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Abstract

Large language models (LLMs), such as ChatGPT and
Claude, have emerged as essential tools for information re-
trieval, often serving as alternatives to traditional search en-
gines. However, ensuring that these models provide accurate
and equitable information tailored to diverse demographic
groups remains an important challenge. This study investi-
gates the capability of LLMs to retrieve disaggregated health-
related information for sub-ethnic groups within the Asian
American population, such as Korean and Chinese communi-
ties. Data disaggregation has been a critical practice in health
research to address inequities, making it an ideal domain for
evaluating representation equity in LLM outputs. We apply
a suite of statistical and machine learning tools to assess
whether LLMs deliver appropriately disaggregated and equi-
table information. By focusing on Asian American sub-ethnic
groups—a highly diverse population often aggregated in tra-
ditional analyses—we highlight how LLMs handle complex
disparities in health data. Our findings contribute to ongo-
ing discussions about responsible AI, particularly in ensuring
data equity in the outputs of LLM-based systems.

Introduction
This study examines the ability of large language mod-
els (LLMs) to retrieve disaggregated health information.
LLMs, such as GPT-3 (Brown et al. 2020), Claude (An-
thropic 2023), Perplexity (AI 2023b), and many others, have
transformed the way people seek information. These gener-
ative AI services have become widespread, serving as sig-
nificant supplements—or even alternatives—to traditional
web search-based information retrieval systems. Their con-
tent generation capabilities, combined with human-machine
conversational interactivity, assist the broader public in ac-
cessing scientific information and knowledge with ease.

However, the proliferation of LLM-based systems has
raised concerns about the risks associated with their use. As
a result, the concept of ‘responsible AI’ has recently gained
prominence in the development and deployment of AI ser-
vices, emphasizing the need to incorporate ethical consid-
erations into practice. Among the various rights-based prin-
ciples underpinning responsible AI practices, this study fo-
cuses on ‘data equity.’ Specifically, it examines the extent
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of representation equity in the disaggregated health informa-
tion retrieved by LLMs. Data disaggregation and data equity
are inseparable. Without disaggregated data collection and
analysis, data equity cannot be effectively integrated into
policymaking. Conversely, without a commitment to data
equity, the disaggregated assessment of underserved com-
munities becomes impossible. By systematically reviewing
ways in which LLMs generate disaggregated information,
this paper evaluates the state of representation equity in pub-
licly available health-related data concerning ethnic groups.

Data Disaggregation and Data Equity in LLMs
Policymakers and experts have recently reached a consen-
sus that data equity is a necessary condition for addressing
various contemporary equity issues in a multiethnic society
like the U.S. Notably, the White House recently launched the
Equitable Data Working Group to emphasize the importance
of data equity in policymaking: “Equitable data. . . allow for
rigorous assessment of the extent to which government pro-
grams and policies yield consistently fair, just, and impartial
treatment of all individuals. Equitable data illuminate op-
portunities for targeted actions that will result in demonstra-
bly improved outcomes for underserved communities” (The
White House 2022).

In consultation with 50 civil society and research organi-
zations, the Working Group recommended data disaggrega-
tion as one of its top priorities. Data disaggregation involves
collecting, analyzing, and reporting data by purposefully
accounting for underserved populations, ensuring the most
marginalized groups are represented in the data used for pol-
icy decision-making. For instance, in the U.S., “people of
Middle Eastern and North African heritage and subgroups
of Asian American, Native Hawaiian, and Pacific Islanders”
are poorly represented within the current demographic cat-
egories. This exclusion leaves them unseen in government
statistics and masks critical inequities (The White House
2022).

Disaggregated data practices can reveal disparities in vari-
ous aspects of well-being. For example, among Asian Amer-
ican populations, Indian Americans had a median household
income of $123,700 in 2019, whereas Burmese Americans
had a median income of $44,400 (Pew Research Center
2021). Approximately 25% of Burmese Americans and 19%
of Hmong Americans live below the poverty line, compared
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to the national average of 10.5% (Pew Research Center
2021). Regarding educational attainment, while many Asian
American subgroups have high levels of achievement, dis-
parities persist. For example, 74% of Indian Americans aged
25 and older hold at least a bachelor’s degree, compared
to only 15% of Cambodian Americans and 14% of Laotian
Americans (Pew Research Center 2019). Additionally, only
about 73% of Pacific Islander students graduated from high
school on time, compared to the national average of 86%
(National Center for Education Statistics 2021).

While these examples underscore the importance of
data disaggregation in identifying and addressing inequities
among underrepresented minority groups, its role in gener-
ating informational outputs for LLMs remains largely unex-
plored. In the context of LLMs, data equity issues are even
more nuanced. In traditional population research, where sur-
vey data is created and used, data equity discussions typi-
cally focus on problems associated with data collection, such
as sampling errors (due to difficulty accessing participants
from underrepresented ethnic communities), non-response
errors (stemming from a community’s distrust of institu-
tional data collection, rooted in historical and cultural mem-
ories), and coverage errors (caused by structural factors like
biased census districting) (Shimkhada, Scheitler, and Ponce
2021; Sasa and Yellow Horse 2022).

In contrast, the LLM-based decision system introduces
additional layers of complexity. LLMs likely train itself by
using not raw data (e.g., survey responses) but instead pub-
licly available secondary informational content (e.g., pol-
icy reports, news articles, research papers) derived from raw
data. Consequently, biases inherent in the raw data are com-
pounded by biases introduced during the creation of sec-
ondary sources. Furthermore, certain “interesting” findings
may appear across multiple content forms and be repeat-
edly fed into the system (e.g., Pew survey results (Pew Re-
search Center 2019, 2021) cited in news and scholarly arti-
cles). Moreover, how algorithms prioritize and process these
sources remains unclear. Finally, the generated outputs of
LLMs can become looped back into their training phases,
amplifying existing biases. As a result, data equity in LLMs
permeates the entire data lifecycle—from input to algorith-
mic processing to output.

