  a  unique  avenue  to  scientific  inquiry  into  various 
complex domains,  such as  healthcare research, a  field increasingly  embracing AI  to improve 
clinical  documentation,  patient  engagement,  professional  medical  knowledge,  and  research 
discovery (Busch, 2025; Maity, 2025; Nazi & Peng, 2024; Schlicht et al., 2025; Singh et al., 2023; 
Singhal et al., 2023; Wang & Zhang, 2024; Wang et al., 2024; Yu et al., 2025).

Within  this  field,  healthcare  disparities  represent  a  specific  sector  posing  critical  global 
challenges,  characterised  by  inequitable  differences  in  health  outcomes  and  access  to  care 
between demographic groups that arise from socioeconomic, environmental, historical, cultural, 
and systemic factors (Fullman et al.,  2018;  Ong et al.,  2024).  These disparities can be further 
exacerbated by unexpected events,  such as  the COVID-19 pandemic,  which underscores the 
need for innovative tools to navigate the research landscape in this field quickly and accurately, 
thereby enabling timely discovery of any unmet needs (Ong et al., 2024). 

The progressive adaptability in LLMs potentially translates to unprecedented opportunities to 
explore how the research landscape of healthcare disparities has been evolving (Meduri et al.,  
2024; Maity, 2025). Not only can LLMs synthesise vast scientific literature, but they can also help 
trace shifts in research focus over time, revealing emerging themes, unmet needs, and gaps in  
healthcare equity (Meduri et al., 2024; Yu et al., 2025).  By tracing LLM-generated insights, it is 
possible to empower both the public and professionals to update their knowledge on the shifting 
priorities, evolving methodologies, and changing societal contexts swiftly, with respect to the 
research effort in mitigation of healthcare disparities (Ong et al., 2024; Ray, 2023).

However, concerns are raised about potential discrepancies in the insights derived from using 
and  relying  on  LLM  technology.  These  include  biases  embedded  in  training  data,  variable 
accuracy across different domains, inconsistencies in multilingual outputs, and lack of domain-
specific optimisation, all  of which may compromise the integrity and fairness of LLM-derived 
insights (Beheshti et al., 2025; Clusmann et al., 2023; Nazer et al., 2023; Schlicht et al., 2025; Yang 
et al., 2023). 

Biased,  inconsistent,  and unreliable  responses  over  time from LLMs across all  models  might 
exacerbate  knowledge  deficiencies  in healthcare  disparities,  because the  general  public 
increasingly  relies  on  AI  chatbots  to  obtain  information.  This  is  expected,  given  their  user-
friendly interfaces and relative accessibility (Thirunavukarasu et al., 2023; Veinotet al., 2018). The 
potential for LLMs to inadvertently perpetuate biases or spread misinformation underlines the 
urgency of addressing these limitations through critical oversight and robust governance (Maity 
& Saikia, 2025; Wang & Zhang, 2024). 

The project herein explores this intricate concern, by examining the adaptive behaviour of LLMs 
when applied to healthcare disparities research from the public's perspective.  Specifically, the 
study is designed to discover thematic foci, identify gaps, and assess the reliability and biases in 
LLM outputs, by comparative evaluation of information generated from various models regarding 
healthcare disparities research.  Integrating these evolutionary responses from LLMs  over time 
would be particularly beneficial for researchers and policymakers to  navigate intricacies of the 
healthcare disparities field  in a comparative manner,  allowing them to make better informed 
decisions about what areas require greater attention.
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Method
The LLMs included in the study were ChatGPT from OpenAI (chat.openai.com), Gemini from 
Google (gemini.google.com), and Copilot from Microsoft (copilot.microsoft.‌com) (Google, 2023; 
Mehdi,  2023;  Ray,  2023).  Inclusion  was  based  on  consideration  of  several  key  factors:  their 
significant  market  dominance  and  broad  user  accessibility  as  major  AI  developers;  diverse 
underlying architectures;  demonstrated general-purpose utility;  and continuous development 
and updates.  This  selection reflects  the  current  landscape  of  accessible  and widely  adopted 
artificial  intelligence  tools,  thereby  enhancing  the  reproducibility  and  interpretability  of  the 
research for a broad audience. 

