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ABSTRACT 

Investigating Disparities in Treatment Quality and Decision-Making in the UC Health System 

Jaysón Davidson 

Social Determinants of Health (SDOH) are non-medical factors including socioeconomic status, 

chronic disease burden, and mental health, that significantly influence healthcare access and 

outcomes. While these factors are important for understanding disease risk and disparities, they 

remain underrepresented in Electronic Health Records (EHRs). EHRs primarily capture relevant 

clinical data such as diagnoses, medications, and lab results. However, integrating SDOH offers a 

transformative approach to understanding health outcomes, disease risk, and healthcare disparities, 

particularly those shaped by socioeconomic and environmental conditions, through computational 

research and artificial intelligence. 

This dissertation highlights the importance of incorporating SDOH into real-world evidence 

(RWE) studies to advance research on disease risk and health outcomes. Improvements in EHR 

infrastructure, including diagnosis codes, wearable technology, and census tract information, allow 

for deeper insights into health disparities. This work examines the challenges and opportunities 

related to integrating SDOH into EHRs, explores their growing role in RWE, and identifies 

pathways for equitable and actionable reporting of study outcomes. 



 x 

Using de-identified data from the University of California Health Data Warehouse, this 

dissertation applies statistical modeling, machine learning, and generative artificial intelligence to 

investigate treatment disparities in two conditions: Type 2 diabetes and Multiple Myeloma. In the 

diabetes study, patients with lower socioeconomic status were more likely to receive less optimal 

second-line therapies, highlighting disparities in treatment pathways. In the Multiple Myeloma 

study, access to CAR-T therapy was significantly associated with treatment location and patient 

race and ethnicity, highlighting barriers to innovative therapies for diverse population groups. 

 

This dissertation further examines the impact of SDOH on treatment decisions, unmet clinical 

needs, and barriers to equitable care. By integrating SDOH metrics with EHR data, this work 

informs data-driven strategies to improve access to advanced therapies and address healthcare 

disparities. These findings aim is to inform policies that ensure all patient populations have fair 

and consistent access to advanced and innovative medical treatments.  
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Chapter 1 Introduction 
 

This chapter provides an overview of the dissertation. The primary motivation and research need 

of this dissertation will be summarized, followed by a concise description of each following 

chapter. 

1.1 DISSERTATION OVERVIEW 

The United States spent $4.9 trillion on healthcare in 2023 and performed worse in life expectancy 

than any other high-income country in terms of access to care, care processes, administrative 

efficiency, equity, and health outcomes1,2. Life expectancy in the U.S. varies across population 

groups due to the adverse effects of geographic location, socioeconomic status, and racism against 

specific racial and ethnic groups3. In addition, within each racial and ethnic group, a patient’s 

location affects their life expectancy; specifically, patients who live in rural or low socioeconomic 

zip codes may experience worsened life expectancies4. The differences in life expectancy are a 

downstream effect of access to healthcare, racial and ethnic background, socioeconomic status, 

and geographic location, which lead to disparate health outcomes for patients from diverse 

population groups5. These disparities have been widely studied over the past decade, primarily 

through the lens of race and ethnicity to understand differences in care6. However, this 

conventional thinking has shifted as clinicians recognize that broader social factors significantly 

impact health outcomes7. As a result, patient-centered care increasingly emphasizes addressing 

Social Determinants of Health (SDOH)7.  

SDOH are the “conditions in which people are born, live, work, play, worship, and age, which 

affect a wide range of health, functioning, quality of life outcomes, and risks” 8. SDOH influences 
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a patient’s access to healthcare and treatments, health outcomes, and comorbidities by 

incorporating information related to socioeconomic status, insurance coverage, living conditions, 

access to healthy food, health literacy, and quality of care9. This information is fundamental to 

capturing, representing, and assessing the impact of social and environmental factors on 

differences in care and complex health challenges to improve the quality of care for patients9. 

Adverse SDOH, such as lack of transportation, housing instability, and low income, contribute to 

health disparities among patients from diverse racial and ethnic backgrounds10-14. For example, a 

patient with greater disease severity may require more effective treatments, such as newly 

approved drugs but may not receive them due to cost or limited availability15,16. As a result, high-

quality care is not always accessible. However, optimizing treatment decision-making can help 

reduce disparities in care. 

To understand the drivers of treatment disparities and health outcomes, this study relies on the 

utilization of Electronic Health Records (EHRs), which are essential in real-world research on 

healthcare access. EHRs provide critical patient data, including treatments, conditions, drug 

responses, insurance, and demographics, enabling real-world evidence (RWE) studies. This data 

is pivotal to investigating treatment decisions, disease risk, care quality, and health outcomes, 

uncovering disparities in care17. In this study, EHRs serve as a key tool for exploring how social 

determinants of health (SDOH) influence treatment decisions and overall health outcomes. 

RWE studies have been used to understand treatment decision-making, comparative effectiveness 

of treatments, and outcomes in chronic illnesses, diseases, and cancers18. These studies have 

addressed critical questions regarding patient outcomes and variations in care by race and 

ethnicity19,20. They have demonstrated the effectiveness of advanced treatments in diabetes and 
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cancer, highlighted treatment utilization patterns across various diseases, and examined patient 

outcomes, including mortality rates. By leveraging EHRs, RWE studies have also contributed to 

improving care for chronic illnesses, oncology, cardiovascular, and metabolic diseases21-26.  While 

RWE has enhanced our understanding of treatment efficacy through observational studies, 

treatment decision-making, and comparative effectiveness studies, it remains limited in scope. 

Most studies assess differences by race and ethnicity but fail to fully capture disparities driven by 

social determinants of health (SDOH), largely due to limited diagnosis codes and insufficient 

SDOH-related data. 

Previous RWE studies in diabetes and cancer were limited by the lack of comprehensive SDOH 

data and poor integration into EHRs27,28. As a result, there remains a significant lack of insight into 

how SDOH affects the quality of care for patients, especially for patients from diverse 

backgrounds. However, population-level metrics derived from health indices that incorporate 

SDOH factors such as income, education, housing, and neighborhood quality offer an opportunity 

to assess how social and environmental factors influence health outcomes across geographic areas. 

The objective of this dissertation is to leverage both individual-level and population-level SDOH 

metrics to understand how SDOH impact the quality of care for patients from diverse population 

groups. To accomplish this, we will use de-identified data from the University of California Data 

Warehouse (UCDW) to associations between SDOH and treatment decisions. This dissertation 

explores two use cases: Type 2 diabetes, a prevalent chronic condition affecting 14.7% of U.S. 

adults, and Multiple Myeloma, a hematologic cancer that disproportionately impacts Black and 

Latinx patients. 
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These studies aim to bridge the knowledge gap for clinicians and researchers interested in 

leveraging SDOH to improve health equity for diverse populations. This dissertation presents 

practical approaches to integrating and utilizing SDOH data in EHRs. It identifies disparities in 

treatment decisions among patients diagnosed with both Type 2 diabetes, and Multiple Myeloma, 

two disease states that significantly impact diverse population groups. It also addresses real-world 

evidence gaps related to SDOH and differences in care between patients from low socioeconomic 

and high socioeconomic neighborhoods. This dissertation offers insights into improving access to 

care and advancing health equity across California. 

1.2 THE FOLLOWING CHAPTERS 

Chapter 2 “From Genes to Geography, from Cells to Community, from Biomolecules to 

Behaviors: The Importance of Social Determinants of Health” describes key opportunities and 

challenges associated with integration of Social Determinants of Health into Electronic Health 

Records. J.M.D contributions were conceptualization, writing—original draft preparation, 

writing—review and editing, and visualization. 

Chapter 3 “Real-World Type 2 Diabetes Second-Line Treatment Allocation Among Patients” 

describes disparities associated with neighborhood location and second-line treatment allocation 

for Type 2 Diabetes patients in the University of California Health System. J.M.D contributions 

were conceptualization, writing—original draft preparation, writing—review and editing, and 

visualization. 

Chapter 4 “Investigating CAR-T Treatment Access for Multiple Myeloma Patients Using Real-

World Evidence” describes key barriers associated with CAR-T therapy access for Multiple 

Myeloma patients in the University of California Health System. J.M.D contributions were 
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conceptualization, writing—original draft preparation, writing—review and editing, and 

visualization. 

Chapter 5 “Conclusions” provides a summary of the dissertation. 

Chapter 6 “Future Work” provides an outlook for potential future work. 
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Chapter 2 From Genes to Geography, from 
Cells to Community, from Biomolecules to 
Behaviors: the importance of Social 
Determinants of Health 

2.1 ABSTRACT 

Much scientific work over the past few decades has linked health outcomes and disease risk to 

genomics, to derive a better understanding of disease mechanisms at the genetic and molecular 

level. However, genomics alone does not quite capture the full picture of one’s overall health. 

Modern computational biomedical research is moving in the direction of including 

social/environmental factors that ultimately affect quality of life and health outcomes at both the 

population and individual level. The future of studying disease now lies at the hands of the social 

determinants of health (SDOH) to answer pressing clinical questions and address healthcare 

disparities across population groups through its integration into electronic health records (EHRs). 

In this perspective article, we argue that the SDOH are the future of disease risk and health 

outcomes studies due to their vast coverage of a patient’s overall health. SDOH data availability 

in EHRs has improved tremendously over the years with EHR toolkits, diagnosis codes, wearable 

devices, and census tract information to study disease risk. We discuss the availability of SDOH 

data, challenges in SDOH implementation, its future in real-world evidence studies, and the next 

steps to report study outcomes in an equitable and actionable way. 
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2.2 INTRODUCTION 

Understanding disease at a molecular level has really pushed into the field of genetics, which has 

been the major basis for studying disease risk over the past two decades. Researchers have strongly 

believed that disease risk was generally conferred to genetic inheritance, and now more recently 

to specific rare and common mutations1,2. Using tools in molecular and cellular biology, 

researchers, and medical providers can investigate many diseases and conditions. But the results 

of previous investigations have shown that disease risk is too complex to model using genetics or 

molecules alone. Indeed, genetics, social and environmental factors including socioeconomic 

status, geolocation, age, and racial and ethnic background plays a role in disease risk across 

different population groups3. The growing evidence increasingly indicates the importance of 

accounting for the social and environmental factors that are likely to affect health outcomes. While 

Dr. Phil Bourne, whom this special issue honors, is certainly known for his work in computational 

methodologies and structural biology, he also understood the importance of external influences on 

health and called for better methods to measure and “describe individuals' activity spaces and 

exposure to the built, natural, social, and economic environments that influence behaviors and 

health outcomes”4. 

2.3 SOCIAL DETERMINANTS OF HEALTH 

Social Determinants of Health (SDOH) are one of the ways to capture, represent, and assess the 

impact of social and environmental factors in clinical research and to improve patient care. “SDOH 

are the conditions in which people are born, live, and work, play, worship, and age, that affect a 

wide range of health, functioning, and quality-of-life out-comes and risks”5. A patient's SDOH can 

be used to estimate their access to healthcare, treatments, positive or negative health outcomes and 
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comorbidities by using information related to an individual's health including alcohol and tobacco 

usage, socio-economic status, insurance status, living situation, access to healthy foods, and access 

to health literacy and quality5. The main components of SDOH commonly gathered in medicine 

are grouped into 5 domains: economic stability, education access and quality, health care access 

and equity, social and community context, and neighborhood and built environment5. Though 

noted separately, each domain is interconnected to match the complexity of SDOH variables to 

represent SDOH at both a population and individual level6,7. 

Population-level SDOH measures are heavily reliant on census tract information derived from the 

United States Census Bureau (U.S Census). Census tracts is an indicative of geographical area, 

which is small, relatively permanent statistical subdivisions of a county providing information on 

demographic and housing estimates, occupation codes, industry codes, product and service codes, 

and material/fuel codes8. Census tracts have surveys such as the American community survey, 

decennial census, economic surveys, population estimates, public sector, and economic census that 

can be leveraged to assess the overall impact of socioeconomic parameters on the health and 

wellbeing of patients in a given healthcare system at a given geographical location. Census tract 

information is gathered by assigning each person, household, housing unit, institution, farm, 

business establishment, or other responding entity to a specific location, and then assigning that 

location to a zip code tabulation area appropriate to the census or sample survey by way of 

geocoding8,9. “The geocoding process assures that the Census Bureau can provide correct counts 

for small geographic entities, and that both the Census Bureau and data users can accumulate the 

data for small entities to provide totals for larger geographic entities such as zip code areas”8. 

Census tract information has been used to develop indices that directly explain SDOH of people 

by using their zip code location to develop the Area Deprivation Index, Social Vulnerability Index, 
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and Modified Retail Food Index10-13. Indices that use census tract information often categorize data 

by socioeconomic status, location, and education to calculate the deprivation or vulnerability of 

people residing in a location. 

SDOH is utilized in clinical care and research studies by way of Electronic Health Records 

(EHR’s) which is the primary way to capture real-world data from provider to patient encounters 

in a health system14. EHR's provide a unique opportunity to study the relationship between SDOH 

and the management and outcomes of clinical diseases through real-world data (RWD). RWD 

captured in EHR's is used to develop real-world evidence (RWE) studies that analyze data and 

inform providers about causes of different treatment strategies, disease risk, quality of life, and 

outcomes for different patients and populations. RWE studies often contain diverse patient 

populations that are representative of real patients' health where common SDOH are collected. 

Prior to EHR's, SDOH was primarily captured by population level questionnaires administered by 

the U.S. census, or through direct questionnaires administered in clinical trials. However, 

innovation of EHR's has provided us with patient derived data to help us understand social & 

lifestyle factors of patients. SDOH data coupled with questionnaires, and clinical data in EHR's 

could be used to enable precision medicine studies on healthcare access and health outcomes, by 

linking with data about treatments, disease conditions, drug response, insurance status and 

demographics.  

Although classification of SDOH at the individual or patient level is becoming increasingly 

standardized for operational and clinical research purposes, a current challenge in the wide 

adoption of SDOH in real-world evidence studies is due to missing data, HIPAA regulations, and 

quality control issues that severely limits the amount of available data to answer clinical questions 
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with higher precision15-18. Therefore, the role SDOH plays in various chronic illnesses and diseases 

is ill defined but has the potential to address population and individual specific questions in the 

future. Research shows that “public health goals cannot be realized without addressing underlying 

SDOH” that contribute to disparities and outcomes19,20. Therefore, healthcare focus should also 

include SDOH in addition to race/ethnicity due to inconsistencies of clinical data. Plethora of 

research reveals numerous socioeconomic parameters potentially accelerating disease risk, 

especially among minorities20. We must improve our understanding of the impact of SDOH on 

disease risk by investigating the different roles that SDOH plays on patients, population groups, 

healthcare providers, healthcare access, and health outcomes (Figure-1). 

2.4 SDOH INTEGRATION INTO ELECTRONIC HEALTH RECORDS 

In EHR databases across the country there is incompleteness in SDOH data that have led previous 

real world evidence studies to use only race/ethnicity, gender, and age as measures of SDOH. In 

theory, those demographics can provide context but cannot capture the full picture of one’s overall 

health. In an attempt to capture SDOH effectively in EHR’s, efforts to map de-identified patients' 

information to census tracts has been extremely important in providing researchers the ability to 

use evidence based SDOH to answer clinical questions. However, SDOH is often just captured in 

clinical notes, without structured coding and we need better methods to get SDOH data trapped in 

notes. Currently, social aspects found in clinical notes vary across EHR databases in the country, 

however the Institute of Medicine (IOM) has worked aggressively on identifying SDOH domains 

to be suggested for use in EHR’s for academic research purposes21. The type of data suggested 

includes sociodemographic domains, psychological domains, behavioral domains, and individual-

level social relationships and living conditions domains. Our field is still in its early days of 
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extracting specific SDOH information and mapping such data to and from EHR's, but alongside 

social indices, other structured data elements, such as insurance status, can be used to understand 

a patient's socioeconomic status. The indices can be used to answer questions related to SDOH 

and in cooperation with EHR's to understand surgical outcomes, drug distribution, health outcomes 

and hospital re-admissions. As time progresses, we will effectively utilize more SDOH data in 

EHR's and real-world evidence studies. 

