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Cancer is the second leading cause of death in North Carolina 
and approximately half of cancers are diagnosed in older 
adults (≥ 65 years). Cancer clinical trials in older adults are 
limited and there is a lack of evidence on optimal care strate-
gies in this population. We highlight how big data can fill in 
gaps in geriatric oncology research. 

Introduction 

The number of older adults with cancer is rapidly grow-
ing [1]. In North Carolina, approximately half of the 

60,000 incident cancers diagnosed annually are in adults 
aged over 65 years [2]. Approximately 20,000 North 
Carolinians die of cancer each year, making it the second 
leading cause of death in the state [2]. 

Non-experimental “big data” has been proposed as a 
way to generate evidence related to health and health care 
delivery and is a valuable tool for geriatric oncology research  
[8, 9]. Big data includes large databases collected outside 
of highly controlled clinical trial settings. In this commen-
tary, we provide an overview of the types of big data that can 
be used for geriatric oncology research to complement data 
generated in clinical trials.

Types of Big Data
A summary of types of big data available for geriatric 

oncology research, their strengths and limitations, and exam-
ple research questions are provided in Figure 1 and Table 1. 
Additional databases and details are provided on the Cancer 
and Aging Research Group website: www.mycarg.org.

Cancer Registries
Cancer registries are surveillance systems that collect 

data on incident cancers within health systems, populations, 
or regions. The two largest population-based cancer reg-
istries are the Surveillance, Epidemiology, and End Results 
(SEER) program and the National Program of Cancer 
Registries (NPCR). SEER is a collection of cancer registries 
that covers a diverse sample with respect to geography, 
race, ethnicity, and socioeconomic status. SEER has been 
linked to other data sources, including the Medicare Health 
Outcomes Survey (MHOS), which collects information on 
patient-reported outcomes, function, and quality of life, as 
well as insurance claims data. NPCR is the CDC’s cancer 
surveillance system that provides population-based infor-
mation on cancer incidence on the national and state levels. 

The North Carolina Central Cancer Registry (NCCCR) is a 
participant in the NPCR and includes complete cancer inci-
dence data for North Carolina. Given the diversity of these 
cancer registries, SEER and NPCR data are frequently used 
to conduct health disparities research [10]. 

In addition to population-based cancer registries, several 
hospital-based cancer registries exist in the United States. 
The largest is the National Cancer Database, which collects 
information for patients receiving care within hospitals that 
have Commission on Cancer accreditation, covering approx-
imately 70% of incident cancers in the United States [11]. In 
North Carolina, the Carolina Seniors Registry (CSR) is a reg-
istry of older adults with cancer receiving care in academic 
or community oncology clinics. The CSR captures geriatric 
assessment data for all participants, making it a valuable 
source for understanding geriatric impairments in older 
adults with cancer [12]. 

Cancer registries are valuable for understanding trends 
in cancer incidence and mortality in older adults. However, 
they typically only capture limited information on treatment, 
outcomes other than survival, and age-related conditions 
(e.g., frailty, cognition, comorbidity). Findings from hospital-
based cancer registries may not be generalizable to the full 
US population.

Prospective Cohorts
Several longitudinal prospective cohorts have been 

established to study trends in aging. In the United States, 
examples include 1) the Women’s Health Initiative [13], 2) 
the Atherosclerosis Risk in Communities Study [14], 3) the 
Baltimore Longitudinal Study of Aging [15], 4) the National 
Health and Aging Trends Study [16], 5) the Health and 
Retirement Study [17], and 6) the Health, Aging and Body 
Composition Study [18]. Although not exclusively estab-
lished for cancer research, these studies contain large sam-
ples of older cancer survivors. Their key strengths include 
long-term follow-up and detailed information on age-related 
conditions and health determinants. However, the granular-
ity of information pertaining to cancer risk factors, diagno-
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ses, treatments, and outcomes is variable. The American 
Cancer Society’s Cancer Prevention Studies are a series of 
prospective cohorts that follow adults without cancer to 
identify risk factors for incident cancer.

A novel longitudinal cohort for health research is the All 
of Us Research Program, which will enroll 1 million adults 
[19]. All of Us links data from surveys, electronic health 
records (EHRs), physical assessments, biospecimens, and 
digital health technologies. Many of these data elements are 
described in additional detail in this paper.

Insurance Claims
Insurance claims data contain detailed enrollment and 

billing information generated through the health care reim-
bursement process. Data elements include demographics, 
dates of enrollment, and diagnosis and procedural infor-
mation from health care encounters. Medicare claims and 
enrollment data are particularly well-suited for research in 
older adult populations as they include most older adults in 
the United States. Claims capture continuous health care 
encounter information across health systems and are well-
suited for pharmacoepidemiologic research, as they capture 
detailed prescription fill information for older adults covered 
by Medicare Part D.

The largest challenge with claims data is that information 
is collected for reimbursement and does not capture granu-
lar clinical details, including measures of function and cogni-
tion. Researchers have developed claims-based comorbidity 

and frailty indices to identify geriatric impairments for stud-
ies using Medicare claims data, which have been used 
extensively for geriatric oncology research [20, 21]. 