The same prompt was executed in the chat box of the LLMs to evaluate how technology could  
assist  with  shaping  comprehension  of  a  specific  area  of  research.  The  field  of  healthcare 
disparities research was used as an illustrative case in this study, given its present relevance and 
developing nature of complexity (Braveman, 2006; Riley, 2012). The prompt given to each LLM 
was: 

Explore and identify 20 top research topics related to healthcare disparities across various 
scientific databases (Web of Science, PubMed, and Scopus). Each topic should be listed in less 
than five words and categorized as either an established or emerging theme.

The query was meant to elicit primary research themes that AI would recognise as the most 
significant  in  healthcare  disparities,  with  an  idea  of  categorisation  into  newly  emerging  or 
historically established. The method of data acquisition ensures that the public can easily access 
and obtain pertinent information.  The query was initially executed in the LLMs on March 25, 
2024,  and  then  repeated  weekly  each  Monday  for  five  consecutive  weeks  to  observe  how 
responses would evolve over time in terms of theme identification and classification into either 
established or emerging. 

For a theme that transitioned between established and emerging in a LLM's responses across the 
study period, determination of its final classification would be based on the frequency of being 
classified as one of the statuses. For example, if there were more classifications of a theme being 
established,  it  would  be  considered  established.  Conversely,  for  a  theme receiving  an  equal 
number  of  emerging  and  established  classifications,  it  would  depend  on  the  most  recent 
identification.

The themes recognised by the LLMs were  validated through the indexed record of  research 
publications using the Citation Report analysis tool carried by the Web of Science database. For 
this, the search term ALL = (healthcare disparities) AND ALL = (the topic of interest) was used to 
retrieve the relevant publication record for each identified research theme. 

Subsequently, the Citation Report analysis tool was applied on the publication record to examine 
the productivity and scientific impact of the research theme based on the H-index values. The H-
index serves as a valuable metric, with a higher value indicating a more mature or influential  
research  theme (Costas  &  Bordons,  2007;  Norris  &  Oppenheim,  2010;  Shah  &  Jawaid,  2023). 
Comparing the H-indices of the identified research themes directly facilitates the validation of 
the LLMs' efficacy in their identification and classification, allowing for an assessment of the 
themes' relative impact. For instance, a research theme with an H-index of 100, as opposed to 25,  
signifies that the associated publications within the former are collectively impactful, since each 
of the 100 papers have been cited at least 100 times. 

If the LLMs repeatedly classify such a highly indexed theme as established, this strongly suggests 
successful identification and classification. In this manner, the simultaneous assessment across 
the three LLMs with additional metric verification by H-index values would allow for a parallel 
comparison and dual validation of the unique capabilities and limitations of different AI tools. For 
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statistical  significance,  histograms  were  generated  to  visualise  the  distribution  of  H-indices 
across all the identified research themes,  providing insights into the central tendency, spread, 
frequency, and overall shape of theme impact. The Non-parametric Kruskal-Wallis H test was 
utilised to evaluate the performance of the LLMs in identification and classification of research 
themes  across  three  metrics:  H-index  distributions,  frequency  of  theme  identification,  and 
classification  into  established or  emerging themes.  The  conventional  alpha  level  of  0.05  was 
adopted as the significance criterion for all the statistical tests. This combination of descriptive 
visualisation with inferential non-parametric testing offered a comprehensive and statistically 
sound framework for validating the quality and distinctiveness of research theme identification 
from the LLMs.

Results and discussion
General trend of LLM responses
This  study followed ChatGPT,  Copilot  and Gemini  on  their  analysis  of  the  primary  research 
themes in healthcare disparities over a five-week period.  The outcomes represent a positive 
initial assessment of using LLMs from the perspective of the public. The data reveal the adaptive 
responses of the LLMs over time and their significant variation in shaping the research landscape 
of  healthcare  disparities,  both  in  the  breadth  of  themes  identified  and  in  the  depth  of 
categorising them as either established or emerging (Table 1). 