EHR toolkits offer precise categorization of SDOH captured from census tracts for use in real 

world evidence studies and SDOH standardized vocabularies are offered through these toolkits to 

map data to census tracts in EHR databases but are not widely adopted yet. A popular toolkit called 

the PhenX toolkit offers ontologies such as Health Insurance Coverage, food insecurity, air quality 

index, wealth, job insecurity, food swamp, and more to increase SDOH measures used in studies23. 

The SDOH ontologies were precisely picked to enable high qualitative measures that will increase 

statistical power of studies23. The International Classification of Diseases (ICD) coding system has 

incorporated specific ICD-Z codes for SDOH that refer to problems related to education & literacy, 

housing and economic circumstances, social environment, upbringing, primary support group, 

psychosocial circumstances, and occupational exposure to risk factors as listed in (Table 1). 

Although important, the Z-codes are listed as non-diagnosis codes rather than disease specific 

codes, they all play a major part in understanding the causes of health disparities in communities. 

At this point, there are several SDOH standardized vocabulary and ontologies to use, but 

challenges occur when the utilization of these codes and with capturing these codes and related 

data from patients in an effective way to use for research. Until EHR databases increase their 

SDOH data availability for SDOH-specific studies, navigating this field will remain to be tricky. 
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When SDOH is made available for research, one can start to model and predict occurrences across 

a wide range of diseases, relating SDOH elements to both numerical measurement tests, 

diagnostics, and other health outcomes. It will be important to choose diseases that are easy to 

define, in terms of severity, prevalence, and incidence of the condition, as well as diseases that 

have been known to be prominent in lower socioeconomic areas. With SDOH mapped to and from 

EHR's we can understand what causes differences in prevalence and incidence of disease between 

different population groups. 

 2.5 THE FUTURE OF SDOH IN REAL WORLD EVIDENCE STUDIES 

The next step in biomedical informatics is to have a streamlined method of mapping census tract 

information to EHR's that can be followed by each institution. In structured data, there needs to be 

a unified goal to create more diverse databases by providing healthcare access to underserved 

populations to ensure that SDOH studies are well balanced to produce answers backed by realistic 

outcomes. In the future we could increase the specific versatility of SDOH for medical studies by 

developing a universal “Medical Grade Social Index” that could contain the specific SDOH 

information that is most directly related to clinical outcomes, to best answer research questions.  

The power of this data will create knowledge for gaps in healthcare that will implicate the need to 

incorporate brick and mortar need-based healthcare services in deprived communities. 

The future looks bright for even newer sources of data in SDOH.  Although new, patient derived 

data has allowed us to obtain SDOH data beyond EHR's by using health measures including 

wearable fitness monitors, smart phones, step trackers, food trackers and derived data from 

telemedicine. Tracking information from patients allows us to understand patients' daily activity 

that lead to chronic illnesses and diseases and can potentially lead to eliminating them. But 
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currently patient derived data offers very little information across a large population. Luckily, the 

adoption of mHealth has increased SDOH measures by utilizing mobile technology to improve 

health goals across communities.  mHealth is medical and public health practice supported by 

mobile devices, such as mobile phones, patient monitoring devices, personal digital assistants, and 

other wireless devices as defined by the World Health Organization24. mHealth is not widely 

adopted yet but we can use patient derived data in the future to estimate a patient’s health/risk of 

clinical diseases and provide better patient centered health approaches to improve overall 

individual health. How mHealth and digital devices will feed into SDOH is still an active area of 

research. Other newer sources of SDOH related data will also include genomic information for 

large populations uploaded into EHR databases, such as being done at various institutions around 

the country25. 

Thus far, questionnaires, population surveys, and patient reported outcomes are heavily used in 

SDOH and epidemiological research studies because it gives researchers the opportunity to answer 

clinical research questions when the EHR database system does not itself contain a full picture of 

SDOH data. Because of inconsistencies in SDOH data availability, the field has been using 

questionnaire-based data to answer in-depth questions related to SDOH with EHR data to 

understand surgical outcomes, drug distribution, health outcomes and hospital readmissions26-29. 

2.6 CONCLUSION 

Communication of real-world evidence studies, especially related to disparities in health, has the 

potential to create political conflict, medical mistrust, and harm to marginalized communities. 

Therefore, it is important to effectively communicate results in a manner that is both understood 

by clinicians and patients from all paths of life so that the knowledge of health outcomes are more 
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accessible. More importantly, including a diverse set of researchers to harness the power of this 

data is important for leveraging different mindsets to understand SDOH clinical questions in a 

different context. Since we know that a large part of health disparities occurs in communities 

under-represented in medicine, the best way to relate to these communities is by having people 

who understand the vernacular, culture, and the patience needed to communicate risk, health 

literacy, and health accessibility to the most affected communities. 

All of this is an acknowledgement, and perhaps a frustration, that studying SDOH is likely to be 

harder than studying genes and molecules and cells.  But the more we fine tune the idea and 

execution of SDOH in EHR databases across the country we will increase the opportunities to use 

precision medicine to target clinical diseases. Precision medicine will be used to accurately 

prescribe patients based on real world evidence of health outcomes and treatment patterns 

respective to different population groups. More importantly, it will give clinicians the ability to 

prescribe patients using patient centered approach methods derived from research. But throughout 

our work here, it is critical to remember that precision medicine means more than just genes and 

molecules and cells.  The future implementation of SDOH will provide greater precision of 

treatments based on an array of demographics, lifestyle factors, and environmental factors, all of 

which are likely to make more of a difference for our patients than any given measured cell or 

base-pair in their genome. 
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2.9 TABLES AND FIGURES  

Table 2-1: International Classification of Disease (ICD) Z-codes for SDOH 

 
ICD-10 CM Code SDoH Categories 

Z55 Problems related to education and literacy 

Z56 
Problems related to employment and 

unemployment 

Z57 Occupational exposure to risk factors 

Z58 Problems related to physical environment 

Z59 
Problems related to housing and economic  

circumstances 

Z60 Problems related to social environment 

Z62 Problems related to upbringing 

Z63 
Other problems related to primary support group, 

including family circumstances 

Z64 
Problems related to certain psychosocial  

circumstances 

Z65 
Problems related to other psychosocial                     

circumstances 

 

 
 
 



 23 

 

 

Figure 2-1: Grouped SDOH factors categorized at the population and individual level 
At each level we are defining the SDOH factors that contribute to the overall health of a 
population, and overall health of a patient that causes the difference between a good outcome and 
a poor outcome. 
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Chapter 3 Real-World Type 2 Diabetes 
Second-Line Treatment Allocation Among 
Patients 
 

3.1 ABSTRACT 

Objective: This study aimed to evaluate the impact of socioeconomic disparities on the allocation 

of second-line treatments among patients with type 2 diabetes (T2D). 

Materials and Methods: We conducted an observational study using real-world data from over 9 

million patients across five University of California Health centers. The study included patients 

who initiated a second-line T2D medication after metformin, with hemoglobin A1c (HbA1c) 

measurements within ±7 days of treatment initiation from 2012 through September 2024. 

Multinomial regression models assessed the association between socioeconomic status and 

second-line treatment choices. Additionally, we used the GPT-4 large language model with a zero-

shot learning approach to analyze 270 clinical notes from 105 UCSF T2D patients using the 

inclusion criteria above. GPT-4 identified adverse social determinants of health (SDOH) within 

the notes and categorized them into six domains: transportation, housing, relationships, patients 

with children, support, and employment. 

Results: Among 15,090 patients (56.7% male, 43.3% female; mean age 59.3 years; mean HbA1c 

8.91%), second-line treatments included sulfonylureas (SUs; n = 6,732), DPP4 inhibitors (n = 

2,918), GLP-1 receptor agonists (n = 2,736), and SGLT2 inhibitors (n = 2,704). Patients from 

lower socioeconomic neighborhoods were more likely to receive SUs over other medications: 
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DPP4i (OR = 0.96, [95% CI, 0.95-0.98]), GLP-1RA (OR = 0.94, [95% CI, 0.92-0.96]), SGLT2i 

(OR = 0.95, [95% CI, 0.93-0.97]). Using UCSF clinical notes for T2D patients, we identified 

adverse SDOH including housing (n=8), transportation (n=1), relationships (n=22), employment 

(n=12), support (n=1), and patients with children (n=25). 

Conclusions: Socioeconomic factors influence second-line T2D treatment choices. Addressing 

these disparities is essential to ensuring equitable access to advanced T2D therapies. 
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3.2 INTRODUCTION 

The annual prevalence of Type 2 diabetes (T2D) remains elevated, affecting approximately 11.3% 

of the U.S. population and 9.3% of individuals globally, including minority groups1,2. Present 

clinical treatment guidelines target achievement of glycated hemoglobin A1c (HbA1c) levels 

below 7% for most adults3,4,5. Metformin (MF) remains the first-line of therapy, however, newer 

second-line treatments are often needed when metformin alone fails to achieve glycemic      

control6-9. Factors, particularly social determinants of health (SDOH), which are the conditions in 

the environments where people are born, live, learn, play, worship, and age are known to impact a 

range of health, functioning, and quality of life outcomes9,10. Specific SDOH10 such as 

neighborhood disadvantage and socioeconomic status, along with other adverse factors, have been 

previously studied and shown to significantly impact diabetes management11-14, medication 

adherence15, and behaviors such as physical activity and dietary patterns16-23. Real-World 

characterization studies show wide-spread heterogeneity in the choice of second-line        

treatments24-26. However, the knowledge about the possible influence of patient-level SDOH on 

the allocation of second-line treatments among patients with T2D remains limited. 

We sought to systematically analyze the association between SDOH, specifically socioeconomic 

status (SES) as estimated by mapping of home location to the Area Deprivation Index (ADI)27 and 

the allocation of second-line treatments among patients with T2D after MF monotherapy. The 

study leveraged clinical data from electronic health records (EHRs) of over 9 million patients 

across five academic medical centers within the University of California Health (UC Health) 

system. 
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3.3 METHODS 

Data 

Data for this study was extracted from the University of California (UC) Health System, which 

includes 20 health professional schools (6 medical schools), 5 academic health centers (UC San 

Francisco, UC Los Angeles, UC Davis, UC Irvine, and UC San Diego), and 12 hospitals. It is the 

eighth largest non-profit health system in the United States by revenue and has built a secure 

central data warehouse (UCHDW) for operational improvement, promotion of quality patient care, 

and enabling the next generation of clinical research28. The repository currently holds data securely 

on over 9 million patients seen since 2012.  Every quarter, EHR data is extracted from each site 

and transformed into vendor neutral Observational Medical Outcomes Partnership (OMOP) 

common data model used widely across the United States and the world29. De-identification of the 

data has been completed to enable clinical research projects, under guidance from UC campus 

institutional review boards, privacy, and compliance. Research use of UCHDW is considered non-

human subject's research. 

Study Population  

UCHDW data was extracted from patients diagnosed with T2D and had a documented prescription 

of second-line treatment in addition to existing MF therapy. Patients with T2D were identified 

using ICD-10 diagnosis code E11.*, HbA1c lab measurements (Supplemental Materials), and 

T2D related drug prescriptions for four second-line treatment classes (GLP-1RA, SGLT2i, DPP4i, 

and SU) (Supplemental Materials), from EHRs spanning from year 2012 up to November 2023. 

To select the cohort of patients who received a second-line SU prescription, for example, we 
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excluded individuals who had a previous order of another second-line treatment prior to the 

prescription for an SU and those with documented type 1 diabetes or an atypical form of diabetes 

such as gestational diabetes. We also excluded patients who did not have an order for MF before 

receiving an SU, and those who lacked T2D diagnosis code prior to receiving the SU. We also 

required patients to have documented HbA1c measurements within (+7/-7d) of SU treatment 

initiation (index date), where the index date was the first prescription of SU (Figure-1). Finally, 

we excluded all patients whose HbA1c was < 6.5% and were under 17 years of age at the time of 

SU treatment initiation and those who did not have an ADI value reported at the index date. Similar 

exclusion and inclusion criteria were applied to select individuals with other second-line T2D 

medications. This study followed the Strengthening the Reporting of Observational Studies in 

Epidemiology (STROBE) reporting guidelines to ensure the quality of our observational study30. 

Area Deprivation Index (ADI) 

We utilized the ADI as a metric to estimate patient-level SDOH27. ADI serves as a valuable 

resource for identifying and assessing healthcare needs for clinical treatments among patients by 

providing a general estimate of SDOH based on home location census tract characteristics. This 

index integrates SDOH data from 17 different census tract variables sourced from the U.S. Census, 

with factors related to poverty, housing, employment, and education. ADI as a metric has been 

used in previous observational studies31-35 to understand its SDOH role on health outcomes in other 

disease states. For this study, census tract-based SDOH data was calculated to create the ADI, 

which ranks areas by percentiles, distinguishing the most deprived areas with higher percentile 

scores from the least deprived areas with lower percentile scores27,36,37.  
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Study Variables 

To describe patient baseline characteristics, we used ADI, HbA1c, Age (in years), patient reported 

Gender (Male, Female), presence of primary insurance coverage, patient-reported Race, and 

Ethnicity. T2D severity was inferred as the average of HbA1c measurements taken within the (+7/-

7d) window relative to the index date. Age (in years) was calculated relative to the index date from 

date of birth. Patients with primary insurance healthcare coverage were utilized as Medicare, 

Medicaid, or private insurance types. Patient reported race was categorized as White, Asian, Black 

or African American category, Native Hawaiian or Pacific Islander, American Indian or Alaska 

Native category, Multi-Race, Other Race, or Unknown. Patient reported ethnicity was categorized 

as Hispanic or Latino, Not Hispanic or Latino or Unknown. 

Statistical Analysis 

Descriptive statistics were calculated first for each covariate and then for the overall patient 

population. Multinomial regression was used to estimate the association of ADI with second-line 

treatment allocation, adjusting for other covariates considered in this study38,39. For the 

multinomial regression, the four second-line treatment classes (GLP-1RA, SGLT2i, DPP4i, and 

SU) were considered as outcomes, with SU serving as the reference class. We adjusted for HbA1c, 

age (in years), gender (Male, Female), primary insurance coverage, race, and ethnicity by using a 

multinomial regression model 40,41. Association and its strength was reported as odds ratio with 

95% confidence Intervals (CI) including p-values indicating the statistical significance of how 

likely a patient was to receive a second-line treatment compared with SU when adjusted for study 

covariates. An Odds Ratio (OR) was considered significant if it’s 95% CI did not span 1, and p-

value < 0.05. An OR = 1 indicates no difference between SU and other second-line treatments, OR 
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> 1 indicates an increased likelihood of allocating other second-line treatments compared with SU, 

and OR < 1 indicates decreased likelihood of allocating other second-line treatments compared 

with SU. All calculations were performed using R statistical software version 3.6.3 (R Project for 

Statistical Computing). 

SDOH Identification through Large Language Models 

To identify individual-level SDOH factors, we extracted T2D patients from the UCSF Deidentified 

clinical database using the inclusion and exclusion criteria outlined in the study population section 

of the methods. We excluded patients who did not have clinical notes associated with their 

diagnoses. We further refined the dataset by isolating sections of the clinical notes related to Social 

History and SDOH, excluding patients whose clinical notes did not contain relevant information. 