Given this complexity, this study aims to contribute to dis-
cussions on data equity in LLMs. Focusing on “represen-
tation equity,” (Stonier et al. 2023), we analyze the qual-
ity of disaggregated information retrieved by LLMs. This
study centers on Asian Americans—a diverse racial popu-
lation comprising numerous sub-ethnic groups—who stand
to benefit significantly from improved data disaggregation
practices. In terms of issue domain, we focus on health.
Health policy is one of the key sectors that have shown the
advancement in practicing data disaggregation. For exam-
ple, when cancer rates are reported in an aggregated man-
ner, the average rate for Asian women appears lower than
that for non-Hispanic White women. However, disaggre-
gated records reveal that Laotian women have cancer rates
more than nine times higher than those of White women
(WHIAANHPI, (the White House 2023)). Similarly, disag-
gregated data show that Vietnamese American women have

the highest rates of cervical cancer among all racial/ethnic
groups (National Cancer Institute 2020). Native Hawaiian
and Pacific Islanders (NHPI), along with Indian and Pak-
istani Americans, have a higher prevalence of Type 2 di-
abetes (15% and 12.6%, respectively) compared to non-
Hispanic Whites (7.6%), while Chinese Americans exhibit a
significantly lower rate (4.3%) (Centers for Disease Control
and Prevention 2020). A recent study (Movva et al. 2023)
also shows that using coarse race groups in U.S. health-
care data can mask important disparities among more spe-
cific subpopulations. By examining the quality of informa-
tion retrieval in the relatively well-disaggregated domain, we
identify the current status of representation equity of Asian
American ethnic groups in LLM outputs. Based on the dis-
cussions, we proposes three research questions (RQs):
• RQ1: How is LLM’s health information retrieval in the

context of ethnic minority groups (dis)similar to that in
the context of broader population?

• RQ2: How diverse is health information represented in
LLM outputs for various ethnic minority groups?

• RQ3: How accurate is health information represented in
LLM outputs for various ethnic minority groups?

Data Collection
In this study, we choose ChatGPT (Brown et al. 2020) by
OpenAI (OpenAI 2024) as the platform for data collection
for several key reasons. The primary reason is that Chat-
GPT has emerged as one of the most widely used LLMs
globally, boasting a diverse and extensive user base. This
widespread adoption ensures that its outputs reflect a broad
range of real-world interactions, making it an ideal candi-
date for examining representation equity across diverse de-
mographic groups. Also, OpenAI’s API grants access to rel-
atively recent models, including GPT-3.5, which exhibit ad-
vanced reasoning capabilities and a vast knowledge base.
These features make the platform particularly well-suited
for studying nuanced patterns in disaggregated data and ad-
dressing the complexities of representation equity. We focus
on GPT-3.5 in this study because its strong reasoning abil-
ities and broad adoption align with our research goals; we
do not examine cross-model or cross-platform output con-
sistency.

The data collection process is as follows. We collect data
using the OpenAI’s API (OpenAI 2024), focusing on 21 sub-
ethnic categories in Asian American population based on the
U.S. Census Bureau breakdown (United States Census Bu-
reau 2022) (See Table 1). We use this Census-based catego-
rization because it aligns with how ethnic subgroups are typ-
ically represented in the medical and public health domains.

Ethnic categories
Bangladeshi, Bhutanese, Burmese, Cambodian, Chinese,
Filipino, Hmong, Indian, Indonesian, Japanese, Korean,
Laotian, Malaysian, Mongolian, Nepalese, Okinawan,
Pakistani, Sri Lankan, Taiwanese, Thai, Vietnamese

Table 1: Ethnicity listed in Census (alphabetically-ordered)
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While we acknowledge that further subcategorization may
be valuable—for example, distinguishing among regional or
linguistic subgroups—such granularity is beyond the scope
of this study due to the lack of standardized guidelines.

The prompt used is:

“Generate important health issues that I should be
concerned about as a [demographic group]. Be faith-
ful to all the provided demographic features I did not
specify.”

To ensure a diverse and balanced dataset, we set the number
of generations hyperparameter to 10 and loop it 100 times to
gather 1,000 generations for each demographic group. Gen-
erating all 1,000 samples in one step risks producing repet-
itive, biased, or lower-quality responses due to the model’s
contextual and computational constraints.

Data is collected using the GPT-3.5 model (“gpt-3.5-
turbo”) with default hyperparameters, except for setting the
temperature to 1 to encourage a wider variety of responses.
All data collection occurs between August and October
2024.

Analysis
In this section, we outline the methods employed to ad-
dress the research questions and present the findings de-
rived from our analysis. We conduct a comprehensive set
of investigations across various levels of information gran-
ularity (word-level, topic-level, and health-condition-level),
response granularity (aggregated samples and per-sample
analysis), and both quantitative and qualitative approaches.
By thoroughly examining these dimensions, we aim to as-
sess patterns of representation equity, diversity, and accu-
racy in LLM outputs. The subsequent subsections provide
detailed descriptions of the methods and findings for each
level of analysis, aligned with our three research questions.

RQ1: How Is LLM’s Health Information Retrieval
in the Context of Ethnic Minority Groups
(Dis)similar to That in the Context of Broader
Population
To answer RQ1, we employ multiple statistical and ML
methods with various levels of granularity of the data,
namely, health-condition-level, word-level and topic-level
analyses. In all considered methods, we compute the dis-
tance from the reference group [Asian American] to each
specific ethnicity. For health-condition-based analysis, we
created a list of health conditions for each group, sort the
list in descending order based on the frequencies and uti-
lize two classical statistical metrics to measure the distance
from the reference group by comparing the sorted list of a
group to that of the reference group. We detail the extraction
process in the methodology described under RQ3, where a
more relevant analysis is performed. For the topic-level anal-
ysis, we employ the BERTOPIC API (Grootendorst 2022)
to measure the distance in an embedding space constructed
through a topic modeling. After creating topic clusters, we
perform correspondent analysis (CA) to compute an embed-
ding space and measure a distance in that embedding space.

Methods We first introduce two statistical methods to
compute distances between two ranked lists and then explain
the details about the topic modeling process, followed by CA
to create an embedding space for categorical variables (i.e.,
ethnic groups) in terms of topical similarities.