Partial research themes remained consistently relevant at a certain level, while others evolved or 
emerged in  prominence.  For themes which were consistently  recognised,  only  mental  health 
disparities was generated by all the three LLMs in every week of the study, suggesting its  high 
relevance as a major topic in healthcare disparities research (Bailey et al., 2018; Cook et al., 2007, 
2019;  Miranda  et  al.,  2008).  Other  than  mental  health  disparities,  many  other  themes  were 
present within an LLM's responses continually throughout the five weeks. Seven of these themes 
were consistently classified as  established, suggesting continuous emphasis and recognition of 
their  long-standing  nature  and  ongoing  importance,  and  the  others  repeatedly  appeared  as 
emerging, reflecting their recent and substantial attention in healthcare disparities research. The 
consistency of themes in the responses of an LLM indicates that these are well-realised issues 
and continue to receive extensive interest in research (Berkman et al., 2010; Fiscella & Sanders, 
2016; FitzGerald & Hurst, 2017; Kirubarajan et al., 2021). In particular, consistent recognition of 
new focus  themes  reflects  recent  developments  and shifts  in  the  healthcare  landscape,  e.g., 
thematic  recognition  of  climate  change  and  health  AI  points  to  an  emerging  interest  in 
integrating  environmental  and  technological  components  to  better  understand  and  combat 
disparities (Abràmoff  et  al.,2023;  Nogueira et al.,  2022).  Less consistently,  there  were themes 
identified intermittently across the weeks, such as immigrant health, cultural competency, and 
geographic disparities. Apart from these instances, the other themes were detected much less 
frequently by any of the three LLMs, implying that they are probably niche or specialised areas of  
research that are not as broadly covered in the field of healthcare disparities. 

H-index validation of LLM responses
Corroboration with the Web of Science H-index data provides additional metric verification for 
the LLM application in terms of  its  theme identification and classification.  A majority of  the 
themes recognised by the LLMs had H-index values from 3 to 119. The most frequent range fell 
between 3 and 32, followed by a cluster from 32 to 90, and a very small proportion exceeded 119 
as illustrated by the histogram analysis (Figure 1a). This distribution pattern acknowledges that 
the  LLMs  have  the  capability  to  identify  a  broad  range  of  themes  in  healthcare  disparities, 
signifying  predominance  for  areas  with  moderate  research  activity  rather  than  the  highest 
impact. Themes recognised only once throughout the study period tended to have lower H-index 
values, typically below 50 (Table 1; Figure 1b). Overall, there was a clear distinction in the H-index 
values between established and emerging themes (Figure 1c). Themes categorised as established 
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generally possessed an H-index above 50, reflecting their long-standing recognition and impact 
within the research community. On the other hand,  emerging themes primarily fell below that 
threshold,  indicating  that  they  are  at  a  nascent  stage  of  development  and  have  not  yet 
accumulated substantial citations. 

Figure 1. The relationship between healthcare disparities research themes identified by LLMs and their 
corresponding H-index in the Web of Science database.  (a) Histogram showing distribution (y-axis) of the 

themes in the H-index range (x-axis). b) Frequency (y-axis) of a theme identification corresponding to its H-
index value (x-axis) throughout the five weeks. (c) Classification of an identified research theme (y-axis) 

corresponding to its H-index value (x-axis).
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Research Theme Classification Research Theme Classification