This resulted in a final cohort of 105 patients with 270 clinical notes (Supplemental Materials). 

To identify individual-level SDOH factors, we utilized the GPT-4 inference model with a zero-

shot learning approach. GPT-4 was prompted to analyze the Social History and SDOH sections of 

the clinical notes written by physicians. The model's accuracy was first tested and validated using 

an annotated synthetic dataset and further evaluated with an annotated MIMIC-III dataset curated 

by Guevara et al42. Outputs from these sample datasets were compared against the ground truth to 

check for accuracy in identifying SDOH factors (Supplemental Materials). GPT-4 was then 

prompted with the task to identify SDOH factors within UCSF clinical notes, categorized into the 

following domains as outlined in the annotation guidelines by Guevara et al.: Transportation 

(Distance, Resource, Other), Housing (Poor, Undomiciled, Other), Relationship (Married, 

Partnered, Divorced, Widowed, Single), Parent, Support (Minus, Plus), Employment (Employed, 

Underemployed, Unemployed, Disability, Retired, Student)42. Adverse SDOH factors were 
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consolidated into broader categories: Adverse Transportation, Adverse Housing, Adverse 

Relationship, Patients with Children, Adverse Support, and Adverse Employment. The identified 

SDOH factors were visualized and plotted. 

3.4 RESULTS 

Our study included 15,090 patients (mean age 59.3 years, SD 13.4 years). Table 1 presents a 

summary of treatment allocation and demographic information. Of these patients, 6,732 were 

prescribed SU, 2,704 were prescribed DPP4i, 2,918 were prescribed GLP-1RA, and 2,736 were 

prescribed SGLT2i after final inclusion and exclusion criteria. 56.7% of the patients identified as 

male, 43.3% female, and 46.6% identified as White. Primary Insurance coverage was distributed 

among patients as private (43.1%), Medicaid (30.1%), Medicare (25.0%), and veterans affairs 

(1.8%). The mean [SD] HbA1c values, reflecting T2D disease severity across second-line 

treatments, were: DPP4i (8.59% [1.85]), GLP-1RA (8.83% [2.06]), SGLT2i (8.62% [1.88]), and 

SU (9.19% [2.02]). Overall, the ADI for each second-line treatment allocation was skewed toward 

the least economically disadvantaged neighborhoods (ADI < 5), totaling 52.4% of patients in the 

study cohort. Older patients (OR = 1.02 [95% CI, 1.01-1.02]), as well those self-identifying as 

Asian (OR = 1.19, [95% CI, 1.05-1.35]), American Indian or Alaskan Native (OR = 1.33, [95% 

CI, 0.74-2.41]) were more likely to be prescribed a DPP4i as compared to individuals who identify 

as White adjusting for ADI (Table 2). Females (OR = 1.44, [95% CI, 1.31-1.58]) were more likely 

to be prescribed GLP-1RA compared to Males. Patients who identified as Unknown Race (OR = 

1.81, [95% CI, 1.49-2.20]) were more likely to be prescribed SGLT2i when compared to Whites. 

While patients identifying as “Other” race (OR = 1.21, [95% CI, 1.06-1.38]) were more likely to 

be prescribed DPP4i when compared to White patients. Hispanic patients were less likely to be 
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prescribed DPP4i (OR = 0.73, [95% CI, 0.64-0.83]), GLP-1RA (OR = 0.78, [95% CI, 0.69-0.88]), 

and SGLT2i (OR = 0.90, [95% CI, 0.79-1.02]) when compared to non-Hispanic patients.  

Our results also highlighted that HbA1c was a significant determinant of second-line treatment 

allocation, specifically preferring an order of SU after metformin initiation, aligning with known 

treatment guidelines6. With every unit increase in HbA1c percentage indicative of increased 

disease severity, patients were more likely to be prescribed an SU versus any of the other three 

second-line treatments DPP4i (OR = 0.90, [95% CI, 0.88-0.92]), GLP-1RA (OR = 0.90, [95% CI, 

0.87-0.92]), SGLT2i (OR = 0.88, [95% CI, 0.85-0.90]). Additionally, our results highlighted that 

primary insurance coverage was significant in determining second-line treatment allocation. 

Patients with Medicaid as their primary insurance coverage were less likely to receive to GLP-

1RA when compared to patients with private (OR = 2.39, [95% CI, 2.12-2.69]), Medicare (OR = 

1.30, [95% CI, 1.12-1.51]), or Veterans Affairs insurance (OR = 2.26, [95% CI, 1.60-3.21]). 

Interestingly, we found ADI to be a significant independent variable underlying allocation of four 

second-line treatments. As ADI increased from a relatively low value reflecting a least economic 

disadvantage to progressively higher values reflecting low socioeconomic neighborhoods, patients 

were more likely to be prescribed an SU versus the other three second-line treatments DPP4i (OR 

= 0.96, [95% CI, 0.95-0.98]), GLP-1RA (OR = 0.94, [95% CI, 0.92-0.96]), SGLT2i (OR = 0.95, 

[95% CI, 0.93-0.97]). As illustrated with randomly selected patients that followed the similar 

inclusion and exclusion criteria in our study but were not part of the model building (Figure-2), a 

Hispanic female patient aged 46 years with an HbA1c of 11.8% and Private insurance as their 

primary insurance living in a least disadvantaged neighborhood (ADI 1) is most likely to be 

prescribed a GLP-1RA as a second-line medication in addition to MF (38.5% likelihood). Whereas 
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a non-Hispanic White male patient aged 49 years with an HbA1c of 11.9% and Medicaid as their 

primary insurance who lives in an economically disadvantaged neighborhood (ADI 10) is most 

likely to be prescribed SU as a second-line treatment (67.2% likelihood). In another example, a 

Hispanic female patient aged 53 years with a 9.2% HbA1c and Medicaid insurance living in ADI 

10 is most likely to be prescribed SU as a second-line treatment (61.0% likelihood). 

Our results from prompt engineering using GPT-4 LLMs showed the identification of individual-

level SDOH factors for 105 patients whose clinical notes contained social history. Among UCSF 

patients with clinical notes, 54 were prescribed SU, 21 were prescribed DPP4i, 15 were prescribed 

GLP-1RA, and 15 were prescribed SGLT2i. We identified the following present SDOH factors 

among these patients: adverse housing (n=8), adverse transportation (n=1), adverse relationships 

(n=22), adverse employment (n=12), adverse support (n=1), and patients with children (n=25) 

(Figure-3). 

3.5 DISCUSSION 

In this retrospective cohort study, we evaluated the association of social determinants of health 

such as ADI on the allocation of second-line treatments among patients with T2D. We found that 

as socioeconomic disadvantage metrics ranged from relatively affluent to progressively 

socioeconomically disadvantaged neighborhoods, patients were more likely to receive an SU, a 

less clinically effective, but more cost-effective treatment3,6,8. Conversely, patients who lived in 

relatively least socioeconomic disadvantaged neighborhoods were more likely to receive newer, 

more expensive, and potentially more effective second-line treatments such as SGLT2i, DPP4i, 

and GLP-1RA. We also found that patients with Medicaid as their primary insurance, often 

associated with low-cost healthcare coverage, were less likely to receive these advanced second-
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line therapies. This disparity underlying treatment allocation is important, given that SGLT2i and 

GLP-1RAs have clearly shown benefits in limiting development of serious comorbid conditions 

including CKD, cardiovascular events, heart failure, and obesity3,6. Our findings thus highlight a 

gap in the fair allocation of effective second-line treatments among patients with T2D.  

Beyond underlying socioeconomic disparities in second-line treatment allocation, we also found a 

reliance favoring SU when the urgency for glucose lowering was highest. Indeed, in each 

comparative analysis of specific agents as second-line treatments for T2D, we found that the worse 

a patient’s glycemic control, as measured by HbA1c, the more likely that patient was to receive an 

SU. This reliance is in line with the traditional prescribing patterns and older ADA guidelines that 

emphasize SU treatment as the first adjunct to MF for T2D. It also highlights the notion that older 

more established medication classes might be favored when A1c lowering is the top priority, 

regardless of SES. This fits with classic literature and ongoing supportive data indicating that 

optimal HbA1c lowering remains the most important factor in limiting the development of T2D-

associated complications6. This finding is important because it highlights that patients with a high 

ADI are more likely to have a more severe A1c at second-line treatment initiation and are more 

likely to receive SU.  

Our analysis also revealed disparities in second-line treatment allocation based on patient gender 

and age. First, we found that males were more likely to receive a DPP4i, or a GLP-1RA over SU 

compared to females, potentially consistent with the fact that adult males have higher T2D rates 

than females43. Advancing age was associated with a higher likelihood of receiving an SU over 

other second-line treatment choices. This finding may reflect a preference for SU among aged 
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patients to minimize risk of hypoglycemia, cognitive impairment, and autonomic symptoms during 

management of diabetes6. 

Our study showed that patients prescribed SU as a second-line treatment had a higher prevalence 

of documented adverse SDOH factors compared to those prescribed GLP-1RA, SGLT2i, and 

DPP4i. More specifically, these patients faced challenges such as adverse housing, relationships, 

transportation issues, with many also having caregiving responsibilities for children. This suggests 

they may have been prescribed a cost-effective treatment rather than a newer second-line option 

due to non-medical factors. Interestingly, patients prescribed SGLT2i had a higher prevalence of 

documented adverse employment factors than those prescribed other treatments, indicating that 

some patients facing employment challenges are still being treated with newer drugs. However, 

the relatively low number of individual-level SDOH factors captured in our data provides only a 

partial view of the adverse contributors influencing a patient’s second-line treatment prescription. 

There are several limitations in the study. The health disparities associated with SES in the 

UCHDW, as highlighted in our study, were estimated using the ADI at the neighborhood level, 

which only provides an approximate measure of a patient's SES. Additionally, the inability to 

capture a significant amount of individual-level SES data and other SDOH parameters due to the 

absence of such data elements, limited a comprehensive evaluation of the patient population. We 

acknowledge that our understanding of SES at the individual level remains incomplete and could 

potentially be improved in future studies. The sample size of our data was also constrained, 

primarily due to the stringent cohort selection criteria employed in this study. Furthermore, our 

study does not account for the approval dates of newer drugs such as SGLT2i, DPP4i, and GLP-

1RA which were introduced later during the study period. Lastly, the distribution of patients in 
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this study was slightly skewed towards least economically disadvantaged neighborhoods due to 

the high number of patients living in higher socioeconomic areas that are treated within the UC-

Health System.  

Our findings serve as a preliminary step toward a deeper exploration of how individual SES and 

SDOH can contribute to health disparities when data is collected in large quantities. We believe 

that differences in disease severity at second-line treatment allocation may stem from factors such 

as limited access to healthcare, financial constraints, low health literacy, and geographic location 

of a patient. Moreover, our findings suggest that disparities in treatment allocation may be 

influenced by treatment cost and unequal access to healthcare providers who prescribe newer, 

more effective medications (e.g., GLP-1RA). To further understand the disparities highlighted in 

our study, a comprehensive examination of high-quality individual-level SDOH factors is needed 

to effectively address the underlying issues pertaining to treatment selection and disease severity 

disparities.  

In conclusion, our analysis highlights the association of SDOH with treatment choices, 

significantly impacting disease state and health outcomes. Our study shows growing associations 

of SDOH on clinical treatments, with and without adjusting for other covariates. Furthermore, our 

study shows that SDOH can be utilized to understand differences in care among patients from 

distinct population groups based on socioeconomic status. The recognition of SDOH disparities 

within the UC-Health system for T2D extends to healthcare systems across the United States. 

Understanding the role of SDOH, alongside considerations of disease severity, age, and gender, is 

crucial in addressing disparities in care among diverse population groups. A comprehensive 

understanding of treatment disparities will lead to the fair allocation of medical resources to 
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population groups in which disparities exist. Most importantly utilizing SDOH to understand 

differences in care for multiple disease could drive institutions to improve their delivery of care to 

disparate population groups. Therefore, we must encourage the generation of high-quality SDOH 

data at both the neighborhood and individual level to increase the viability of clinical-related 

questions across disease states. 
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3.8 TABLES AND FIGURES 

Table 3-1: Baseline Characteristics of Type 2 Diabetes patients with Second-Line Treatments 

Baseline Characteristics of type 2 diabetes patients with second-line treatment initiation between 
January 2012 - November 2023. *Percentages within each ADI variable group add to 100% in 
each column. 
 
Variable No. (%) of patients  

DPP4i 

(N=2918) 

GLP-1RA 

(N=2736) 

SGLT2i 

(N=2704) 

Sulfonylurea 

(N=6732) 

Total 

(N=15090) 

P-Value 

Age 

Mean (SD) 62.7 (13.4) 55.5 (13.7) 60.3 (13.4) 59.0 (12.9) 59.3 (13.4) < 0.001 

HbA1c 

Mean (SD) 8.59 (1.85) 8.83 (2.06) 8.62 (1.88) 9.19 (2.02) 8.91 (1.99) < 0.001 

Gender 

Female 1306 (44.8%) 1363 (49.8%) 996 (36.8%) 2870 (42.6%) 6535 (43.3%) < 0.001 

Male 1612 (55.2%) 1373 (50.2%) 1708 (63.2%) 3862 (57.4%) 8555 (56.7%) 

Race 

American Indian or 

Alaska Native 

17 (0.6%) 22 (0.8%) 10 (0.4%) 34 (0.5%) 83 (0.6%) < 0.001 

Asian 550 (18.8%) 315 (11.5%) 498 (18.4%) 916 (13.6%) 2279 (15.1%) 
 

Black or African 

American 

174 (6.0%) 238 (8.7%) 195 (7.2%) 539 (8.0%) 1146 (7.6%) 
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Variable No. (%) of patients 

DPP4i 

(N=2918) 

GLP-1RA 

(N=2736) 

SGLT2i 

(N=2704) 

Sulfonylurea 

(N=6732) 

Total 

(N=15090) 

P-Value 

Native Hawaiian or 

Other Pacific 

Islander 

29 (1.0%) 20 (0.7%) 29 (1.1%) 81 (1.2%) 159 (1.1%) < 0.001 

Other Race 560 (19.2%) 502 (18.3%) 480 (17.8%) 1535 (22.8%) 3077 (20.4%) 

Unknown 247 (8.5%) 332 (12.1%) 300 (11.1%) 430 (6.4%) 1309 (8.7%) 

White 1341 (46.0%) 1307 (47.8%) 1192 (44.1%) 3197 (47.5%) 7037 (46.6%) 

Ethnicity 

Hispanic or Latino 708 (24.3%) 794 (29.0%) 742 (27.4%) 2389 (35.5%) 4633 (30.7%) < 0.001 

Not Hispanic or 

Latino 

1977 (67.8%) 1697 (62.0%) 1740 (64.3%) 3946 (58.6%) 9360 (62.0%) 

Unknown 233 (8.0%) 245 (9.0%) 222 (8.2%) 397 (5.9%) 1097 (7.3%) 

Area Deprivation Index (ADI) 

1 368 (12.6%) 308 (11.3%) 337 (12.5%) 519 (7.7%) 1532 (10.2%) < 0.001 

2 293 (10.0%) 262 (9.6%) 266 (9.8%) 551 (8.2%) 1372 (9.1%) 

3 323 (11.1%) 302 (11.0%) 298 (11.0%) 529 (7.9%) 1452 (9.6%) 

4 353 (12.1%) 360 (13.2%) 315 (11.6%) 771 (11.5%) 1799 (11.9%) 

5 317 (10.9%) 328 (12.0%) 336 (12.4%) 773 (11.5%) 1754 (11.6%) 

6 293 (10.0%) 336 (12.3%) 326 (12.1%) 947 (14.1%) 1902 (12.6%) 

7 295 (10.1%) 283 (10.3%) 250 (9.2%) 772 (11.5%) 1600 (10.6%) 
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Variable No. (%) of patients 

DPP4i 

(N=2918) 

GLP-1RA 

(N=2736) 

SGLT2i 

(N=2704) 

Sulfonylurea 

(N=6732) 

Total 

(N=15090) 

P-Value 

8 236 (8.1%) 245 (9.0%) 213 (7.9%) 676 (10.0%) 1370 (9.1%) < 0.001 

9 231 (7.9%) 176 (6.4%) 208 (7.7%) 659 (9.8%) 1274 (8.4%) 

10 209 (7.2%) 136 (5.0%) 155 (5.7%) 535 (7.9%) 1035 (6.9%) 

Primary Insurance 

Medicaid 700 (24.0%) 607 (22.2%) 720 (26.6%) 2515 (37.4%) 4542 (30.1%) < 0.001 

Medicare 880 (30.2%) 495 (18.1%) 634 (23.4%) 1762 (26.2%) 3771 (25.0%) 

Private 1273 (43.6%) 1580 (57.7%) 1301 (48.1%) 2349 (34.9%) 6503 (43.1%) 

Veterans Affairs 65 (2.2%) 54 (2.0%) 49 (1.8%) 106 (1.6%) 274 (1.8%) 
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Table 3-2: Results of Multinomial Regression Model 
Odds Ratio table of patients receiving second-line treatment across patient characteristics with SU 
as the reference. An OR = 1 indicates no difference between SU and other drugs, OR > 1 indicates 
increased likelihood of other treatments being used as a second line therapeutic compared with SU 
and OR < 1 indicates decreased likelihood of other treatments compared with SU. 
 