Health-condition-level analysis We perform the Kendall-
Tau Rank Correlation Coefficient and the Kendall-Tau Rank
Distance. The Kendall–Tau rank correlation coefficient (τ )
measures the strength and direction of association between
the ranked conditions in each ethnicity and the broadly de-
fined ‘Asian American’ group. It is defined as:

τ =
nc − nd(

n
2

) (1)

where nc denotes the number of concordant pairs (pairs
ranked in the same order in both groups), nd denotes the
number of discordant pairs (pairs ranked in different orders
in the two groups), and

(
n
2

)
denotes Total number of possible

pairs for n ranked items. A τ value of +1 indicates perfect
agreement, 0 indicates no correlation, and −1 indicates per-
fect disagreement.

The Kendall-Tau rank distance quantifies the number of
pairwise disagreements between the rankings of the two
groups, which is defined as:

dτ = nd. (2)

This distance focuses exclusively on the discordant pairs nd,
with higher values indicating greater divergence between the
rankings of the two groups. By examining both rank corre-
lation and distance, we capture not only the similarity in the
ordering of conditions between each ethnic group and the
American group but also the magnitude of the differences.

Topic-level analysis: BERTopic and Correspondence
Analysis (CA) We perform topic modeling using the
BERTOPIC API (Grootendorst 2022), a Transformer-based
technique that generates human-interpretable results by em-
bedding documents into vector representations, reducing
their dimensions, clustering them, and identifying latent
topics based on the most representative words in each
cluster. For this process, we utilize Sentence-Transformer
(Reimers and Gurevych 2019) for document embedding,
UMAP (McInnes et al. 2018) for dimensionality reduction,
and HDBSCAN (McInnes, Healy, and Astels 2017) for clus-
tering. For details, we refer readers to Appendix.

To complement the topic modeling, we take a further step
by performing Correspondence Analysis (CA), a multivari-
ate statistical technique used to analyze the relationships be-
tween two categorical variables in a contingency table by
transforming rows and columns into a lower-dimensional
space. CA is conducted for all 21 sub-ethnic Asian Amer-
ican categories, where “Asian American” is included as a
reference group. In the analysis, the cluster composition of
Asian Americans is compared relative to the 21 sub-ethnic
Asian American categories. This approach enables us to
explore deviations within subcategories more comprehen-
sively, providing deeper insights into variations compared
to the reference Asian American group.
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Before performing CA, we derive multiple topics for each
demographic group from the previous topic modeling re-
sults, which makes interpreting all the topics for over 20
demographics challenging. To further assess the distances
to reference groups and identify topics most closely as-
sociated with specific demographics, we proceed as fol-
lows. First, we combine all topic embeddings across de-
mographics and perform clustering by reducing their di-
mensionality using UMAP. We then apply two clustering
algorithms—HDBSCAN and DBSCAN—across various di-
mensions (ranging from 2D to 8D). To evaluate the effec-
tiveness of these clustering methods, we use metrics such as
the Silhouette Score and the Davies–Bouldin Index. We then
create a single vector for each demographic by calculating
the proportion of topics within that demographic that belong
to each cluster such that [ρg1, ρ

g
2, . . .], where ρgi denotes the

proportion of topics in cluster i for the demographic group g.
We then perform CA by first constructing a contingency

table, where the rows represent clusters, and the columns
represent demographic groups and by applying singular
value decomposition to the table matrix to extract orthog-
onal components for each item in the table.

After performing topic modeling and CA, we obtain two
embedding spaces: one generated from the topic model and
another from the CA results, where in both spaces ethnic
subgroups and topics are represented as numerical vectors,
To measure the distance between each ethnicity and the ref-
erence group, we use two metrics for the topic model em-
beddings: Jensen–Shannon divergence (JSD) and cosine dis-
tance. For the CA embeddings, we use Euclidean distance.
JSD quantifies the difference between two probability dis-
tributions, cosine distance measures the angular difference
between two vectors, and Euclidean distance captures the
straight-line distance between two points in the vector space
(see Appendix for details).

Analysis Table 2 shows the results of applying the vari-
ous distance measures described above. Table 2 highlights
significant variations across sub-ethnic Asian American
groups. On the one hand, Chinese, Taiwanese, and Korean
closely aligned with the reference group (Asian American).
In contrast, other ethnicities like Filipino, Burmese, and Sri
Lankan show substantial divergence. Geographic and cul-
tural proximity might influence these patterns, with East
Asians generally clustering closer to the reference group and
Southeast Asians and South Asians showing more variabil-
ity. In the following we provide more detailed analysis:

• Low distance groups: Chinese, Taiwanese, and Korean
show the smallest distances in all measures, indicating
their close alignment with the reference group, ‘Asian
American’. Chinese has the lowest overall distance sug-
gesting that it is the most representative; Taiwanese and
Korean also exhibit minimal distance across all metrics,
highlighting their proximity in characteristics to the ref-
erence group. These group exhibit higher Kendall-Tau
rank correlation τ and lower Kendall-Tau rank distance
dτ because they may have similar cultural, social, or his-
torical factors that align their rankings more closely with
the broader “Asian American” category.

Demography τ (p-value) dτ CD JSD ED

Bangladeshi 0.51 (0.0015) 0.24 0.24 0.09 0.26
Bhutanese 0.32 (0.0587) 0.34 0.24 0.27 1.26
Burmese 0.37 (0.0249) 0.31 0.25 0.33 1.30
Cambodian 0.53 (0.0033) 0.23 0.19 0.31 1.29
Chinese 0.77 (0.0000) 0.11 0.10 0.07 0.33
Filipino 0.44 (0.0071) 0.28 0.17 0.30 2.46
Hmong 0.38 (0.0413) 0.31 0.24 0.32 1.29
Indian 0.22 (0.1950) 0.39 0.12 0.11 1.31
Indonesian 0.44 (0.0054) 0.28 0.20 0.21 0.70
Japanese 0.74 (0.0000) 0.13 0.13 0.11 1.31
Korean 0.64 (0.0001) 0.18 0.13 0.06 0.24
Laotian 0.42 (0.0103) 0.29 0.18 0.26 1.07
Malaysian 0.44 (0.0110) 0.27 0.20 0.13 0.41
Mongolian 0.41 (0.0143) 0.29 0.19 0.22 0.79
Nepalese 0.37 (0.0200) 0.31 0.22 0.18 0.91
Okinawan 0.49 (0.0036) 0.25 0.24 0.28 2.30
Pakistani 0.49 (0.0028) 0.25 0.21 0.15 1.60
Sri Lankan 0.30 (0.0640) 0.34 0.24 0.21 2.04
Taiwanese 0.77 (0.0000) 0.11 0.11 0.09 0.25
Thai 0.59 (0.0002) 0.20 0.16 0.23 1.10
Vietnamese 0.48 (0.0031) 0.26 0.20 0.21 1.01