Disparities in Cancer Care (111) Infectious Diseases (72)
Racial & Ethnic Health Disparities (129) Digital Health Inequities (13)
Healthcare Access & Quality (118) Genomics & Precision Medicine (12)
Socioeconomic Status & Health (112) Health Literacy (64)
Nurse Bias & Patient Care Disparities (16) LGBTQ+ Health Disparities (24)
Mental Health Disparities (111) Disability & Healthcare Access (47)
COVID-19 & Healthcare Disparities (66) Veterans' Health (109)
Disparities in Disaster Healthcare (18) Immigrant & Refugee Health (19)
Pay-for-Performance & Disparities (30) Healthcare Policy Impacts (79)
Rural Healthcare (75) Geriatric Healthcare Access (14)
Implicit Bias in Healthcare Providers (40) Health Technology & Inequality (23)
Health Equity Strategies (42) Gender Differences in Healthcare (81)
Barriers to Seeking Health Care (44) Impact of Insurance on Healthcare (60)
Maternal & Child Health (57) Healthcare Workforce Diversity (25)
Cultural Competency (55) Geographic Disparities (65)
Impact of Social Determinants (78) Climate Change (15)
Access to Mental Health Services (71) Intersectionality in Healthcare (24)
Racial Residential Segregation (30) Telemedicine & Access Issues (38)
Health Information & Communication (16) Health AI & Bias (17)
Ethics & Health Disparities (34) Health Data Privacy (16)
Environmental & Occupational Health (16) Global Health Initiatives (21)
Chronic Disease Management (53) Pandemic Preparedness (17)
Nutrition & Food Security (11) Technological Innovations (11)
Disparities in Cancer Care (111) Disparities in Aging Populations (114)
Mental Health Disparities (111) Health Disparities in AI Ethics (6)
Healthcare Access (118) Racial Bias in Pain Management (13)
Racial Disparities (129) Maternal Mortality Disparities (42)
Health Literacy (64) Access to Mental Health Services (71)
Social Determinants (78) Cultural Competency (55)
Health Equity (80) Care  Access  for  Undocumented Immigrants 
Language Barriers (58) Disparities  in  COVID-19  Vaccination  Rates 
Obesity Disparities (69) Health Disparities in Rural Areas (75)
Disability Disparities (64) Implicit Bias in Clinical Decision-Making (11)
LGBTQ+ Health Disparities (24) Access Barriers (86)
Geographic Disparities (65) Health Technology (23)
Digital Health Disparities (13) Immigrant Health (54)
Precision Medicine Disparities (28) Racial Bias in Diagnostics (11)
Telehealth Equity (11) Access to Clinical Trials (45)
Environmental Justice in Health (16) Healthcare Workforce Diversity (25)
Genomic Health Disparities (28) Disparities in Indigenous Communities (21)
Intersectionality in Healthcare (24) Maternal & Child Health (57)
Race & Ethnic Disparities (129) Structural Inequities (32)
Socioeconomic Status & Health (112) Immigrant Integration (9)
Access Disparities (144) Age & Technology (47)
Quality Disparities (173) Maternal Health (64)
Chronic Disease (91) Language Barriers (58)
Mental Health Disparities (111) Disparities in Cancer Care (111)
Telehealth Access (11) Cardiovascular Risk (82)
Implicit Bias (40) Intersectionality in Healthcare (24)
Social Determinants (78) Genomics & Disparities (28)
Rural Healthcare (75) Stigma & Mental Health (38)
Digital Divide (35) Community-Based Interventions (38)
AI in Disparities (48) Big Data & Health Equity (11)
Climate Change (15) LGBTQ+ Health Disparities (24)
Social Media & Health Information (25) Cultural Competency (55)
Environmental Justice & Health (16) Stigma & Healthcare Access (35)
Precision Medicine & Equity (28) Health Insurance (106)
Food Deserts (3) Geographic Disparities (65)

Table 1. Healthcare disparities research themes identified by LLMs over a five-week period. 
The query was executed weekly starting from March 25, 2024. Bold numbers in parentheses denote the H-

index value sourced from Web of Sciences for the corresponding theme. Black shading indicates an 
established theme, and grey shading represents an emerging one. Blank grids indicate themes not identified 

in that week.

The  alignment  between  the  theme  classification  and  the  metric  measure  provides  scientific 
evidence in favour of using LLMs as a valuable tool  for navigating the evolving landscape of  
healthcare disparities research. While opinions vary on the algorithmic fidelity in other domains 
(Amirova et al., 2024; Argyle et al., 2023), the results here support the idea that LLM outputs are a 
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reliable reflection of underlying trends and academic significance in healthcare disparities, taking 
into account the level of research maturity, rather than being random or arbitrary. 

Combining LLM outputs with relevant metric data analyses can lead to a more thorough and 
trustworthy interpretation of both established research and emerging frontiers in healthcare 
disparities. Practically, it can enhance fast identification of key research areas, inform funding 
decisions, support strategic research planning, optimise resource allocation to areas with the 
greatest potential for impact, and, ultimately, advance impactful healthcare research. 