Variable  DPP4i GLP-1RA SGLT2i 

OR (95% CI) P value OR (95% CI) P value OR (95% CI) P value 

Area Deprivation 

Index (ADI) 

0.96 (0.95-0.98) < 0.001 0.94 (0.92-0.96) < 0.001 0.95 (0.93-0.97) < 0.001 

HbA1c 0.90 (0.88-0.92) < 0.001 0.90 (0.87-0.92) < 0.001 0.88 (0.85-0.90) < 0.001 

Age 1.02 (1.01-1.02) < 0.001 0.98 (0.97-0.98) < 0.001 1.01 (1.00-1.01) 0.001 

Gender 

Female 1.10 (1.00-1.20) 0.043 1.44 (1.31-1.58) < 0.001 0.79 (0.72-0.86) < 0.001 

Race 

American Indian or 

Alaska Native 

1.33 (0.74-2.41) 0.345 1.52 (0.87-2.64) 0.138 0.85 (0.42-1.74) 0.662 

Asian 1.19 (1.05-1.35) 0.008 0.62 (0.53-0.72) < 0.001 1.25 (1.09-1.43) 0.001 

Black or African 

American 

0.81 (0.67-0.98) 0.031 1.03 (0.86-1.22) 0.759 1.06 (0.88-1.27) 0.533 

Native Hawaiian or 

Other Pacific  

Islander 

0.86 (0.56-1.33) 0.507 0.53 (0.32-0.87) 0.012 1.01 (0.65-1.56) 0.969 

Other Race 1.21 (1.06-1.38) 0.004 1.04 (0.91-1.19) 0.552 1.04 (0.90-1.19) 0.604 

Unknown 1.35 (1.10-1.65) 0.004 1.54 (1.27-1.86) < 0.001 1.81 (1.49-2.20) < 0.001 

Ethnicity 

Hispanic or Latino 0.73 (0.64-0.83) < 0.001 0.78 (0.69-0.88) < 0.001 0.90 (0.79-1.02) 0.104 

Unknown 1.02 (0.83-1.25) 0.859 0.92 (0.75-1.14) 0.459 0.90 (0.73-1.12) 0.346 
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Variable  DPP4i GLP-1RA SGLT2i 

OR (95% CI) P value OR (95% CI) P value OR (95% CI) P value 

Primary Insurance 

Medicare 1.19 (1.05-1.36) 0.007 1.30 (1.12-1.51) < 0.001 0.93 (0.81-1.07) 0.297 

Private Health 

Insurance 

1.67 (1.49-1.87) < 0.001 2.39 (2.13-2.69) < 0.001 1.56 (1.40-1.75) < 0.001 

Veterans Affairs 1.62 (1.17-2.24) 0.004 2.26 (1.60-3.21) < 0.001 1.29 (0.91-1.84) 0.158 
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Figure 3-1: Second-Line Treatment Cohort Design 
Flow chart illustrating cohort selection for patients being started on second-line sulfonylurea (SU) 
across five academic health systems in University of California Health.  A similar cohort selection 
process was repeated for each of the other 3 categories of second-line treatments. 
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Figure 3-2: Second-line treatment options for Type 2 diabetes patients 
Patients randomly selected from our cohort with varying characteristics (age, race, ethnicity, 
HbA1c, and insurance) are shown here. When each of these patients lives in an economically 
advantaged neighborhood (ADI 1, on the left) the model determines that they are most likely to 
receive a GLP-1RA as a second line treatment (percent indicates the model likelihood). When 
those same patients live in an economically disadvantaged neighborhood (ADI 10, on the right), 
they are most likely to receive a sulfonylurea. 
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Figure 3-3: GPT-4 extraction and identification of Individual-Level SDOH Factors 
GPT-4 was provided with 522 clinical notes with Social History and SDOH sections and was 
prompted to extract and identify individual-level SDOH factors from patients with a second-line 
T2D treatment. Identified Individual-Level SDOH Factors for UCSF patients with 3a. Adverse 
Housing 3b. Transportation, 3c. Relationship, 3d. patients with children, 3e. Employment, and 3f. 
Support stratified by their Drug Class.  
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3.9 SUPPLEMENTAL MATERIALS 

Figure 3-4: Cohort selection of Glucagon-Like Peptide 1 Receptor Agonist 

Figure 3-5: Cohort selection of SGLT2-Inhibitors 

Figure 3-6: Cohort selection of DPP4-Inhibitors 

Table 3-3: Likelihood of Second-Line Treatment Options for Randomly Selected patients 

Figure 3-7: UCSF Cohort Selection of Glucagon-Like Peptide 1 Receptor Agonist 

Figure 3-8: UCSF Cohort Selection of SGLT2-Inhibitors 

Figure 3-9: UCSF Cohort Selection of DPP4-Inhibitors 

Figure 3-10: UCSF Cohort Selection of Sulfonylureas 

Figure 3-11: GPT-4 Prompt for Synthetic SDOH Dataset 

Table 3-4: GPT-4 Accuracy Evaluation for Synthetic SDOH Dataset 

Figure 3-12: GPT-4 Prompt for MIMIC-III SDOH Dataset 

Table 3-5: GPT-4 Accuracy Evaluation for MIMIC-III Transportation Attributes Identification 

Table 3-6: GPT-4 Accuracy Evaluation for MIMIC-III Housing Attributes Identification 

Table 3-7: GPT-4 Accuracy Evaluation for MIMIC-III Relationship Attributes Identification 

Table 3-8: GPT-4 Accuracy Evaluation for MIMIC-III Parent and Support Attributes Identification 

Table 3-9: GPT-4 Accuracy Evaluation for MIMIC-III Employment Attributes Identification 

Figure 3-13: GPT-4 Prompt for UCSF Deidentified Clinical Note Dataset 
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Figure 3-4: Cohort selection Glucagon-Like Peptide 1 Receptor Agonist  
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Figure 3-5: Cohort selection of SGLT2-Inhibitors 
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Figure 3-6: Cohort selection of DPP4-Inhibitors 
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Table 3-3: Likelihood of Second-Line Treatment Options for Randomly Selected patients 
 

Patient Description Likelihood of Second-line Treatment Options  

Sulfonylurea DPP4i GLP-1RA SGLT2i 

48 year old white non hispanic female with 
HbA1c 7.0% private insurance and lives in ADI 
1 

0.25 0.17 0.41 0.16 

49 year old white non hispanic male with HbA1c 
11.9% Medicaid insurance and lives in ADI 10 

0.67 0.11 0.10 0.12 

44 year old black non hispanic female with 
HbA1c 6.9% with Medicaid insurance and lives 
in ADI 1 

0.40 0.12 0.31 0.17 

42 year old white hispanic female with HbA1c 
11.5% with Medicaid insurance and lives in ADI 
10 

0.69 0.08 0.14 0.08 

37 year old asian non hispanic male with HbA1c 
11.3% private insurance and lives in ADI 10 

0.52 0.14 0.16 0.17 

60 year old white non hispanic male with HbA1c 
7.85% medicaid insurance and lives in ADI 10 

0.55 0.17 0.10 0.18 

55 year old white non hispanic male with HbA1c 
8.3% medicaid insurance and lives in ADI 10 

0.57 0.15 0.11 0.16 

60 year old white hispanic female with HbA1c 
8.2% medicare insurance and A lives in DI 1 

0.46 0.18 0.22 0.15 

53 year old hispanic female with HbA1c 9.2% 
medicaid insurance and lives in ADI 10 

0.61 0.14 0.13 0.11 

44 year old black  female with HbA1c 8.6% 
medicaid insurance and lives in ADI 10 

0.57 0.11 0.21 0.12 

51 year old white non hispanic male with HbA1c 
10.1% private insurance and lives in ADI 1 

0.36 0.17 0.27 0.20 

55 year old white non hispanic female with 
HbA1c 7.9% private insurance and lives in ADI 
1 

0.28 0.20 0.36 0.17 

58 year old black non hispanic female with 
HbA1c 6.6% private insurance and lives in ADI 
1 

0.26 0.18 0.37 0.20 

56 year old white non hispanic female with 
HbA1c 8.1% private insurance and lives in ADI 
1 

0.29 0.20 0.35 0.17 

40 year old asian non hispanic male with HbA1c 
7.8% medicaid insurance and lives in ADI 1 

0.45 0.16 0.14 0.25 

46 year old hispanic female with HbA1c 11.8% 
private insurance and lives in ADI 1 

0.32 0.12 0.39 0.17 
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Figure 3-7: UCSF Cohort selection for Glucagon-Like Peptide 1 Receptor Agonist 
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Figure 3-8: UCSF Cohort selection for SGLT2-Inhibitors 
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Figure 3-9: UCSF Cohort selection for DPP4-Inhibitors 
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Figure 3-10: UCSF Cohort selection for Sulfonylureas 
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Figure 3-11: GPT-4 Prompt for Synthetic SDOH Dataset  
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Table 3-4: GPT-4 Accuracy Evaluation for Synthetic SDOH Dataset  
 
  

  

Housing Transportation Relationship Parent Support Employment 

  

Acc: 

 1781.0 1763.0 1729.0 1654.0 1779.0 1780.0 

Acc:  Norm 0.990 0.980 0.961 0.919 0.989 0.989 

Micro F1 0.990 0.980 0.961 0.952 0.989 0.989 

Micro Precision 0.990 0.980 0.961 0.919 0.989 0.989 

Micro Recall 0.990 0.980 0.961 0.919 0.989 0.989 
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Figure 3-12: GPT-4 Prompt for MIMIC-III SDOH Dataset  
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Figure 3-12: GPT-4 Prompt for MIMIC-III SDOH Dataset (Continued from Previous) 
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Table 3-5: GPT-4 Accuracy Evaluation for MIMIC-III Transportation Attributes 
Identification  
 
  

  

TRANSPORTATION: 

Distance 

TRANSPORTATION: 

Resource 

TRANSPORTATION: Other 

  

Acc: 

804.0 796.0 800.0 

Acc: Norm 1.000 0.990 0.995 

Micro F1 1.000 0.995 0.995 

Micro 

Precision 

1.000 0.990 0.995 

Micro 

Recall 

1.000 0.990 0.995 
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Table 3-6: GPT-4 Accuracy Evaluation for MIMIC-III Housing Attributes Identification 
 
  

  

HOUSING: Poor HOUSING: Undomiciled HOUSING: Other 

  

Acc: 

804.0 803.0 800.0 

Acc: Norm 1.000 0.999 0.995 

Micro F1 1.000 0.999 0.998 

Micro Precision 1.000 0.999 0.995 

Micro Recall 1.000 0.999 0.995 
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Table 3-7: GPT-4 Accuracy Evaluation for MIMIC-III Relationship Attributes 
Identification 
 
  

  

RELATIONSHIP

: Married 

RELATIONSHIP

: Partnered 

RELATIONSHIP

: Divorced 

RELATIONSHIP

: Widowed 

RELATIONSHIP

: Single 

  

Acc: 

771.0 795.0 800.0 804.0 804.0 

Acc:  

Norm 

0.959 0.989 0.995 1.000 1.000 

Micro F1 0.959 0.989 0.995 1.000 1.000 

Micro 

Precision 

0.959 0.989 0.995 1.000 1.000 

Micro 

Recall 

0.959 0.989 0.995 1.000 1.000 
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Table 3-8: GPT-4 Accuracy Evaluation for MIMIC-III Parent and Support Attributes 
Identification 
 
  

  

PARENT SUPPORT: Minus SUPPORT: Plus 

 Acc: 773.0 790.0 674.0 

Acc:  Norm 0.961 0.983 0.838 

Micro F1 0.961 0.983 0.912 

Micro Precision 0.961 0.983 0.838 

Micro Recall 0.961 0.983 0.838 

 

Table 3-9: GPT-4 Accuracy Evaluation for MIMIC-III Employment Attributes 
Identification 
 
  

  

EMPLOYMENT: 

Underemployed 

EMPLOYMENT: 

Unemployed 

EMPLOYMENT: 

Disability 

EMPLOYMENT: 

Retired 

EMPLOYMENT: 

Student 

 Acc: 802.0 803.0 797.0 788.0 794.0 

Acc:  

Norm 

0.998 0.999 0.991 0.980 0.988 

Micro F1 0.998 0.999 0.991 0.980 0.988 

Micro 

Precision 

0.998 0.999 0.991 0.980 0.988 

Micro 

Recall 

0.998 0.999 0.991 0.980 0.988 
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Figure 3-13: GPT-4 Prompt for UCSF Deidentified Clinical Note Dataset 
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Figure 3-13: GPT-4 Prompt for UCSF Deidentified Clinical Note Dataset (Continued from 
Previous) 
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Chapter 4 Investigating CAR-T 
Treatment Access for Multiple Myeloma       
Patients Using Real-World Evidence 
 

4.1 ABSTRACT 

Importance: Multiple myeloma (MM) is the second most common hematologic malignancy in the 

U.S., with Black patients being diagnosed at twice the rate of White patients. Treatment options 

are limited and ineffective, but CAR-T therapies show promise. However, their limited availability 

results in disparities in access. 

Objective: This study aimed to explore disparities in Multiple Myeloma disease risk and CAR-T 

therapy access.  

Design: Our study included a cohort of patients extracted from the University of California Health 

Data Warehouse (UCHDW) between January 2021 and November 2024. 

Setting: Data for this study was drawn from 3 academic health centers within the UCHDW. 

Participants: Our study included a population-based cohort of 12,360 patients diagnosed with 

Multiple Myeloma who received more than one cancer therapy. Data was analyzed from March 

2024 to December 2024.  