Table 2: Kendall-Tau correlation coefficient (τ ), Kendall-
Tau rank distance (dτ ), cosine distance (CD) and Jensen-
Shannon divergence (JSD) in the topic embedding space,
and Euclidean distance in the CA embedding space (ED).
All metrics are measured against the reference group, Asian
American.

• High distance groups: Filipino, Burmese, and Sri Lankan
have some of the largest distances across all metrics, re-
flecting significant divergence from the reference group.
Filipino stands out with the highest ED (2.4595) and
a high JSD (0.3049), indicating distinct differences in
both CA and topic embedding spaces. Burmese and Sri
Lankan also reflect notable divergence in all metrics.
Also, the groups of a higher degree of divergence in cul-
tural or social factors, like Bangladeshi, Pakistani, or Sri
Lankan, might show lower τ and higher dτ , suggest-
ing that their rankings differ more significantly from the
“Asian American” group.

• Regional clustering: East Asian groups like Chinese, Tai-
wanese, Japanese, and Korean tend to cluster near the ref-
erence group, as reflected by their lower values across all
metrics. Southeast Asians groups such as Burmese, Cam-
bodian, Laotian, and Vietnamese generally show higher
distances (e.g., ED around 1.0–1.3) and moderate-to-
high JSD values (> 0.2), indicating regional differen-
tiation. South Asians groups like Indian, Bangladeshi,
Pakistani, and Sri Lankan exhibit moderate to high di-
vergence, particularly in dτ and ED, reflecting distinct
cultural and demographic characteristics. Figures 1 and
2 depict the hierarchical clustering of subethinic groups
based on the distance measured in JSD (in the topic clus-
ter distribution generated by BERTopic) and Euclidean
distance (in the embedding space generated by CA). Fig-
ures again confirm that the hierarchical clusters show pat-
terns that are aligned with geographical distributions of
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Figure 1: [Topic modeling] Hierarchical clustering of
subethnic Asian American demographic groups based on the
Jensen–Shannon divergence of topic cluster distributions.

Figure 2: [CA] Hierarchical clustering of subethnic Asian
American demographic groups based on their similarity in
the embedding space, measured in the Euclidean distance.

each subethnicities.
• Some inconsistent entries: Bhutanese, Filipino, and Oki-

nawan show some inconsistency between different mea-
sures. Bhutanese and Okinawan populations are rela-
tively smaller compared to larger groups like Chinese
or Indian Americans, which might make their rankings
more susceptible to biases or inconsistencies in differ-
ent measures. Filipinos are a large and diverse group, but
their representation might vary depending on region, so-
cioeconomic status, or generational factors, leading to in-
consistent rankings.

BERTopic modeling combined with CA further provides
some interpretiblity on which topic clusters attribute to the
similarity of the subgroup to the reference group. To iden-
tify the clusters most strongly associated with each demo-
graphic group, we use a modified metric of “relationship
strength” based on the CA results. After transforming the
demographic groups and clusters into a lower-dimensional
space, we determine the optimal number of dimensions that
explain 80% of the cumulative variance, based on the eigen-
values of the CA decomposition. We refer readers to Ap-

pendix for more detailed description of the method and the
full results tables. Each topic is given an arbitrary number
only for indexing purposes.

The results of topic-level analysis align with the health-
condition -level analysis. East Asian populations (Korean,
Taiwanese, and Chinese) exhibit the closest distance to the
reference group, where the most prevalent topics correspond
to concerns on vision and age-related conditions (i.e., topic
#4: {exams, eye, vision, glaucoma, cataracts, ...}) and con-
cerns on cardiovascular and diabetes (i.e., topic #3: {kidney,
obesity, hypertension, type, diabetes }. The next closest
group consists of South Asians (Bangladeshi, Malaysian,
Indonesian, Indian, Pakistani, and Sri Lankan), exhibiting
a shared concern on mental health and acculturation (i.e.,
topic #27: underreporting, anxiety, depression, mental, ac-
culturation). The populations in the second group (Nepalese,
Mongolian, ..., Hmong, marked in green color in Figure 2)
and the third group (Japanese and Okinawan, marked in or-
ange color in Figure 2) exhibit topics that are very distinctive
from the closest groups. The second group’s topics include
“oral hygiene issues” (topic #18) and “access to healthcare”
(topic #19) and the third group’s topics include “obesity”
(topic #30) and “bone-related issue” (topic #11).

RQ2: How Diverse Is Health Information
Represented in LLM Outputs for Various Ethnic
Minority Groups
In this section, we explore the variability of responses within
each subgroup to assess differences in how information is
represented. Specifically, we analyze three metrics: the num-
ber of words (nWords), the number of distinct conditions
(nConds), and a variability measure (Simpson’s diversity)
for responses within each subgroup. By comparing these
metrics across subgroups and against the reference group,
we aim to identify whether certain subgroups exhibit greater
or lesser variability in their responses.