For  instance,  having  a  clear  awareness  of  theme  classifications  can  help  prioritise  research 
efforts and funding. Established themes with high H-index values often reflect areas with proven 
impact  and  ongoing  relevance,  and  emerging  themes  with  low  H-index  values  but  high 
identification  frequency  may  represent  burgeoning  areas  that  could  benefit  from  increased 
attention and resources.  Nevertheless,  further study is  needed to solidify  these findings and 
facilitate a more systematic incorporation of LLMs into the workflow of healthcare disparities 
research, thereby accelerating advancements in this critical field.

Comparison of LLM-specific responses
LLM-generated  responses  have  exhibited  distinct  thematic  foci  among  the  three  models, 
diverging from a general trend. ChatGPT notably distinguished research themes related to racial 
and ethnic health disparities,  healthcare access and quality,  and social  determinants;  Copilot 
identified health literacy, language barriers, and disability disparities as prominent topics; and 
Gemini recognised implicit bias, rural healthcare, and climate change to be important aspects of 
research on healthcare disparities. 

Specifically,  some themes  were  differentially  identified only  once  in  an  LLM over  the  study 
period, such as health data privacy and pandemic preparedness from ChatGPT in the fifth week, 
racial bias in pain management from Copilot in the second week, and structural inequities from 
Gemini in the first week. The sporadic introduction of emerging themes in the responses may 
suggest an expansion of the LLMs' reach into prospective issues,  as a proactive approach to 
incorporating  cutting-edge  topics  and  societal  issues  (e.g.,  global  health  initiatives  and 
technological innovations). Notably, there were themes transitioned between being classified as 
emerging and  established over  the  study period (e.g.,  social  determinants  from ChatGPT and 
digital divide and telehealth access from Gemini). In practical terms, it could suggest that these 
areas are highly complex and deeply integrated with emerging issues and multi-level fields of  
research regarding healthcare disparities (Brondolo et al., 2009; Ruprecht et al., 2021; Saeed & 
Masters, 2021).

The  LLMs'  evolving  responses  over  a  relatively  short  period  reveal  their  ability  to  adapt  to 
ongoing academic and societal changes, likely driven by updates in the training data or changes 
in underlying algorithms (Aldoseri et al., 2023). When comparing the generative capabilities of the 
three LLMs,  ChatGPT presented a highly dynamic approach and displayed significantly greater 
variability than Copilot and Gemini in responses to the queries of healthcare disparity research 
themes.  This is evident from the data that over 50% of the themes from ChatGPT's responses 
varied from week to week over the course of the study (Figure 2a).  This aligns with ChatGPT's 
abilities to browse the Web to scrape data continuously and to update information in real-time 
(OpenAI, 2024). 

There was an especially consistent shift  in  emerging themes, notably implicit bias in the first 
week,  environmental  health  in  the  second  week,  health  technology  in  the  third  week, 
intersectionality in the fourth week, and health data privacy in the fifth week. ChatGPT's greater 
propensity  for  week-to-week  variation  indicates  its  exceptional  ability  to  capture  new  and 
evolving research themes, as well as a high tendency to discover extremely specific topic areas. 
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Relative  to  the  established  group  of  research  areas,  all  three  LLMs produced  more  variable 
responses  for  emerging  themes,  with  Copilot  exhibiting  the  least  variability  and  greatest 
consistency in recognising both well-established and emerging themes across all the five weeks 
(Figure 2b).  Uniquely, Copilot had a strong thematic focus on themes closely associated with 
specific  demographic  groups,  such  as  language  barriers,  disabilities,  LGBTQ+,  and  aging 
populations. This suggests that Copilot excels in recognising underserved populations within the 
broader context of healthcare disparities. Despite the higher consistency in theme recognition, 
Copilot's greater propensity for transitions between categorising a given theme as established or 
emerging indicates an indecisive comprehension of the specific research field (Figure 2c). 

Gemini behaves as a balanced approach between ChatGPT and Copilot, with fewer transitions 
and considerable consistency in identification of research themes, such as environmental health, 
social  media,  and climate change, offering an integrative and interdisciplinary perspective on 
healthcare disparities. 