Main Outcomes and Measures: Regression models were used to compute odds ratio (OR) and 95% 

confidence intervals (CI) associating disease severity, UC-Location, and baseline demographics 

with CAR-T therapy access. The GPT-4 inference model was prompted with a zero-shot learning 
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approach to analyze UCSF clinical notes with the following objectives: (1) Was CAR-T discussed? 

[yes/no], (2) Is the patient eligible for CAR-T? [yes/no/unclear], and (3) Provide the rationale for 

the eligibility determination. 

Results: Our study included 12,360 patients (mean age 68.5 years, SD 12.8 years) treated for 

multiple myeloma across the University of California Health System, 320 of which received CAR-

T (Table-1). Overall, 51.6% of MM patients identified as Male, and 48.4% as Female. 61.2% of 

patients identified as White, with 57.5% Male and 60.9% as White among CAR-T patients. 

Disease Severity was measured by the International Staging System (ISS) and was distributed by 

ISS Stage: I (65.3%), II (24.4%), III (2.8%), and None (7.5%). We also used the number of CRAB 

features to assess disease severity, and the Mean (SD) was 1.86 (0.98), with the most common 

feature being Anemia. Patients treated at UC-1 (49.3%), and UC-2 (50.0%) were primarily 

diagnosed with Stage II, while patients at UC-3 (55.5%) were primarily diagnosed with Stage I. 

Our model indicated that Black patients (OR= 0.33, [95% CI, 0.17-0.62) were less likely to receive 

CAR-T therapy when compared to White patients. Patients treated at UC-3 with predominantly 

Black and Stage I diagnosis patients (OR = 0.42, [95% CI, 0.30-0.59]) were less likely to receive 

CAR-T therapy when compared to UC-1 with predominantly Stage II patients. We identified 

CAR-T eligibility for 270 UCSF patients and found patients who identified as other Pacific 

Islander race had the highest rate of eligibility without discussions at 50%, followed by Black or 

African American (4.2%), Asian (3.2%), and White (0.6%). 

Conclusion and Relevance: This study emphasizes the influence of race and UC-Location on 

disparities in CAR-T therapy access. 
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4.2 INTRODUCTION 

Multiple myeloma (MM) is a hematologic malignancy characterized by the clonal proliferation of 

malignant plasma cells, which can result in end-organ damage, morbidity, and mortality (with a 

five-year overall survival of 58%)1.  Black patients are diagnosed at twice the rate and, on average, 

5-10 years earlier than White patients2 and are more likely to present with anemia, hypercalcemia, 

and kidney dysfunction3,4. They are underrepresented in clinical trials investigating novel 

therapies5,6; despite recent real-world studies showing they achieve better survival rates than White 

patients when given equal access to care6-9. Hispanic or Latino patients with myeloma similarly 

have a higher incidence and younger age of diagnosis. These patients are known to have longer 

time intervals from diagnosis to therapy initiation and lower utilization of essential therapies such 

as autologous stem cell transplant (ASCT)10. 

Standard of care front-line therapy consists of triplet or quadruplet induction therapy, followed by 

ASCT consolidation and maintenance in eligible patients; transplant-ineligible patients receive 

attenuated ongoing systemic therapy. 11-16 Despite advances, multiple myeloma invariably 

relapses. A recent breakthrough in the treatment of relapsed/refractory multiple myeloma 

(RRMM) is the use of chimeric antigen receptor T-cell (CAR-T) therapy, which are engineered T-

cells designed to target B-cell maturation antigen (BCMA) on plasma cells17,18. Two FDA-

approved BCMA CAR-T therapies in MM, idecabtagene vicleucel (idecel) and ciltacabtagene 

autoleucel (ciltacel), are now approved for both early and late relapse. These therapies have 

demonstrated unprecedented outcomes, including a 98% overall response rate (ORR) and nearly 

36-month progression-free survival (PFS) with ciltacel19, and offer the appeal of a treatment-free 

interval (TFI), but they require access to a limited number of academic centers with expertise in 
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CAR-T management and related toxicities. Patients lacking access to these centers, the ability to 

relocate, or adequate social support for a caregiver may face barriers to receiving CAR-T therapy. 

While these barriers may disproportionately affect Black, and Hispanic or Latino patients, the 

extent to which they influence CAR-T therapy access remains poorly understood. 

Therefore, we hypothesize that a patient’s location and race are strongly associated with CAR-T 

therapy access for MM patients, considering both disease risk and baseline demographics. To test 

this hypothesis, our study systematically analyzed the association between access to CAR-T and 

disease risk, Social Determinants of Health (SDOH), and Race for MM patients. To do so, we 

leveraged a clinical data warehouse containing over 9 million individuals across the three main 

academic medical centers that offer CAR-T administration for cancer patients within the 

University of California (UC) Health system: UCLA, UCSD, and UCSF. 

4.3 METHODS 

Data Supporting Study: University of California Health Data Warehouse (UCHDW)  

Data for this study was drawn from the University of California Health System, which includes 20 

health professional schools (6 medical schools), 5 academic health centers (UC San Francisco, UC 

Los Angeles, UC Davis, UC Irvine, and UC San Diego), and 12 hospitals. It has built a secure 

central data warehouse (UCHDW) for operational improvement, promotion of quality patient care, 

enabling the next generation of clinical research20. The repository currently holds data securely on 

over 9 million patients seen since 2012.  EHR data is extracted from each site and transformed into 

vendor neutral Observational Medical Outcomes Partnership (OMOP) common data model21. De-

identification of the data has already been completed to enable clinical research projects, under 
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guidance from UC campus institutional review boards, privacy, and compliance. Research use of 

UCHDW is considered non-human subject’s research. 

Study Population 

UCHDW data was extracted from patients diagnosed with MM ICD-10 code (C90.0) and had 

documentation for multiple cancer therapies and procedures from EHRs spanning from the year 

2012 up to August 2024 (Supplemental Materials). To select a cohort of patients with potential 

CAR-T therapy, we used the following inclusion/exclusion criteria to create a final study cohort 

of 12,360 patients. If patients diagnosed with MM did not have primary insurance information, 

they were excluded from our study to include only patients with insurance. We also excluded 

patients who didn’t have and those who didn’t have an Area Deprivation Index (ADI) value. We 

further excluded patients without a visit on or after January 1, 2021. Because eligibility for non-

investigational CAR-T currently requires at least one previous line of therapy, patients who did 

not have more than one cancer treatment were excluded from our study. We considered all 

therapies patients received after MM diagnosis, with at least one year of treatment. Patients who 

were treated at a UC-facility after January 2021 that offered CAR-T therapies were included in 

our study. Finally, all patients under 18 years of age at the time of diagnosis were excluded from 

the cohort. This study followed the Strengthening the Reporting of Observational Studies in 

Epidemiology (STROBE) reporting guidelines to ensure the quality of our observational study22. 

Area Deprivation Index (ADI) 

To estimate patient-level SDOH, we employed ADI as a proxy for patients socioeconomic status23. 

ADI does not account for specific individual or family characteristics, but it is a general estimate 
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of SDOH based on home location census tract characteristics by integrating data from 17 different 

variables sourced from the U.S. Census, with factors related to poverty, housing, employment, and 

education. ADI as a metric has been used in previous observational studies24-28 to understand its 

SDOH role on health outcomes in other disease states, distinguishing the most deprived areas with 

higher percentile scores from the least deprived areas with lower percentile scores23,29-31. 

Study Variables  

Patients were classified as receiving CAR-T or not through data collected by UC Health as above. 

Additional variables included ADI, Age (in years), patient-reported Gender (Male, Female), 

presence of primary insurance coverage, patient-reported Race, Ethnicity, UC-Location, and 

International Staging System (ISS) Disease Stage. Number of (CRAB) features were identified for 

patients with C: Hypercalcemia, R: Renal failure, A: Anemia, or B: Bone disease, or bone pain.  

To identify cancer procedures and therapies for patients, we categorized all treatments (surgery, 

chemotherapy, radiation, ASCT, monoclonal antibodies, corticosteroids, alkylators, bispecific 

antibodies, CAR-T, immunomodulatory agents, nuclear export inhibitors, proteasome inhibitors 

to ensure that we correctly accounted for cancer therapeutic classes before CAR-T treatments. The 

International Staging System (ISS) for MM disease severity was calculated for patients by 

measuring the patient's serum albumin, and serum β2 microglobulin (Sβ2M) levels32. Patients were 

categorized as ISS Stage I, II, III, or Unknown. Age (in years) was calculated relative to the index 

date from the patients’ date of birth. Patients with primary insurance healthcare coverage were 

utilized as Medicare, Medicaid, Veterans Affairs, or private insurance types. Patient reported race 

was captured as White, Asian, Black or African American, Native Hawaiian or Pacific Islander, 

American Indian or Alaska Native, Multi Race, Other Race, or Unknown. Patients reported 
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ethnicity was utilized as Hispanic or Latino, Not Hispanic -or Latino or Unknown. UC-Location 

was identified as patients treated at UC-1, UC-2, UC-3. 

Statistical Analysis  

We conducted our data analysis from March 2024 to December 2024. Descriptive statistics were 

calculated first for each covariate and secondly, for the overall patient cohort, by using Analysis 

of Variance (ANOVA), and chi-squared tests33,34. We employed a Generalized Linear Model 

(GLM) to estimate the association of primary insurance coverage, race, and ethnicity and our 

covariates on our key outcome: CAR-T therapy access33,34. We adjusted for age (in years), gender 

(male, female), ADI, Primary Insurance coverage, UC-Location, number of CRAB features, ISS 

Disease Stage, race, and ethnicity. Association and its strength were reported as odds ratio (OR) 

with 95% confidence Intervals (CI) including p-values indicating the statistical significance of 

how likely a patient was to receive CAR-T therapy. An OR was considered significant if its 95% 

CI did not span 1, and p-value < 0.05. An OR = 1 indicates no difference between receiving CAR-

T or not, OR > 1 indicates increased likelihood of a patient receiving CAR-T, and OR < 1 indicates 

decreased likelihood of a patient receiving CAR-T. All the calculations were performed using R 

statistical software version 3.6.3 (R Project for Statistical Computing). 

CAR-T Eligibility Identification through Large Language Models 

To identify CAR-T eligibility for patients from the UCSF de-identified clinical database, we 

applied the inclusion and exclusion criteria outlined in the study population section of the methods. 

We excluded patients who did not have clinical notes associated with their diagnoses. Additionally, 

patients whose clinical notes had an index date on or before January 1, 2021, were excluded. We 
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also excluded patients with clinical notes that were not within 365 days of the index date of their 

last cancer therapy or procedure, resulting in a final cohort of 270 patients with 417 clinical notes 

(Supplemental Materials). To identify CAR-T eligibility, we utilized the GPT-4 inference model 

with a zero-shot learning approach. GPT-4 was prompted to analyze the “Assessment & Plan” 

section of the clinical notes written by physicians. The model was tasked with four objectives: (1) 

Was CAR-T discussed? [yes/no], (2) Is the patient eligible for CAR-T? [yes/no/unclear], (3) 

Provide the rationale for the eligibility determination, and (4) Classify the eligibility rationale for 

CAR-T discussions into predefined groups: ("Ineligible due to disease criteria", "Ineligible due to 

frailty or comorbidities", "Ineligible due to social determinants of health",  "Ineligible due to not 

enough prior lines of therapy", "Eligible now or potentially eligible in future", "Not enough 

information to determine eligibility", and "Other"). The model’s accuracy was tested and validated 

on a subsample of clinical notes by comparing its outputs against the ground truth to assess its 

performance in identifying CAR-T eligibility. GPT-4 model outputs were analyzed and checked 

for accuracy by clinicians. The identified CAR-T eligibility outputs were then visualized and 

presented in a tabular format. 

4.4 RESULTS 

Our study included 12,360 patients (mean age 68.5 years, SD 12.8 years) treated for multiple 

myeloma across the University of California, 320 of which received CAR-T (Table-1). Of these 

patients, 51.6% of MM patients identified as Male, and 48.4% as Female. 61.2% of patients 

identified as White, while 7.8% identified as Black or African American and 14.9% as Hispanic 

or Latino. Among patients receiving CAR-T, 57.5% were Male and 60.9% identified as White. 

Patients treated at each UC-Location were primarily White, but UC-3 had a higher distribution of 
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patients who identified as Black, and Unknown, while UC-1 had a higher distribution of patients 

who identified as Unknown Race, and Hispanic or Latino.  

Primary insurance coverage was distributed as Medicaid (13.5%), Medicare (39.5%), Private 

(44.9%), and Veterans Affairs Insurance (2.1%). Disease Severity was measured by the 

International Staging System (ISS), with patients distributed by ISS Stage: I (65.3%), II (24.4%), 

III (2.8%), and None (7.5%). Patients treated at each UC-Location were primarily diagnosed with 

Stage I but patients at UC-1 (21.4%), and UC-2 (39.2%) had a higher distribution of patients 

diagnosed with Stage II. We used the number of CRAB features per patient to assess disease 

severity, the Mean (SD) was 1.86 (0.98), with the most common feature being Anemia 

(Supplemental Materials). 

Using a univariate analysis, we found race to be a significant determinant of CAR-T treatment 

access (Methods, p < 0.001, χ2 test) (Table-1). ISS Stage was significantly different across Race 

and was a significant determinant of CAR-T treatment access (Methods, p < 0.001, χ2 test). We 

found patient's Socioeconomic status and location to be a significant determinant of CAR-T access 

(Methods, p = 0.007, ANOVA). Additionally, we modeled the relationship between UC-Location, 

Race, and CAR-T access and found patients' UC-Location to be a strong determinant (Methods, p 

< 0.001, χ2 test).  Furthermore, we ran a regression analysis modeling the relationship between 

receiving CAR-T treatment that adjusted for ISS Stage, UC-Location, race, ethnicity, number of 

CRAB features, ADI, and primary insurance coverage. The results were highly significant in 

showing that these variables played a role in CAR-T treatment access for patients (Table-2). 

Our regression model showed that as patients aged, they were less likely (OR = 0.97, [95% CI, 

0.96-0.98]) to receive CART treatments when compared to younger patients. Patients who 
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identified as Hispanic or Latino (OR = 1.26, [95% CI, 0.87-1.81]) were more likely to receive 

CAR-T treatment than patients who identified as Not Hispanic or Latino. Most strikingly, patients 

who identified as Black or African American (OR= 0.33, [95% CI, 0.17-0.62) were highly unlikely 

to receive CAR-T during MM treatments when compared to White patients. Patients with Private 

primary insurance coverage were more likely to receive CAR-T over patients with Medicaid (OR 

= 0.71, [95% CI, 0.50-1.01]), Medicare (OR = 0.96, [95% CI, 0.73-1.25]), and Veteran Affairs 

(OR = 0.61, [95% CI, 0.25-1.53]) insurance. 

Results of our model indicated that disease severity was a strong predictor of CAR-T treatment 

access for patients. Patients who presented with more CRAB features (OR = 1.43, [95% CI, 1.27-

1.62]) were more likely to receive a CAR-T treatment. Patients who were diagnosed with ISS 

Stage II (OR = 1.15, [95% CI, 0.89-1.48]) were more likely to receive a CAR-T treatment than 

patients with ISS Stage I MM (Figure-1). 

Our results highlighted that UC-Location was a significant determinant of CAR-T treatment 

administration. Most CAR-T administration for MM patients was done at UC-2 (43.1%). Our 

model showed that patients treated at UC-3 (OR = 0.42, [95% CI, 0.30-0.59]) were less likely to 

receive CAR-T therapy when compared to UC-1. We further investigated individual relationships 

between UC-Location, ISS Stage, and race, by performing additional regression analysis to 

understand these differences and found significance for race at UC-Locations (p < 0.001), ISS 

Stage at UC-locations (p < 0.001), and number of CRAB features at UC-Locations (p < 0.001). 