Methods To examine the informational diversity in the
output generated by LLM, we treat each response text as
a unit of analysis. We clean the text corpus by removing for-
matting artifacts such as newlines, tabs, bullet points, and
unnecessary punctuation. Using a regular expression pat-
tern, we extract health-related conditions, which we also
used in earlier analyses addressing RQ1. We refer readers
to Appendix for the details of the regular expression we
use. Within each text, we calculate text-level metrics includ-
ing number of words, number of unique health conditions,
and Simpson’s diversity score. We then compare these met-
rics across demographic groups. By comparing each met-
ric, assess the overall information volume, variety of health-
specific information, and details in describing each iden-
tified health condition (Simpson’s diversity). To compute
Simpson’s diversity, we first consider health conditions as
categories and the total length of sentences that contain the
health condition word as counts. With this approach, the
measurement is expected to indicate the variability in terms
of how different health conditions are articulated (e.g., can-
cer could be described with 100 words while flu would be
described with 20 words).
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nWords nConds Simpson’s Diversity
Group 1 Group 2 Mean Diff P-Adj Mean Diff P-Adj Mean Diff P-Adj
Asian Bangladeshi 14.4051 0.0000 0.3420 0.0001 -0.0011 0.0022
Asian Bhutanese -0.5748 1.0000 -0.1955 0.5700 0.0004 0.9981
Asian Burmese -4.5000 0.9031 -0.8211 0.0000 -0.0023 0.0000
Asian Cambodian -6.0154 0.4380 -0.4820 0.0000 -0.0010 0.0599
Asian Chinese -3.1825 0.9976 0.0819 1.0000 0.0007 0.5746
Asian Filipino 17.1536 0.0000 0.2642 0.0276 -0.0015 0.0000
Asian Hmong -7.5244 0.0538 -0.5863 0.0000 -0.0013 0.0003
Asian Indian 35.1425 0.0000 1.1801 0.0000 -0.0002 1.0000
Asian Indonesian -2.6033 0.9997 -0.0461 1.0000 -0.0007 0.4964
Asian Japanese -4.4391 0.8661 -0.3478 0.0002 -0.0009 0.1091
Asian Korean -5.7470 0.4685 -0.4772 0.0000 -0.0011 0.0031
Asian Laotian -22.3485 0.0000 -0.6604 0.0000 -0.0006 0.7824
Asian Malaysian 12.1419 0.0000 -0.2386 0.0816 -0.0033 0.0000
Asian Mongolian 1.0826 1.0000 -0.3365 0.0013 -0.0008 0.2336
Asian Nepalese 17.0852 0.0000 -0.1794 0.6518 -0.0022 0.0000
Asian Okinawan 1.8414 1.0000 -0.2602 0.0458 -0.0007 0.3446
Asian Pakistani 27.6519 0.0000 0.6483 0.0000 -0.0004 0.9947
Asian SriLankan 18.8457 0.0000 0.5054 0.0000 -0.0002 1.0000
Asian Taiwanese 5.2620 0.7304 0.0068 1.0000 -0.0005 0.9910
Asian Thai -7.5033 0.0936 -0.3590 0.0005 0.0001 1.0000
Asian Vietnamese -18.9926 0.0000 -0.6267 0.0000 -0.0012 0.0009

Table 3: Posthoc Tukey HSD test results for the number of words, the number of health conditions, and Simpson’s Diversity.

We use one-way analysis of variance (ANOVA) to eval-
uate whether the mean of those metrics are significantly
different across demographic groups. This approach parti-
tions the total variance into between-group and within-group
components to compute an F-statistic. The null hypothesis
tested in ANOVA is that the mean values of the response-
level variables are equal across all demographic groups,
while the alternative hypothesis is that at least one group’s
mean differs from the others.

Following a significant ANOVA result, we perform
post-hoc Tukey HSD (honestly significant difference) tests
(Tukey 1949) to identify specific group pairs with significant
mean differences. Tukey HSD accounts for multiple com-
parisons, providing adjusted p-values and confidence inter-
vals for pairwise mean differences. The null hypothesis for
each pairwise comparison in Tukey HSD is that the mean
values of the variable for the two groups being compared
are equal, while the alternative hypothesis posits a signifi-
cant difference between the two means.

Analysis Table 3 reports the results of post-hoc Tukey
HSD tests on the number of words, the number of health
conditions, and Simpson’s Diversity. While some groups
showed greater overall informational volume than Asian
American reference (nWords), the results become more
conversative when nConds are considered. For example,
Malaysian and Nepalese were positively significant for
nWords, but become non-significant and showed negative
trends for nConds. Even more interesting, the tests on the
Simpson’s diversity suggest that none of sub-ethnic groups
show more diversity than the reference group. While many
groups do not exhibit significant difference compared to

the reference group, there are groups showing significantly
lower diversity including Bangladeshi, Burmese, Filipino,
Hmong, Korean, Malaysian, Nepalese, and Vietnamese.

• The South Asian group (including Indian, Pakistani, and
Sri Lankan) consistently have higher values for nWords
and nConds, indicating potential easier access to their
information due to population size, familiarity with En-
glish, and cultural proximity among these ethnic groups.
Their overall diversity measured in Simpson’s diversity
does not show significant difference with the reference
group.

• The Southeast Asian group (including Burmese, Laotian,
and Vietnamese) consistently show lower values for all
tests (the number of words, the number of conditions, and
Simpson’s diversity), reflecting less diversity in linguistic
and health-conditional metrics.

• While the East Asian group (including China, Japanese,
and Korean) were most similar to Asian American refer-
ence in earlier results with RQ1, disaggregated informa-
tion for them seem insufficient, possibly due to barriers
to language (i.e., English).

RQ3: How Accurate Is Health Information
Represented in LLM for Various Ethnic Minority
Groups
In this section, we investigate the accuracy and completeness
of the responses generated for each subgroup. Specifically,
we aim to identify instances of false information and eval-
uate whether any critical health-related details are missing.
This analysis involves qualitative methods, including man-
ual verification and review of the extracted conditions. By
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examining the reliability and comprehensiveness of the out-
puts, we seek to understand the extent to which LLMs faith-
fully represent health information for each subgroup and
highlight areas where improvement is needed.

Methods In the following, we describe the methods used
to extract health conditions from the responses and the ap-
proach taken to verify the validity of the extracted informa-
tion. The extraction process involves identifying and catego-
rizing health-related terms within the responses, while the
verification process combines AI-assisted “searches” and
manual review to assess the accuracy and completeness of
the identified conditions.