Figure 2. The temporal variation of LLM responses to research themes of healthcare disparities. (a) The 
trend line shows the percentage of themes that have been updated as compared to the previous week. (b) 

The bar chart shows the percentage changes compared to the previous responses in established and 
emerging themes throughout five weeks. (c) The column shows the percentage of themes that have 

transitioned between established and emerging status from week to week. (d) The heat map shows the 
aggregate proportion of themes which were recurred a certain number of times throughout the queries (i.e., 

if a theme was present in just 1 query or 5 queries, 1, 2, 3, 4 or 5 times).

Taking these factors into consideration, it  seems that Gemini is best suited for a flexible yet  
consistent identification of both well-established and emerging themes. Its moderate sensitivity 
to  week-to-week  changes  and  lower  rate  of  transitions  between  established  and  emerging 
classifications make it reliable for maintaining a foundational understanding of critical disparities. 
In comparison with ChatGPT, which identified more than half of the topics only once or twice 
throughout the five weeks of queries (Figure 2d), Gemini reflected a more stable and balanced 
approach, generating key research themes and emerging areas consistently, offering a broad and 
reliable perspective on healthcare disparities. 
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Statistical analysis using the Kruskal-Wallis H test has supported this observation. It revealed no 
significant differences in H-index distributions across the healthcare disparities research themes 
identified by the three LLMs (p = 0.6649). In practical terms, this suggests that the three models 
tend to identify research themes with comparable levels of scholarly influence, as measured by 
the H-index.  Similarly,  no significant differences were found in the classification of research 
themes as established or emerging (p = 0.3461). This indicates that their ability to discern the 
maturity level of research themes is statistically comparable. However,  the frequency of theme 
identification  returned  a  p-value  of  0.0515,  marginally  above  the  conventional  alpha  (0.05) 
threshold. While not statistically significant, this borderline result suggests a potential trend that 
might warrant further exploration with longer period or adjusted criteria. Collectively, the three 
LLMs  show  statistically  comparable  performance  in  identifying  and  classifying  healthcare 
disparity research themes, with Gemini offering a more balanced and stable approach.

Conclusions
This study reveals the evolving nature of LLMs in their generative responses to the time-series 
queries of research themes in healthcare disparities. The LLMs  corroborated with the metric 
measure of H-index present their capacity to illustrate the state of healthcare inequities, offering 
insights into both persistent challenges and new frontiers in the field.  The LLMs'  consistent 
recognition  of  emerging  themes  with  low H-indices  holds  promise  for  staying  ahead  of  the 
research  curve, by  focusing  on  areas  poised  for  future  growth.  However,  the  variability  in 
classification  of  themes  identified  only  once  might  necessitate  continuous  updates  and 
improvements to the LLM's training data or algorithms to enhance consistency and accuracy. 

Comparison of the LLM outcomes highlights the characterisation of the scope presented by each 
model.  ChatGPT demonstrates  high  adaptability  to  emerging  trends,  while  Copilot  excels  in 
consistency and stable recognition of research themes, and Gemini strikes a balance between the 
other two LLMs. 

The practical  impact of  this study lies in leveraging LLMs'  distinct strengths to facilitate the 
public and scholars for a comprehensive and efficient understanding of the ongoing research in 
healthcare disparities. Through monitoring and incorporating perspectives from different LLMs, 
attention can be brought to divergent emphases, gaps, and potential blind spots in the current 
body of research, thereby enabling a richer comprehension of  the models' adaptive behaviour 
and allowing identification of emerging priorities to guide future studies more effectively. 

Meanwhile,  it  acknowledges  limitations  that  warrant  future  consideration  when navigating  a 
complex research landscape with LLM lens. First, the relatively short period of study may not 
capture  longer  term changes,  regarding generalisability  of  the  observed evolutionary  trends. 
Second, the inclusion of only popular models may restrict generalisability of the findings across 
the  broader  spectrum  of  rapidly  developing  LLMs.  Different  models,  particularly  those  with 
specialised training datasets or architectures,  may carry varied capabilities in identifying and 
classifying research themes. Given these limitations, future studies could focus on the consistent 
follow up  with  broader  spectrum of  models  to  encompass  the  entire  dynamic  landscape  of 
healthcare disparities research fully.
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