Interestingly, our results show that CAR-T treatment access is disparate among different 

population groups based on Race, disease severity, and UC-Location (Figure-2a-2c.). The 

distribution of patients within each UC-Location further explained why Black or African American 
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patients, and patients with ISS Stage I were less likely to receive CAR-T (Supplemental 

Materials). The distribution showed that locations with fewer CAR-T treatments had the highest 

amount of Black and Hispanic or Latino patients and patients with ISS stage I. This suggests that 

disparities in access to CAR-T may be driven by access to locations more likely to offer therapy, 

rather than individual clinical decision-making. 

We further investigated CAR-T therapy access by utilizing a Large Language Model (GPT-4o) 

deployed within a HIPAA-compliant environment to identify CAR-T eligibility for 270 UCSF 

patients whose clinical notes contained Assessment & Plan sections. Among these patients, we 

identified individuals who were considered eligible for CAR-T therapy based on eligibility 

guidelines but never had a documented discussion about it. We identified CAR-T eligibility for 

270 UCSF patients and found patients who identified as other Pacific Islander race had the highest 

rate of eligibility without discussions at 50%, followed by Black or African American (4.2%), 

Asian (3.2%), and White (0.6%). These patient populations, despite being eligible for CAR-T 

therapy, are missing out on potentially life-saving treatments. This finding highlights a critical gap 

where eligible patients are not being offered or engaged in discussions about CAR-T therapy 

(Figure-2). For patients who had CAR-T discussions with their provider, we further investigated 

the topic for patients’ eligibility decisions. Amongst patients with CAR-T discussions we found 

the LLM classified 33.3% of them to be Eligible now or potentially eligible in the future and 23.3% 

who were found to be ineligible (Figure-3).   

4.5 DISCUSSION 

In this retrospective cohort study, we evaluated disease severity, UC-Location, primary insurance 

coverage, and ADI as independent determinants of CAR-T therapy access for patients diagnosed 
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with MM within the UC-Health system. Notably, we found that therapy access differed by UC-

Locations that offered CAR-T administration. Patients at UC-1, and UC-2 which had a higher 

percentage of White, and Not Hispanic or Latino patients had higher rates of CAR-T therapy 

administration than patients treated at UC-3. UC-3 has been known to treat patients for both 

primary and specialty care. Whereas UC-1 and UC-2 are known for specialty care which may be 

attributed to higher numbers of CAR-T administration. Differences in access by treatment location 

could also be attributed to the patient's disease severity. 

Our model also revealed disparities in CAR-T access based on patients' race, ethnicity, and age. 

First, we found that as patients aged, they were less likely to receive CAR-T. This is aligned with 

clinical practice, as older patients with RRMM may be preferentially administered bispecific 

antibodies rather than CAR-T given concerns about risks of high-grade cytokine release syndrome 

(CRS), immune-effector cell-associated neurotoxicity (ICANS), and delayed neurotoxicity such 

as Parkinsonism35,36. Additionally, we found that patients who identified as Black or African 

American were unlikely to receive CAR-T therapy compared to White patients. This is significant 

in showing disparities in CAR-T access, given that Black patients are two times more likely to be 

diagnosed with MM and have worse survival rates than White patients14. We suspect that this may 

be due to the lack of diversity of patients at UC-1, and UC-2 who have the highest rates of CAR-

T administration. This discrepancy may also be related to lower rates of enrollment in CAR-T 

clinical trials.  

Beyond UC-Location and race, we discovered that disease severity played a major role in CAR-T 

therapy access for patients. Patients who were diagnosed with Stage I, or Stage II diagnosis, were 

more likely to receive CAR-T therapy than patients with Stage III or ISS Stage None diagnosis. 
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We also found that patients treated at UC-1, and UC-2 had more patients diagnosed with Stage I 

or Stage II in our dataset. This finding contributes to why UC-1, and UC-2 had more patients with 

CAR-T therapies than patients at UC-3. 

With our understanding of UC-3, primarily treating minorities and patients with lower 

socioeconomic status, we found it interesting that ADI was not a significant predictor in 

determining CAR-T access. Considering that socioeconomic status is typically associated with 

clinical trial access and access to newer treatments in clinical disease, we expected ADI to be 

significant38,39. However, we found it refreshing that Hispanic or Latino patients were more likely 

to receive CAR-T therapies than White patients. This is a step in the right direction for therapy 

access when current knowledge shows that Hispanic or Latino patients are less likely to be enrolled 

in clinical trials and have a higher proportion of patients who live in zip codes with low 

socioeconomic status and education levels40. 

Our study revealed that some patients considered eligible for CAR-T therapy did not have a 

documented discussion about the treatment based on our LLM outputs. Specifically, we found that 

patients who identified as Other Pacific Islander, Black or African American, and Asian had higher 

rates of eligibility without a corresponding discussion within the UCSF medical system. These 

findings suggest that certain patients, particularly those from minority and underserved 

populations, may be missing out on critical, life-saving CAR-T treatments. However, the relatively 

small sample size in our analysis represents only the tip of the iceberg, providing a limited view 

of patients with Multiple Myeloma and highlighting the need for further investigation across other 

clinical conditions with defined treatment eligibility guidelines. 
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There are several limitations in our study. ISS staging was unavailable for some patients due to 

missing beta-2 microglobulin. Therefore, the statistical power of our data was constrained due to 

missing data on patients' ISS stage. Due to the inability to extract cytogenetic data, we could not 

use the updated Revised International Staging System (RISS) staging. Additionally, we could only 

estimate socioeconomic status at the neighborhood level using ADI, which may have led to ADI 

not being a significant predictor of CAR-T therapy access. Therefore, we acknowledge that our 

understanding of socioeconomic status and other social history that can contribute to disparities in 

access remains incomplete. Our identification of CAR-T eligibility was also limited due to the 

number of UCSF patients who did not have a clinical note associated with their MM diagnosis and 

treatments. Furthermore, our study was limited by our understanding of patient enrollment in 

clinical trials. A future direction of this study would be to incorporate Large Language Models to 

identify and extract key information from clinical notes concerning SDOH, socioeconomic status, 

and clinical trial eligibility. 

In conclusion, our analysis highlights the association of race, and disease severity on disparities in 

CAR-T therapy access. Our study shows growing associations of Race on CAR-T treatments 

regardless of the inverse relationship of worse survival rates in population groups with lower rates 

of CAR-T administration. However, race is only one way to evaluate disparate treatment for 

patients and other subgroups based on access or trust in the healthcare system. Furthermore, our 

study shows that disparities in CAR-T therapy are much more nuanced than therapies associated 

with other clinical diseases. Because of this nuance, we believe that utilizing individual-level 

SDOH data could help us dissect disparities at a granular level. Additionally, a deeper analysis of 

UCSF clinical notes could provide insights into overlooked patients who may benefit from 

advanced therapies. Differences in access to CAR-T therapies can further disparate the outcomes 
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of MM survival rates in minority population groups. The recognition of disparities within the UC-

Health system regarding MM extends to healthcare systems across the state and country. 

Addressing inequities in CAR-T therapy access is essential to meeting the healthcare needs of MM 

patients from diverse backgrounds. As treatment protocols evolve and new technologies emerge, 

it is important to continue investigating disparities in MM care. Ongoing research will help 

advocate for the equitable allocation of innovative therapies and help increase the survival rates of 

underserved populations living with Multiple Myeloma. 
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4.8 TABLES AND FIGURES 

Table 4-1: Baseline Characteristics of Multiple Myeloma Patients 

Baseline Characteristics of Multiple Myeloma patients with 1 or more MM therapies between 
January 2012 - May 2024. 
 

Did a patient receive CAR-T therapy? 

Variable Didn‘t receive 

CAR-T 

therapy 

Received 

CAR-T 

therapy 

Total 

(N=12040) (N=320) (N=12360) 

Age 

Mean (SD) 68.7 (12.7) 63.1 (12.0) 68.5 (12.8) 

Area Deprivation Index (ADI) 

Mean (SD) 3.88 (2.64) 4.28 (2.82) 3.89 (2.65) 

Number of CRAB Features 

Mean (SD) 1.85 (0.976) 2.19 (0.904) 1.86 (0.975) 

Gender 

Female 5852 (48.6%) 136 (42.5%) 5988 (48.4%) 

Male 6188 (51.4%) 184 (57.5%) 6372 (51.6%) 

Race 

American Indian or Alaska Native 51 (0.4%) <10 (<10%) 53 (0.4%) 

Asian 1062 (8.8%) 32 (10.0%) 1094 (8.9%) 

Black or African American 959 (8.0%) 10 (3.1%) 969 (7.8%) 
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Did a patient receive CAR-T therapy? 

Variable Didn‘t receive 

CAR-T 

therapy 

Received 

CAR-T 

therapy 

Total 

(N=12040) (N=320) (N=12360) 

Native Hawaiian or Other Pacific Islander 46 (0.4%) <10 (<10%) 47 (0.4%) 

Other Race 1501 (12.5%) 66 (20.6%) 1567 (12.7%) 

Unknown 1046 (8.7%) 14 (4.4%) 1060 (8.6%) 

White 7375 (61.3%) 195 (60.9%) 7570 (61.2%) 

Ethnicity 

Hispanic or Latino 1768 (14.7%) 78 (24.4%) 1846 (14.9%) 

Not Hispanic or Latino 9305 (77.3%) 236 (73.8%) 9541 (77.2%) 

Unknown 967 (8.0%) <10 (<10%) 973 (7.9%) 

ISS Stage 

I 7878 (65.4%) 199 (62.2%) 8077 (65.3%) 

II 2903 (24.1%) 113 (35.3%) 3016 (24.4%) 

III 336 (2.8%) <10 (<10%) 343 (2.8%) 

None 923 (7.7%) <10 (<10%) 924 (7.5%) 

UC-Location 

UC-1 3442 (28.6%) 122 (38.1%) 3564 (28.8%) 

UC-2 3419 (28.4%) 138 (43.1%) 3557 (28.8%) 

UC-3 5179 (43.0%) 60 (18.8%) 5239 (42.4%) 
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Did a patient receive CAR-T therapy? 

Variable Didn‘t receive 

CAR-T 

therapy 

Received 

CAR-T 

therapy 

Total 

(N=12040) (N=320) (N=12360) 

Primary Insurance Coverage  

Medicaid 1611 (13.4%) 53 (16.6%) 1664 (13.5%) 

Medicare 4775 (39.7%) 106 (33.1%) 4881 (39.5%) 

Private 5394 (44.8%) 156 (48.8%) 5550 (44.9%) 

VA Insurance 260 (2.2%) <10 (<10%) 265 (2.1%) 
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Table 4-2: Logistic Regression Model Results 

Odds Ratio table of patients receiving CAR-T therapies across patient characteristics. An OR = 1 
indicates no difference between receiving or not receiving CAR-T therapies, OR > 1 indicates 
increased likelihood of receiving a CAR-T therapy and OR < 1 indicates decreased likelihood of 
receiving CAR-T as a therapy. 
 

Variable Odds Ratio (95%CI) P-Value 

Area Deprivation Index (ADI) 1.02 (0.97-1.07) 0.395 

Age 0.97 (0.96-0.98) < 0.001 

UC-Location 

UC-2 1.42 (1.09-1.87) 0.011 

UC-3 0.42 (0.30-0.59) < 0.001 

International Staging System (ISS)  

II 1.15 (0.89-1.48) 0.271 

III 0.69 (0.32-1.50) 0.348 

None 0.07 (0.01-0.48) 0.007 

Number of CRAB Features 1.43 (1.27-1.62) < 0.001 

Race 

American Indian or Alaska Native 1.04 (0.24-4.43) 0.959 

Asian 0.99 (0.67-1.46) 0.959 

Black or African American 0.33 (0.17-0.62) < 0.001 

Native Hawaiian or Other Pacific 

Islander 

0.77 (0.1-5.72) 0.802 

Other 1.07 (0.73-1.56) 0.736 

Unknown 1.26 (0.67-2.37) 0.47 

Ethnicity 

Hispanic or Latino 1.26 (0.87-1.81) 0.216 

Unknown 0.36 (0.15-0.88) 0.026 
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Variable Odds Ratio (95%CI) P-Value 

Primary Insurance Coverage 

Medicaid 0.71 (0.50-1.01) 0.056 

Medicare 0.96 (0.73-1.25) 0.752 

Veteran Affairs Insurance 0.61 (0.25-1.53) 0.292 
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Figure 4-1: Baseline Demographics distribution for patients  
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Figure 4-1: Baseline Demographics distribution for patients (Continued from Previous) 
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(Figure caption continued from the previous page.) 1a. Distribution of demographics for patients 
who received CAR-T therapy. 1b-1. Patients diagnosed with ISS Stage I. 1b-2. Patients who 
identified as Black or African American. 1b-3. Patients who were treated at UC-3. 1b-4 Patients 
with 2 CRAB features. 1c. Distribution of demographics for patients who did not receive CAR-T 
therapy. 1d-1. Patients diagnosed with ISS Stage I. 1d-2. Patients who identified as Black or 
African American. 1d-3. Patients who were treated at UC-3. 1d-4 Patients with 2 CRAB features 
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Figure 4-2: Distribution of UCSF Multiple Myeloma Patients for CAR-T Eligibility  
Distribution of UCSF Multiple Myeloma Patients for CAR-T Eligibility by Race who were eligible 
for CAR-T therapy but didn’t have a discussion, and patients who had a discussion but were not 
eligible for CAR-T therapy.  
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Figure 4-2: Distribution of UCSF Multiple Myeloma Patients for CAR-T Eligibility  
Distribution of UCSF Multiple Myeloma Patients for CAR-T Eligibility by Ethnicity who were 
eligible for CAR-T therapy but didn’t have a discussion, and patients who had a discussion but 
were not eligible for CAR-T therapy.  
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Figure 4-2: Distribution of UCSF Multiple Myeloma Patients for CAR-T Eligibility  
Distribution of UCSF Multiple Myeloma Patients for CAR-T Eligibility by Gender who were 
eligible for CAR-T therapy but didn’t have a discussion, and patients who had a discussion but 
were not eligible for CAR-T therapy.  
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Figure 4-3: Distribution of Topic Modeling for CAR-T Discussions 
Distribution of topic Modeling for UCSF Multiple Myeloma Patients who had discussions about 
CAR-T therapy with their provider. 
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4.9 SUPPLEMENTAL MATERIALS 

Figure 4-4: UCHDW Cohort selection for Multiple Myeloma Patients 

Table 4-3 Distribution of Race by UC-Location 

Table 4-4 Distribution of International Staging System (ISS) Disease Stage by UC-Location 

Table 4-5: Distribution of Number of CRAB Features by UC-Location 

Figure 4-5: UCSF Cohort selection for Multiple Myeloma Patients 

Figure 4-6: GPT-4 Prompt for UCSF Deidentified Clinical Note Dataset 

Table 4-6: Eligibility for UCSF Patients who discussed CAR-T Therapy 

Table 4-7: Eligibility for UCSF Patients who did not discuss CAR-T Therapy 

Table 4-8: Selected Annotated GPT-4 Prompt outputs for UCSF Deidentified Clinical Note 

Dataset 
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Figure 4-4: UCHDW Cohort selection for Multiple Myeloma Patients 
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Table 4-3: Distribution of Race by UC-Location 

Race UC-1 UC-2 UC-3 

American Indian or Alaska Native (AI/AN) 15 18 20 

Asian 291 398 405 

Black or African American (Black/AA) 247 291 431 

Native Hawaiian or Other Pacific Islander (NHOPI) 13 19 15 

Other Race 859 388 321 

Unknown 67 110 884 

White 2072 2336 3164 

 

Table 4-4: Distribution of International Staging System (ISS) Disease Stage by UC-

Location 

ISS Disease Stage UC-1 UC-2 UC-3 

I 2453 1781 3847 

II 762 1394 860 

III 73 77 193 

None 276 308 340 
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Table 4-5: Distribution of Number of CRAB Features by UC-Location 

Number of CRAB Features UC-1 UC-2 UC-3 

0 73 356 230 

1 1142 1364 1787 

2 1314 1084 1801 

3 873 582 1154 

4 160 169 262 

5 <10 <10 <10 
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Figure 4-5: UCSF Cohort selection for Multiple Myeloma Patients 
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    def get_system_prompt(self): 
        sysprompt = """ 
    You are an oncologist reviewing a clinical note to determine whether CAR-T therapy was 
discussed for a patient   with multiple myeloma. 
    Your Task:   
    - Identify whether CAR-T therapy was discussed.   
    - Assess whether the patient meets the eligibility criteria for CAR-T therapy based on the 
documented note.   
 