Health condition extraction To extract health conditions
from the collected responses, simple string manipulation us-
ing regular expressions is employed. Per each group, we
count all conditions and sort them in a decreasing order in
terms of occurrence frequencies. In an effort to reduce re-
dundancy in terms of number of conditions (e.g., ‘healthcare
disparities’, ‘health care disparities’, ‘disparities in health-
care’), but also maintain the distinction between similar
terms that represent different conditions (e.g., ‘limited pre-
ventive care’ and ‘preventive care’), three human workers
manually go through all extracted conditions and develop
a mapping of conditions. Once the manual mapping is de-
signed, a script is used to clean the extracted health condi-
tions by clubbing conditions together based on the mapping.
Following this, conditions with occurrence counts smaller
than 5 are dropped and not used in the further analysis.

Verification of extracted information To check the va-
lidity of the extracted information, we take an extra round
of verification by searching and confirming if there is a re-
liable source of information on the Web. That is, we seek
to verify each condition in the processed dataset with a
question, “is a particular condition common among a par-
ticular race group?”. To this end, we take a two-step pro-
cedure: AI-assisted search of information source, followed
by human verification. For the AI-assisted search, we uti-
lize Google’s Gemini API (AI 2023a) with Google search
grounding, where grounding is a technique to reduce hallu-
cination in large language models by providing reliable data
sources for the LLM to work with. The exact prompt given
is

“Is the [condition] more common among the [race
group]?”

The Gemini API is instructed to provide its response in a for-
mat containing an “Answer” and a “Reason”, where the later
information is utilized by human workers to verify the infor-
mation source. To ensure that the answer is based strictly on
the Google search results, a parameter controlling the cre-
ativity Gemini is allowed to have is set to 0.

Analysis We perform an analysis on the results obtained
from the above process, which includes extraction and man-
ual evaluation of health conditions. We report notable con-
ditions that are validated as accurate, as well as highlight
significant conditions that are missing from the responses.

Group #. of Cond. #. of Unique. #. of Overlap.

Asian American 25 0 -
Bangladeshi American 29 0 21
Bhutanese American 32 0 19
Burmese American 40 0 20

Cambodian American 32 1 16
Chinese American 29 1 21
Filipino American 26 0 20
Hmong American 40 3 16
Indian American 34 3 19

Indonesian American 32 0 21
Japanese American 23 0 17
Korean American 25 1 19
Laotian American 33 1 20

Malaysian American 27 0 18
Mongolian American 31 0 19
Nepalese American 39 1 21
Okinawan American 28 3 19
Pakistani American 29 0 20

Sri Lankan American 31 0 20
Taiwanese American 26 0 19

Thai American 31 0 21
Vietnamese American 26 0 29

Table 4: The number of unique health conditions in each
group (the second column), the number of those that are
unique in each group (the third column), and the number
of those overlapped with the reference group (‘Asian’, the
fourth column).

Accurately Represented Conditions Some well-known
health conditions appear in nearly all demographic groups,
suggesting that the LLM responses are very well reflecting
common health concerns: Mental health issues, cardiovas-
cular diseases (including hypertension, heart diseases, and
strokes), diabetes, hepatitis B, obesity, cancer, respiratory
illnesses, and access to healthcare challenges. It is also well-
reflected that the liver health is a bigger concern in the Asian
population (Pham et al. 2018). Also, the LLM responses
reflect the unique group specific issues: (1) PSTD and
Trauma emphsized in Bhutanese (Frounfelker et al. 2023),
Burmese (Lim et al. 2013), Cambodian (Marshall et al.
2006), Hmong (Collier, Munger, and Moua 2012), and Lao-
tian (Gordon 2011) groups , (2) “Aging and longevity” and
“Rheumatoid arthritis and Alzheimer’s disease” (which are
common in the elderly population) in the Okinawan group,
and (3) Metabolic syndrome in the South Asian groups, par-
ticularly, gallbladder disease (Kapoor and McMichael 2003)
(or gallbladder cancer) is considered more common in peo-
ple of Indian origin (often time called, ‘Indian’ cancer).

Uncaptured health conditions While the common health
conditions are properly captured, certain critical details are
often poorly captured or missing. Table 4 reports the number
of extracted health conditions, the number of conditions that
are unique to each group, and the number of conditions that
are overlapping with the reference group, Asian American.
The average ratio of the number of overlapping conditions
to the number of conditions in each group (averaged across
the group) is 0.63, suggesting that general terms are used to
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Group Health Issues
Asian mental health issues, hepatitis b, osteoporosis, cancer, diabetes, heart diseases, cardiovascular disease,

obesity, vision health, access to healthcare, tuberculosis, acculturation challenges, chronic diseases, com-
munication barriers, liver health, tobacco use, vitamin d deficiency, respiratory illnesses, hypertension,
hepatitis c, substance abuse, stroke, cardiovascular issues, thyroid conditions, chronic kidney disease

Bangladeshi reproductive health, infectious diseases, malnutrition, iron deficiency anemia, dental health, oral health
issues, vitamin deficiencies, digestive health issues

Bhutanese infectious diseases, reproductive health, diet and nutrition, dental health, chronic respiratory diseases,
physical activity, oral health issues, chronic pain, malnutrition, trauma and PTSD, refugee trauma, envi-
ronmental health, chronic stress

Burmese infectious diseases, diet and nutrition, malnutrition, refugee health concerns, reproductive health, mental
health disparities, mental health stigma, environmental health, refugee trauma, trauma and PTSD, oral
health issues, limited health literacy, chronic disease management, physical activity, dental health, pre-
ventive care, genetic predispositions, food insecurity, chronic pain, traditional medicine

Cambodian diet and nutrition, oral health issues, mental health disparities, malnutrition, dental health, limited health
literacy, reproductive health, infectious diseases, domestic violence, trauma and PTSD, intergenera-
tional trauma, environmental health, chronic pain, insufficient physical activity, refugee health con-
cerns, chronic respiratory diseases

Chinese mental health stigma, mental health disparities, traditional medicine, environmental health, infectious
diseases, hepatocellular carcinoma, diet and nutrition

Filipino infectious diseases, asthma, reproductive health, diet and nutrition, health disparities