    Eligibility Criteria for CAR-T Therapy in Multiple Myeloma: 
    A patient may be eligible for CAR-T therapy if they meet all the following conditions:   
    - Confirmed diagnosis of multiple myeloma.   
    - Disease has not responded or has relapsed after four or more prior lines of treatment.   
    - Prior therapies must have included:   
    - A proteasome inhibitor, an immunomodulatory drug, and a anti-CD38 monoclonal 
antibody.   
 
    Rules for Classification:   
    - Base all determinations on the current clinical note only. Do not infer from prior history 
unless explicitly stated.   
    - If the provider explicitly states the patient is eligible, assume eligibility.  
    - If the not mentions a delay in CAR-T therapy then assume eligibility. 
    - If the patient has undergone four or more prior lines of therapy, then assume eligibility. 
    - If eligibility is not explicitly stated but enough details exist in the note, classify 
accordingly based on the criteria above.   
    - If the note does not mention treatment history or fails to meet criteria, classify the patient 
as ineligible.   
    - Respond only in valid JSON format without additional commentary.   
    """ 
        return sysprompt 
 
    def get_user_prompt(self): 
        prompt = """ 
    Task: Extract and label CAR-T therapy discussions as "yes" or "no."   
    - Determine whether the patient is eligible for CAR-T therapy.   
    - If eligibility is unclear, provide a rationale.   
 
    Output Format (JSON Only):   
    { 
        "Was CAR-T Discussed?": "yes/no", 
        "Is the patient eligible for CAR-T?": "yes/no/unclear", 
        "Rationale for Eligibility": "string" 
    } 
 
 

Figure 4-6: GPT-4 Prompt for UCSF Deidentified Clinical Note Dataset 
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IMPORTANT:   
    - If "Was CAR-T Discussed?" == "yes", include an additional field:   
      "Topic Name": "<one of the classification categories below>" 
    - If "Was CAR-T Discussed?" == "no", do not include "Topic Name" in the response.   
 
    Classification Rules for 'Topic Name':   
    If CAR-T therapy was discussed, classify eligibility based on the provider’s reasoning:   
    1. "Ineligible due to disease criteria" – Patient does not meet disease-related CAR-T 
requirements.   
    2. "Ineligible due to frailty or comorbidities" – Patient’s health conditions prevent CAR-T 
eligibility.   
    3. "Ineligible due to social determinants of health" – Lack of external support (e.g., 
financial, caregiver).   
    4. "Ineligible due to not enough prior lines of therapy" - Patient has not received four or 
more lines of therapy or the patient's 
    disease state has not responded or relapsed after four or more prior lines of treatment.   
    5. "Eligible now or potentially eligible in future" – Eligibility is possible but not fully 
documented.   
    6. "Not enough information to determine eligibility" - Note does not provide sufficient 
information about the patient's prior 
    treatment history to determine CAR-T eligibility.   
    7. "Other" – Any reason that does not fit above categories.   
 
    Response Format (JSON Only):   
 
    """ 
        return prompt 

 

Figure 4-6: GPT-4 Prompt for UCSF Deidentified Clinical Note Dataset (Continued from 
Previous) 
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Table 4-6: Eligibility for UCSF patients who discussed CAR-T therapy 

Is the patient eligible for CAR-T? Count 

Yes 6 

No 4 

Unclear 8 

 

Table 4-7: Eligibility for UCSF patients who did not discuss CAR-T therapy 

Is the patient eligible for CAR-T? Count 

Yes 4 

No 136 

Unclear 104 
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Table 4-8: Selected Annotated GPT-4 Prompt Outputs for UCSF Deidentified Clinical Note 
Dataset 
 

Patient Assessment & Plan Note Section GPT-4 Output TZ Note Annotation 
Comments 

1 In *****, *****. ***** ***** ***** is a ***** y.o. female 
diagnosed May 2021 with IgA kappa monoclonal " 
gammopathy, with May 2022 rise in M protein to to 2.4g/dL 
and BMBX around that time revealing 80% PCs meeting 
***** CRAB criteria for multiple myeloma.  - BMBX with 
80% PCs (UCSF review), standard risk by FISH  - PETCT 
August 2022 negative  - Hgb, Cr, Ca nml    #) ZOOM 
ISSUES  - must have EVENING VV appointment - 02/02/23 
- today the pts son ***** - will help with zoom using his 
phone - he confirmed in person.   - lives in ***** ***** 
cannot come in person unless needed as she has 3 young kids 
and no driver    LOT#1) = Daratumumab/RVd started 
September 2022  - ***** May 2023  - RESPONSE = sCR  - 
BMBx and multiple myeloma [MM] labs August 2023 
(***** ID failed)  - start maintenance daratumumab / 
lenalidomide August 2023, reviewed with Dr *****  - ***** 
vaccine August 2023 - encouraged obtaining  - bmt vaccines 
start November 2023 (at 6m, 9m, 12m, 18m)- ?ucsf vs 
locally     MULTIPLE MYELOMA [MM]   #) 
TREATMENT   - BMBx: getting 08/21/23 with Dr *****, 
with multiple myeloma [MM]-FISH   - LABS: multiple 
myeloma [MM] labs q4 weeks with Dr *****   - BONE: 
bone imaging with PETCT q12 months   - maintenance 
daratumumab / lenalidomide start at *****: around 
08/15/23, messaged with Dr *****    - daratumumab q2 
weeks x 4 months > then q4 weeks continuous    - 
lenalidomide 10mg 21/28 with vte prophylaxis [ppx]    - rtc 
ucsf 6m VV - requested   - rtc November 2023 for 6m set of 
vaccines - requested    #) VTE PPx   - continue while on 
imid    #) IMMUNOCOMPROMISED   - vzv prophylaxis 
[ppx] to continue   - pjp prophylaxis [ppx] ***** after HCT   
- ***** vaccine, stay up to date   - annual flu vaccine    #) 
BMT VACCINES   HBC-Hematology Auto/***** 
Transplant Vaccination Schedule:  -***** | start @3-months 
after Auto-HCT  -@*****-*****: *****, dT, actHIB, IPV, 
*****-B >> start November 2023 > will do at ***** (as per 
August 2023 conversation) (but she will also ask Dr *****)  
-@*****-*****: *****, dT, actHIB, IPV, ***** >> 
February 2024 (requested August 2023)  -@*****-*****: 
*****, Boostrix " 
(Tdap), actHIB, IPV, *****-B  -@*****-*****: *****  -
@*****: flu vaccine - with primary team  Last updated: 
April 2023-SA     #) BONE   - after HCT, ***** x1 year   - 
exercise   - continue vitamin d and calcium    ::OTHER 
MEDICAL)  #) HTN  - on home meds, was on amlodipine  
#) DM  #) Iron deficiency anemia with low iron stores in 
*****   - recommend IV iron  #) Social   - lives close to 
***** *****. Has 3 children, young. Works. No 
tobacco/EtOH. She is on disability. Married.   - will need 
aggressive social support through the stem cell collection 
process +/- transplant (if she chooses to proceed).   - low 
health care literacy     ***** *****, MD  Hematology, 
Blood & Marrow Transplant, and Cellular Therapy (HBC)  
*****.*****@*****.***** | office: ***** ***** *****  
08/17/2023    Patient ***** *****:  ***** *****, MD as 
PCP - General (Hematology and Oncology)  ***** ***** 
*****, MD (Hematology)     Problem: diagnosis that 
requiring intensive monitoring Risk: high; requires regular 
and intensive monitoring for potential major toxicities. Data 
review/interpretation: reviewed and/or ordered 3+ tests 
and/or documents and interpreted the tests documented 
above. My location is in a UCSF clinical facility.   "  

{ 
 
"Was CART Discussed?": 
"no", 
 
"Is the patient eligible for 
CART?": "no", 
 
"Rationale for Eligibility 
choice": "The patient has 
not undergone four or 
more prior lines of 
treatment, which is a 
requirement for CAR-T 
cell therapy eligibility." 
 
} 

Accurate 
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Patient Assessment & Plan Note Section GPT-4 Output TZ Note Annotation 
Comments 

2 1. Multiple Myeloma: Impression: established - stable - on 
therapy - requiring disease monitoring  This patient is on 
therapy and at high-risk for side effects and progression and 
requiring intensive monitoring. The patient's therapy is 
lenalidomide - tolerating it well.     We reviewed the labs:  
 *****, SPEP, *****, CBC => *****(-), SPEP(-), KLC 
19.1, LLC 13.5. MRI August 2023 - old/dense compression 
fracture. No signs of progression.    We discussed that he 
should continue lenalidomide. No dose adjustments    The 
patient has a high complexity problem: multiple myeloma, 
which is an incurable malignancy and the patient is receiving 
active therapy, which have side effects and poses a threat to 
life and bodily function.    Regarding data complexity, I have 
reviewed the following tests => SPEP, *****, *****, CBC 
and CMP.      Medical Decision Making/ Plan: - Continue on 
Lenalidomide therapy   - Continue to follow myeloma 
protein levels every 4-6 weeks  - Follow-up in 3-4 months    
2. Immunocompromised state/Infectious Disease Concerns: 
Impression: established - immunocompromised from 
disease/treatment:  The patient is immunocompromised and 
is at high-risk from infection due to therapy. Needs to be up-
to-date on Covid vaccine. Has been sheltering from 
exposure. No exposures.    Requiring close follow-up for 
symptoms.  At risk for VZV reactivation and is on ACV. No 
current signs of infection. ***** call with new signs of 
infection        Plan: - Continue prophylaxis  - yearly flu 
vaccine  - ***** from ***** exposure - can get booster this 
*****  - The patient will call with any symptoms or signs of 
infection    3. Depression/Psychologic/Social Stressors: 
Impression: established - stable  The patient has cancer and 
has situation depression and is at risk for anxiety. Needs 
close follow-up    Currently, the attitude is good. There are 
no signs of anxiety or active depression. Mood appropriate, 
understands plan      Plan: No additional medications needed    
4. Anemia: Impression: established - stable    The blood 
counts are good, Hgb 12.4. Next CBC in 4-6 weeks.       
Plan: No transfusions or cytokines needed today.    5. 
Neutropenia/Thrombocytopenia: Impression: established - 
stable    The treatment has toxicity on the bone  
 marrow - no current signs of suppression    Plan: No 
cytokines or transfusions    6. *****/ Electrolyte 
Replacement: Impression: established - stable     Taking 
ample fluids and avoiding nephrotoxins.  Lytes & Cr Okay, 
appears euvolemic. Appetite good and weight unchanged. 
No new medications needed.     Plan: Continue adequate 
fluid intake & balanced, nutritional diet   - Continue as much 
exercise as possible.  - No additional supplementation 
needed.    7. Osteopenia: Impression: established - stable:    
The patient is at risk for fracture due to MM. We recommend 
Calcium and Vit D replacement. We also recommend an 
aggressive exercise program.    Plan: - No Biphosphonates    
8. Secondary Cancer Risk: impression: established - NEEDS 
close follow-up  The patient has high-risk of secondary 
malignancies. Needs close follow-up and routine cancer 
screening.    Plan: - Derm follow-up yearly  - Colonoscopy 
every 5 years  - Screening per PCP  

{ 
 
"Was CART Discussed?": 
"no", 
 
"Is the patient eligible for 
CART?": "unclear", 
 
"Rationale for Eligibility 
choice": "The clinical 
note does not provide 
enough information about 
the patient's previous 
treatments to determine 
eligibility for CART 
therapy. The patient is 
currently on lenalidomide 
therapy, but it is unclear if 
they have previously 
received a proteasome 
inhibitor, an 
immunomodulatory drug, 
and an anti-CD 38 
monoclonal antibody, 
which are required for 
CART therapy eligibility." 
 
} 

Accurate 
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Patient Assessment & Plan Note Section GPT-4 Output TZ Note Annotation 
Comments 

3 # Multiple myeloma.   The patient was initially diagnosed in 
2016 with extensive plasmacytoma but minimal bone 
marrow involvement. Received 7 cycles of Velcade Cytoxan 
and dexamethasone followed by out of the stem cell 
transplant on 04/28/2016 with essentially CR. The patient 
did not received maintenance therapy but was followed 
closely.     Bone marrow biopsy in July 2020 showed 5% 
plasma cells consistent with residual disease. At the time 
lambda light chain was 86.9.    The patient started on VRD 
in November 2020. PET scan in February 2021 did show 
some active disease but also mixed response.   PET scan 
looks to be improved  
 August 2021  ***** with variable PC infiltration 5-50%, 
lambda has increased but pt has been off therapy for several 
months     Now s/p 2nd autologous stem cell transplant with 
melphalan 200 mg/m¬≤ (D1=01/24/22).  He essentially had 
over 4 years of remission without any maintenance therapy 
thus we though he could do well with the second transplant 
and lenalidomide maintenance therapy.      Plan was 
supposed to follow-up with Dr. ***** but lost-to-follow-up. 
Recommended that he follow-up with Dr. *****. Started on 
rev maintenance 10 mg D1-21q28 days. Progressed April 
2023 with worsening AKI and found to have progressive 
disease s/p urgent plasmapheresis (April 17, April 20-April 
22) followed by chemo with *****-*****/*****/D in April 
2023 (unclear how many cycles completed).     April 2023 
***** 90% L-PCs  ***** 3404 04/17/23 > 1666 on 
04/22/23 > 1258 on 04/27/23 > 1413 on 05/26/23 > 1725 on 
05/01/23 > 1879 on 06/22/23    Switched to Carfilzomib, 
pomalidomide (dose reduced), dexamethasone (?)    - 
09/19/23 labs: M-spike 0.1, ***** ***** light chain, LLC 
1928.   - 09/23/23 24 hour urine collection: 74% M-protein 
with lambda light chain.     Started ***** 10/21/23 - > ***** 
6243 -> nadir 851 (but while on PLEX)  Subsequently 
developed PD by 11/10/23 - continued for another month -> 
without improvement  10/29/23 H/o grade 1 CRS with 
*****  s/p ***** x 1. Resolved.   12/22/23: ***** *****  
12/23/23: Started on VD-PACE x 1 (with dose reductions for 
kidney function) - tolerated fairly well  01/26/24: ***** 4.7, 
***** 619.4 - most c/w with at least partial response  
02/07/24 C1D1 Teclistamab  02/13/24: K 5.1, L 1467, K/L 
<0.01, M protein 0.2, ***** *****  02/18/24 ***** 3, L 
2362, K/L <0.01, IgG 645  03/09/24: Pomalidomide added to 
Teclistamab, ***** *****.9, IgG 584,   04/11/24: KLC 4.1 
***** *****, ***** <0.01  Admitted 04/24/24-05/22/24 for 
***** c/b by multifocal PNA, blood cultures Positive for 
corynebacterium, atrial fibrillation   Discussed options of:  - 
Trying Selinexor/Velcade/*****  - Continuing  
 with alkylator based ***** - given that he has been 
responsive to high-dose therapy - although with infectious 
complications.    We will proceed with option 1- *****  
Multiple myeloma not having achieved remission (CMS 
code):  Discussed initiating treatment with Selinexor, a 
chemotherapy pill taken once a week, in conjunction with 
Velcade shots to be managed by Dr. *****. Treatment aims 
to control the myeloma, which has not yet achieved 
remission. Selinexor can cause significant nausea, so a 
comprehensive anti-nausea regimen will be implemented, 
including dexamethasone, Zofran, and rolapitant  - ***** 
***** to contact patient or patient's daughter, *****/*****, 
to arrange delivery of Selinexor and anti-nausea 
medications.  - Patient will take dexamethasone on the day 
of chemotherapy, Zofran for three days post-chemotherapy, 
and ***** i on the first day and then every two weeks.  - 
Monitor light chain levels weekly through labs with Dr. 
*****.  - Patient to follow up with Dr. ***** on the January 
and 5th for labs and to ideally begin BTZ  - Patient to 

{ 
 
"Was CART Discussed?": 
"no", 
 
"Is the patient eligible for 
CART?": "yes", 
 
"Rationale for Eligibility 
choice": "The patient has 
a confirmed diagnosis of 
multiple myeloma and has 
undergone multiple lines 
of treatment including a 
proteasome inhibitor, an 
immunomodulatory drug, 
and an anti-CD 38 
monoclonal antibody. The 
disease has not responded 
or has relapsed after these 
treatments, making the 
patient eligible for CAR-T 
cell therapy." 
 
} 

Accurate 
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Patient Assessment & Plan Note Section GPT-4 Output TZ Note Annotation 
Comments 

3 
(Continued) 

contact the cardiologist for follow-up, as referred by the 
hospital.  - Schedule another check-in in about two weeks 
to assess tolerance and effectiveness of the treatment.      
Plan:  ***** be to attempt selinexor-bortezomib-
dexamethasone based on ***** trial.   -***** dose reduce 
selinexor to 60 mg weekly, velcade 1.3 mg SC weekly 3 
weeks on and 1 week off, and dex 20 mg weekly OK.   - 
Velcade to  be arranged by Dr. ***** locally.   - Monitor 
myeloma marker Q week by Dr. *****    # 
Immunocompromised  # Multifocal pneumonia, likely 
aspiration  # Blood cultures with corynebacterium  # Hx 
of Influenza A PNA  # Hx of COVID pneumonia  # 
Hypogammaglobulinemia  # Acute Hypoxemic 
respiratory failure  At risk for infections given underlying 
malignancy and chemotherapy. Recently treated for 
COVID and FLU pneumonia.   He reports to ongoing 
chronic cough  
 since last admit and some shortness of breath with 
exertion. No new fevers, chills. Hospital course 
complicated by recent tachycardia, worsening 
hypotension, and worsening hypoxia.  He initially had 
viral infection with covid and H3 flu A diagnosed on April 
11 for which he received remdesivir and tamiflu (April 
12-April 16). CT obtained on April 26 showed no PE or 
evidence of pneumonia. CXR obtain on May 06 for rising 
O2 requirement showed decreased right pleural effusion 
and stable interstitial opacities. CT chest obtained on May 
07 was consistent with a multifocal pneumonia. Infectious 
work-up obtained May 08 showed negative legionella 
urine antigen, negative coccidiodes antibody, negative 
toxoplasma ab IgG and IgM, negative galactomannan 
antigen, negative beta-d-glucan, and negative MRSA 
swab. Blood cultures from May 07 ultimately returned 
positive for corynebacterium striatum group which in 
discussion with ID likely originated with the patient's 
multifocal pneumonia. TTE was obtained and showed no 
signs of infection. Patient continues to have O2 
requirement of 1-2L which is likely related to pneumonia 
and less likely volume overload. Bumex currently on hold 
iso soft blood pressures. Per SLP eval, there were no 
obvious signs of aspiration; pt continued on regular diet 
with aspiration precautions.     Plan:   - Infectious disease 
consulted, appreciate recs  - Continue Zosyn (May 07-) 
and Vancomycin (May 08-), x 14 day course - complete 
June 01  - ***** PICC line removed May 10  - will plan 
for vancomycin lock for tunneled HD line as it seems 
more likely that this infection originated from ***** as 
opposed to line related.   [x ] ***** obtain repeat Bcx 
from ***** cath and periphery on May 24 (After HD, 
dialysis aware); if recurrent bacteremia will likely need to 
exchange tunneled dialysis catheter. - > negative  - TTE 
w/o findings c/f infection  - continue incentive spirometer  
- albuterol q6hrs while awake and prn  - Ppx acyclovir 
200mg at bedtime   - Dc'd iso for  
 COVID on May 03     # New atrial fibrillation with RVR  
No prior documented hx of this. Likely to be in the setting 
of sepsis/PNA. S/p IV amiodarone and now on PO to 
complete load. He will start maintenance amiodarone on 
May 14 and follow-up with cardiology on discharge. He 
will also need a ***** on discharge. ***** 4 however 
unable to administer AD due to low plt.   -PO amiodarone 
load finished May 13, started 200mg maintenance on May 
14  -Recommend ***** and cardiology follow-up on 
discharge  [ ] advised him to call cards clinic to schedule 
follow-up.        #  
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Patient Assessment & Plan Note Section GPT-4 Output TZ Note Annotation 
Comments 

3 
(Continued) 

Immunodeficiency  - Continue acyclovir.   - Continue 
Mepron for PCP *****     #. Hypogammaglobulinemia  - 
Give IVIG for IgG < 400.     #. Anemia, 
thrombocytopenia  - continue to monitor    #. Bone 
disease.   He was on ***** -  on hold after transplant 
recovery.     #. History of pulmonary embolus, 2015   #. 
New DVT, 09/19/23, w/ likely acute PE  - PE diagnosed 
in August 2015 . He was previously on Coumadin. ASA 
ppx while on revlimid, d/c upon completion 
of Revlimid. Restarted ASA with Pomalidomide.   - 
09/19/23 RLE Dopplers:  Duplicated right  femoral vein 
with occlusive thrombus along one of the duplicated veins 
extending to the popliteal, peroneal and posterior tibial 
veins    - 09/21/23 V/Q scan: Single matched ventilation 
and perfusion defect on the left. Based on ***** criteria, 
intermediate probability for pulmonary embolism   - 
Heparin gtt ( September 19-September 22) transitioned to 
apixaban (September 22)   Plan:  - Continue apixaban 2.5 
mg BID. Reordered February 18.    #. At risk for TLS  - 
Continue allopurinol.     # AKI on CKD suspect 
November 06 light chain nephropathy, now on HD  # 
Hypocalcemia and hypophosphatemia   Prior Cr of 1.12 
(December 2022) c/b severe AKI April 2023 with Cr peak 
4 In the setting of progressive MM and light chain 
nephropathy. Improved with fluids.  - September 19 LDH 
and uric acid within normal limits.   - September 20 renal 
US suggestive of medical renal dz, no  
 hydronephrosis or nephrolithiasis  - September 21 no 
retention on bladder scan, urine studies consistent with 
intrarenal etiology  Plan:   - CTM, avoid nephrotoxins   - 
HD on Tue/*****/Sat.   - Followed by local nephrology, 
Dr. ***** (office: *****-*****-*****, cell: *****-
*****-*****).   - de-escalate to 2mg bumex daily on non-
HD days  - ***** to 1600 mg TID ***** due to elevated 
phos  - plan for aranesp with HD  - Has a chest port. 
Scheduled to get AV fistula on May 06. Uncertain if he 
will be stable enough for the procedure.    - Spoke with 
Dr. ***** and in agreement to reschedule the fistula. 
Would like to know when the patient is going to get more 
treatment after VD-PACE so that he can coordinate fistula 
placement.     #. Abnormal uptake on prostate.  # BPH.   
Dr. ***** previously discussed with local oncologist 
whether he has had PSA checked and had this not worked 
up yet.  Repeat PET without uptake but enlarged prostate    
#. Cancer-related pain  Mild-moderate low back pain 
reported today; improving since February 13. Of note, 
reported MVA accident on February 13 after being 
discharged from hospital.   -continue oxycodone prn  - CT 
Thoracic/Lumbar spine non con ordered February 19. Pt 
called with number to call and schedule.   - Missed 
scheduled CT on February 25. Rescheduled for February 
26 but patient cancelled. ***** order CT to be completed 
locally.    ***** *****, MD  Assistant Clinical Professor  
UCSF - Hematology/Bone Marrow Transplantation    
***** cell - *****-*****-***** 
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Chapter 5 Conclusion   
 

This dissertation demonstrates the transformative potential of integrating SDOH into RWE studies 

and proposes strategies for effectively incorporating SDOH into the broader research pipeline. 

Through case studies on chronic illnesses and oncology, we show how EHR data can be used to 

examine treatment disparities and inform clinical care and regulatory decisions. Our research 

highlights significant disparities in health and treatment, particularly among diverse population 

groups in California. 

Real-world data is essential for understanding treatment patterns, prescribing behaviors, and 

clinical outcomes. Although patient-centered care is often emphasized, treatment decisions are 

frequently influenced by factors beyond clinical data. Our work illustrates that integrating SDOH 

adds another important layer of context. Factors such as socioeconomic status, neighborhood 

location, and transportation barriers affect both access to care and the quality of care patients 

receive. By leveraging EHR data, this dissertation unpacks the nuanced drivers behind treatment 

decision-making and reveals population-level differences in how care is delivered and accessed. 

These findings emphasize the importance of integrating SDOH into RWE to advance health equity. 

In our SDOH perspective piece, we emphasize the importance of integrating SDOH into clinical 

research beyond genomics and race or ethnicity. We identified five key SDOH domains: economic 

stability, education access, healthcare access, social and community context, and neighborhood 

environment. These domains are essential for understanding a patient's social and environmental 

history. We also explored methods for incorporating SDOH into EHRs, such as using census data, 

the PhenX toolkit, and ICD Z-codes. Additionally, we discussed the potential of emerging 
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technologies like mobile health and wearable devices for real-time health monitoring. We argue 

that precision medicine will become more impactful when it includes a broader range of 

demographic and social factors in addition to molecular data. 

In the T2D study, we applied novel methods to examine the influence of socioeconomic status on 

second-line treatment decisions. Our findings show that patients from lower socioeconomic 

backgrounds were more likely to receive less effective but cost-efficient treatments, while those 

from high socioeconomic areas had access to newer and more effective therapies. This study 

highlights the need for policy interventions that ensure equitable access to high-quality diabetes 

treatments. 

In the Multiple Myeloma project, we examined disparities in access to CAR T-cell therapy and 

identified how disease severity, race, ethnicity, and healthcare location influenced treatment 

access. We found that both geographic location and race significantly affected access, with some 

patients not receiving CAR T-cell therapy despite being clinically eligible. These findings 

highlight the need for targeted interventions to improve access to advanced therapies for diverse 

populations. 

Through these projects, we developed novel methods to evaluate how SDOH influence treatment 

decisions and healthcare access. Our research quantifies the effects of socioeconomic and 

geographic factors on care delivery and outcomes. Although our work focused on chronic illnesses 

and oncology, the methodology can be extended to other clinical conditions to address disparities 

in access and outcomes. Our findings demonstrate that integrating SDOH into RWE studies is a 

powerful way to bridge gaps in care and promote health equity. 
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In summary, this dissertation provides new insights into how SDOH and patient demographics 

shape treatment decisions and health outcomes. By leveraging real-world data, we uncovered 

systemic disparities in care access and identified areas where policy interventions are needed to 

promote equity. This work supports the integration of demographic and social factors into clinical 

decision-making to create more personalized, patient-centered care models. Incorporating SDOH 

into real-world evidence research is a critical step toward building a healthcare system that 

responds to the diverse needs of future generations. 
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Chapter 6 Future Work  
 

The integration of SDOH into real-world evidence studies remains in its early stages and is largely 

limited to structured data. One major challenge is that ICD-Z codes, which capture SDOH-related 

information, are not billable. As a result, clinicians often document only data essential for patient 

treatment, limiting the availability of detailed SDOH information. Most real-world evidence 

studies rely on population-level insights from census data, which restricts the precision of 

statistical associations and predictions related to health outcomes and quality of care. However, 

EHRs now include clinical notes, providing a more comprehensive view of a patient's diagnoses, 

treatments, lab results, and social history. These notes present a valuable opportunity to analyze 

SDOH at the individual level. By leveraging clinical notes, researchers can move beyond broad 

population-level generalizations to better understand patient-specific circumstances. In the Type 2 

diabetes project, we applied this approach to a limited set of notes and found that adverse SDOH 

factors contribute to disparities in care. In the multiple myeloma project, we used clinical notes to 

explore patient eligibility for CAR-T therapy. 

A key future direction of this work involves expanding quality of care research by using advanced 

technologies such as Natural Language Processing (NLP) and Large Language Models (LLMs). 

These tools can help identify and extract critical SDOH and social history information from 

unstructured clinical notes using prompt engineering. With these technologies, researchers can 

detect gaps in care, such as misdiagnoses, overlooked conditions, and missed opportunities for 

more appropriate treatments tailored to a patient’s medical and social context. Unlocking insights 

from unstructured data provides a more complete understanding of individual patient 

circumstances. This can lead to new research projects that examine quality of care and treatment 
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decisions in various clinical conditions. LLMs also enable researchers to identify individual 

characteristics such as relationship status, socioeconomic background, and transportation needs, 

all of which influence disease risk, access to care, and health outcomes. Ultimately, this 

information can support the creation of more robust structured EHR datasets that better reflect 

patients’ lived experiences. Building a complete data profile is essential for advancing 

personalized healthcare solutions. 

Providing adequate care tailored to individual patient characteristics is difficult, as there is no one-

size-fits-all approach. Each patient presents a unique set of needs, and a uniform approach to care 

often falls short. Researchers have a responsibility to explore the complexities of care across 

differences in race, socioeconomic status, and disease severity. Our goal is to develop more precise 

models of care in which medication selection and dosing are tailored to each patient's clinical 

profile. Imagine a 45-year-old Hispanic male with severe chronic kidney disease living in a low-

income urban area. A clinician enters the patient’s data into a system that recommends a treatment 

plan that is both clinically effective and affordable. Now consider a similar patient who is a non-

Hispanic white male from a rural area with a different genomic profile. The system recommends 

a different therapy that better suits his physiology. Achieving this level of personalized care, 

guided by individual-level SDOH, represents the future we aim we aim to realize. 

This dissertation highlights the complexity of understanding disease and patient care across two 

clinical conditions. Moving forward, researchers must continue to examine how individual-level 

SDOH influence health outcomes. These efforts will support the development of inclusive clinical 

guidelines tailored to the needs of diverse populations. Furthermore, the use of unstructured data 

from clinical notes will be essential for uncovering insights such as patient transportation needs 

and clinical trial eligibility. These factors are critical for advancing work in diseases like Type 2 



 132 

diabetes and multiple myeloma. The impact of this research can extend to the development of 

SDOH-informed disease risk stratification tools, improvements in clinical trial matching for 

underrepresented groups, and enhanced support for determining eligibility for advanced 

treatments. The approaches presented here can also be applied to other complex diseases especially 

chronic illnesses that affect diverse population groups.  
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