Hmong reproductive health, traditional medicine, health disparities, limited health literacy, diet and nutrition, en-
vironmental health, cultural practices, infectious diseases, refugee trauma, chronic disease management,
preventive care, physical activity, trauma and PTSD, food insecurity, immunization and vaccination,
chronic disease prevention, refugee health concerns, malnutrition, healthcare disparities, chronic disease
prevalence, chronic pain, genetic predispositions, healthy lifestyle choices, maternal health

Indian digestive health issues, gastrointestinal disorders, reproductive health, metabolic syndrome, eye health,
malnutrition, gallbladder disease, iron deficiency anemia, infectious diseases, sleep disorders, asthma,
high cholesterol, thalassemia, healthy weight, oral health issues

Indonesian infectious diseases, malnutrition, reproductive health, diet and nutrition, dengue fever, environmental
health, dental health, chronic disease prevalence, respiratory infections, physical activity, chronic pain

Table 5: Lists of health conditions of each group. Conditions in each list are presented in decreasing order of frequency.
Conditions unique to each group are annotated in bold; those already listed under the reference group (“Asian American”) are
not repeated. [Part 1]

describe more than half of conditions in each group. Also,
very small portion of the unique conditions in each group
suggest that there are many overlapping terms in between
groups.

Motivated by the result, we investigate if there are any
conditions that are known to be more prevalent in medical
domains, but not captured in the LLM response. For this
purpose, we refer to a report on cancer health disparities in
racial/ethnic minorities in the US (Zavala et al. 2021). Ex-
amples of such missing conditions include:

• Cervical Cancer in Hmong Women: The cervical can-
cer rate among Hmong women in California is strik-
ingly high, at 36.6 per 100,000. This rate is more than
three times the aggregated rate for Asian Pacific Islanders
(11.8 per 100,000) and more than four times the rate
for non-Hispanic White women in California (8.0 per
100,000). These disparities highlight significant health

inequities within the Hmong community (Fang et al.
2010).

• Cervical Cancer in Vietnamese and Cambodian Women:
Vietnamese and Cambodian women experience dispro-
portionately high rates of cervical cancer compared to
other groups (Torre et al. 2016), underscoring the need
for more targeted health interventions and awareness
campaigns. However, this information is not consistently
or clearly presented in LLM responses.

• Breast Cancer in Specific Asian Subgroups: Korean,
Filipina, Vietnamese, and Chinese women are at a
significantly increased risk of being diagnosed with
HER2-positive breast cancer subtypes compared to non-
Hispanic White women (Telli et al. 2011). Younger US-
born Chinese and Filipina women (under 55 years old)
have higher rates of HER2-positive breast cancer than
White women of the same age. Moreover, the rates
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Group Health Issues
Japanese eye health, bone health, sleep disorders, allergies and asthma, aging population, infectious diseases

Korean mental health stigma, mental health disparities, smoking, diet and nutrition, eye health, injuries and
accidents

Laotian limited health literacy, chronic pain, reproductive health, smoking, malnutrition, health disparities, phys-
ical activity, infectious diseases, limited preventive care, oral health issues, dental health, trauma and
PTSD

Malaysian infectious diseases, dengue fever, eye health, dental health, diet and nutrition, reproductive health, respi-
ratory infections, malnutrition, oral health issues

Mongolian infectious diseases, mental health disparities, reproductive health, diet and nutrition, malnutrition, mental
health stigma, physical activity, bone health, environmental health, genetic predispositions, digestive
health issues, cultural practices

Nepalese reproductive health, diet and nutrition, mental health stigma, physical activity, environmental health,
malnutrition, mental health disparities, mental health awareness, preventive care, dental health, oral
health issues, genetic predispositions, bone health, chronic disease management, chronic disease preven-
tion, iron deficiency anemia, healthcare disparities

Okinawan bone health, infectious diseases, aging and longevity, eye health, dental health, aging population,
rheumatoid arthritis, alzheimer’s disease, mental health disparities

Pakistani reproductive health, infectious diseases, iron deficiency anemia, thalassemia, oral health issues, smoking,
dental health, gastrointestinal disorders, malnutrition

SriLankan infectious diseases, digestive health issues, reproductive health, malnutrition, oral health issues, dental
health, vitamin deficiencies, bone health, gastrointestinal disorders, iron deficiency anemia, genetic pre-
dispositions

Taiwanese eye health, bone health, sleep disorders, diet and nutrition, infectious diseases, chronic disease preven-
tion, physical activity

Thai bone health, reproductive health, oral health issues, chronic pain, eye health, infectious diseases, dental
health, domestic violence, physical activity

Vietnamese smoking, diet and nutrition, chronic pain, infectious diseases, dental health, oral health issues

Table 6: Lists of health conditions of each group. Conditions in each list are presented in an order of decreasing frequencies.
The names of conditions that appear uniquely in each group are annotated in bold fonts and the name of conditions that appear
in the reference group (“Asian American”) are not repeated in other groups. [Part 2]

of HER2-positive breast cancer have been increasing
over time, with particularly sharp increases observed
in foreign-born Korean women and US-born Filipina
women, at rates as high as 4% per year.

• Gastric Cancer in Korean American and Japanese Ameri-
can Populations: Korean Americans and Japanese Amer-
icans are at a significantly higher risk of developing gas-
tric cancer compared to other ethnic groups (Lee et al.
2017), indicating the need for focused health screening
and prevention strategies within these communities.

• Liver Cancer in Southeast Asian Populations: Liver
cancer, particularly hepatocellular carcinoma (HCC), is
more prevalent among Asians in California compared
to non-Hispanic Whites, African Americans, and His-
panics/Latinos. Within Asian populations, the incidence
of HCC is especially high among Southeast Asians, in-
cluding Laotians, Vietnamese, and Cambodians, who
have rates eight to nine times higher than other Asian

groups (Pham et al. 2018). This critical information is
often found in sources written in Chinese, making it less
accessible to English-speaking audiences.

The qualitative analysis of the collected responses high-
lights both strengths and gaps in representing subgroup-
specific health information. Common health conditions like
mental health issues, cardiovascular diseases, diabetes, and
cancer are accurately captured across most groups. Addi-
tionally, unique concerns, such as PTSD and trauma in
Southeast Asian subgroups, aging-related conditions in Ok-
inawans, and metabolic syndrome in South Asians, are well-
represented. However, significant omissions remain, includ-
ing critical disparities like high rates of cervical cancer
among Hmong, Vietnamese, and Cambodian women, and
elevated risks of HER2-positive breast cancer, gastric can-
cer, and liver cancer in specific subgroups. These gaps sug-
gest that the responses often rely on general terms, with in-
sufficient attention to subgroup-specific conditions. Improv-
ing data disaggregation and integrating more authoritative
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medical sources is essential to enhance the accuracy and
completeness of LLM outputs.

Related Work
Stereotyping and bias in LLMs To the best of our knowl-
edge, no prior work has specifically investigated the prac-
tice of using disaggregated data with LLMs. However, re-
cent studies have thoroughly explored the issue of stereo-
typing in LLMs, highlighting the persistence and complex-
ity of biases in these systems. In (Cheng, Durmus, and Ju-
rafsky 2023), a prompt-based method, Marked Personas, is
introduced to to measure stereotypes by comparing LLM-
generated personas of intersectional demographic groups
with unmarked ones, finding that these portrayals are more
stereotypical than those written by humans. In (Ma et al.
2023), the work of (Cheng, Durmus, and Jurafsky 2023) is
further extended to investigate stereotypes in LLMs, pre-
senting a dataset of intersectional biases generated with
ChatGPT and validated by human reviewers, emphasizing
the persistent need for improvements in addressing stereo-
types. In (Ghosh and Caliskan 2023), gender bias in machine
translation is studied. In (Kirk et al. 2021; Kotek, Dockum,
and Sun 2023), the presence of intersectional occupational
biases in LLMs is investigated, while in (Kotek, Dockum,
and Sun 2023), a method for debiasing gender bias in job
advertisement generated via LLMs is studied. In (Mei, Fer-
eidooni, and Caliskan 2023), studies on bias in LLMs are
further extended to analyze biases against finer categoriza-
tions of intersectional or stigmatized groups. In early stud-
ies, there are works investigating intersectional biases in
LLMs (e.g., GPT-2) (Tan and Celis 2019), creating a dataset
consisting of 600 intersectional bias descriptors (Smith et al.
2022), and measuring toxicity and negative sentiment in bi-
ases (Esiobu et al. 2023). As a method for mitigating bi-
ases, a fine-tuning method using an interventioned dataset is
proposed in (Thakur et al. 2023). Data disaggregation is a
widely used practice in the medical domain, as shown in the
references utilized in this study. However, its application in
other fields remains limited. While it has been emphasized
in social studies, as proposed in (Wu et al. 2024), there is a
lack of extensive research utilizing this approach.

Discussion & Conclusion
In this study, we utilized various statistical methods to
address our research questions and assess the capabili-
ties of LLMs in representing health-related information
across Asian American subgroups. Our findings reveal both
strengths and limitations in the ability of LLMs to capture
subgroup-specific health conditions, highlighting the impor-
tance of disaggregation for equitable data representation.

Chinese, Taiwanese, and Korean subgroups emerged as
the most representative of the broader Asian American cat-
egory, as evidenced by their low distances in embedding
spaces. However, even within these well-represented groups,
certain critical health conditions—such as breast cancer in
Chinese women and gastric cancer in Koreans—are under-
represented or overly generalized. This systemic tendency to
rely on generic representations underscores a broader limi-

tation in the ability of LLMs to address subgroup-specific
health disparities comprehensively.

While Chinese, Taiwanese, and Korean subgroups closely
align with the broader Asian American reference category,
this trend is not uniform across all East Asian populations.
Japanese, Okinawan, and Mongolian groups exhibit weaker
representation, characterized by greater distances from the
reference category, fewer identified health conditions, and
lower response diversity. For example, Japanese and Oki-
nawan health conditions primarily center on age-related top-
ics, such as “aging and longevity” and “rheumatoid arthritis
and Alzheimer’s disease.” Although disaggregated prompt-
ing successfully identifies these significant issues, other crit-
ical conditions, like gastric cancer prevalent among Japanese
populations, are notably absent. These gaps emphasize the
need for more targeted prompts and improved data equity
to capture the full scope of subgroup-specific health chal-
lenges.

Among South Asian groups, significant variability was
observed. Subgroups such as Indian, Pakistani, Sri Lankan,
and Bangladeshi demonstrated more diverse health condi-
tions, with robust representation of issues like metabolic
syndrome, gallbladder diseases, vitamin deficiency, bone-
related conditions, and mental health challenges. Con-
versely, Bhutanese and Nepalese subgroups displayed lim-
ited representation, with fewer identified health conditions
and reduced diversity in responses.

A similar pattern emerged among Southeast Asian sub-
groups. Except for Filipinos, these groups generally exhib-
ited lower representation in terms of both the number of
identified conditions and response diversity relative to Asian
Americans as a whole. While some specific health concerns,
such as PTSD, trauma, and oral health issues, were captured,
significant gaps remain. For instance, cervical cancer, which
is highly prevalent among Hmong women, and liver can-
cer, particularly affecting Vietnamese populations, are of-
ten missing. Filipinos stood out with higher representation
and greater diversity in responses; however, important con-
ditions like breast cancer was still absent from their health
profiles.

In summary, while disaggregated prompting demonstrates
promise in capturing some subgroup-specific health dispar-
ities, there are significant limitations in both accuracy and
comprehensiveness. These findings highlight the need for
more refined prompt design, better integration of authorita-
tive data sources, and an ongoing commitment to data equity
to ensure that the health challenges of diverse populations
are accurately and equitably represented in LLM outputs.

Limitations and Future Work This study exclusively
uses ChatGPT-3.5. While this allows for focused evalua-
tion, it limits the generalizability of our findings to other
LLMs. Still, our results highlight information inequality in
LLMs, and extending this analysis to other models is a key
direction for future research. Additionally, our reliance on
Census-based ethnic categorizations limits the ability to cap-
ture intra-group diversity. Notably, distinctions within multi-
ethnic groups—such as regional or linguistic differences in
Indian or Malaysian populations—remain unaddressed.
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