An increasing number of data linkages with Medicare and 
other claims databases that are useful for geriatric oncol-
ogy research are becoming available. SEER-Medicare links 
cancer registry data with claims data for older adults liv-
ing in SEER regions covered by fee-for-service or Medicare 
Advantage plans [22]. The Cancer Information & Population 
Health Resource (CIPHR) housed at the UNC Lineberger 
Comprehensive Cancer Center includes person-level link-
age between the NCCCR and administrative claims for North 
Carolinians covered by Medicare, Medicaid, and private insur-
ers [23]. CIPHR represents a diverse sample with respect to 
age, geography, race, and ethnicity, making it well-suited for 
cancer health disparities research [24]. Medicare claims 
have also been linked to prospective longitudinal cohorts 
including the Women’s Health Initiative, the Atherosclerosis 
Risk in Communities Study, the National Health and Aging 
Trends Study, and the Health and Retirement Study.

Electronic Health Records
EHRs include patient-specific information collected dur-

ing routine clinical care. Data are captured in both structured 
and unstructured (e.g., provider notes) fields and can be used 
to answer a wide range of research questions related to the 
health and well-being of older cancer survivors [25]. North 
Carolina is home to three NCI-designated comprehensive 

figure 1.
Summary of Types of Big Data and Key Data Linkages for Geriatric Oncology Research

Abbreviations. ARIC=Atherosclerosis Risk in Communities; BLSA=Baltimore Longitudinal Study of Aging; CBCS=Carolina Breast Cancer Study; 
e-PROs=electronic patient-reported outcomes; HRS=Health and Retirement Study; m-Health: mobile health; MHOS=Medicare Health Outcomes 
Survey; NCCCR=North Carolina Central Cancer Registry; NCDB=National Cancer Database; NHATS=National Health and Aging Trends Study; 
NPCR=National Program of Cancer Registries; SEER=Surveillance, Epidemiology, and End Results; US=United States; WHI=Women’s Health Initiative.
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cancer centers (Wake Forest Baptist Comprehensive Cancer 
Center, UNC Lineberger Comprehensive Cancer Center, 
Duke Cancer Institute) and four Department of Veterans 
Affairs (VA) Medical Centers, which have robust EHR 
data systems that can be leveraged for geriatric oncology 
research. National EHR data resources, such as PCORnet, 
CancerLinQ, and the Optum Oncology EHR Data, are also 
available for research [26–28]. 

Studies using EHR data may have limited generalizabil-
ity as they are typically limited to a single health system. 
Another challenge of EHRs is missing or incomplete infor-
mation. Clinical information may be stored in unstructured 
data fields that are challenging to analyze (e.g., comorbidi-
ties or frailty) [29]. Researchers have attempted to fill these 
gaps through advancement of natural language processing 
and machine learning methods. For example, researchers 

at Wake Forest Atrium Health Baptist have developed an 
EHR-based frailty index (eFI) that is implemented within 
the EHR. The eFI has been shown to be strongly associated 
with important treatment outcomes, such as chemotherapy 
intensity (anthracycline versus non-anthracycline-based 
regimen) [30]. Additional research is needed into how the 
eFI can be used in the cancer pathway to improve outcomes 
in older adults with cancer. 

Biobank Data
Biobank repositories contain biospecimens such as tis-

sue samples, blood, and DNA that can be used to explore 
genetic mutations, biomarkers, and molecular pathways 
associated with cancer. As the complexity of treating older 
adults with cancer continues to grow, biobanks have the 
potential to enhance precision medicine efforts to consider 

table 1.
Strengths and Limitations of Big Data Sources and Example Research Questions for Geriatric Oncology

Type of Big Data	 Strengths	 Limitations	 Example Research Question	

Cancer registries

Prospective  
cohorts

Insurance claims

Electronic health
records  

Biobanks

Digital health  
technologies

•		 Details on tumor characteristics 
•		 Large and diverse samples—

population-based cancer registries 
are representative of their respective 
populations

•		 Common coding schema to capture 
data

•		 Long-term follow-up
•		 Designed to study aging processes and 

contain detailed information on age-
related conditions

•		 Some are designed to be diverse and 
representative

•		 Large and diverse samples
•		 Include care received across multiple 

health systems
•		 Continuous longitudinal data captured 

from health care encounters with dates 
of services

•		 Part D claims capture detailed 
prescription fill information

•		 Rich clinical information and biomarkers
•		 Data analysis can occur in close to real 

time

•		 Rich genetic and molecular data
•		 Useful for aiding the discovery and 

development of targeted therapies for 
older patients

•		 Collected in real time
•		 Can capture detailed clinical 

information outside of health care 
encounter or study settings

•		 Rapidly evolving and improving

•	 Incomplete treatment information
•	 Lack of detailed information on health 

behaviors (e.g., alcohol, smoking) and 
age-related conditions (e.g., frailty, 
cognition, comorbidity burden)

•	 Hospital-based registries may have 
limited generalizability

•	 Variable or incomplete information 
on cancer risk factors, diagnosis, 
treatments, and outcomes

•	 Interval follow-up

•	 Data accuracy and completeness is 
variable

•	 Missing detailed cancer and clinical 
information (e.g., lab results, cognitive 
and functional assessments)

•	 Incomplete or missing data; typically 
only captures care received within a 
single health system

•	 Limited generalizability
•	 Key clinical information may be stored 

in unstructured data fields, such as 
provider notes

•	 Limited sociodemographic and clinical 
information

•	 Typically require large samples to 
determine etiologic pathways

•	 Biobank data integration is challenging

•	 Disparities in uptake of digital health 
technologies exist related to age and 
socioeconomic factors

•	 Data are often collected based on 
convenience or volunteer samples and 
may not be generalizable

•	 What are the trends over time in type 
of surgical treatment for early-stage 
breast cancer in groups characterized 
by age, race, and rurality in North 
Carolina? [10] 

•	 Are there rural versus urban disparities 
in the quality of cervical cancer care in 
North Carolina? [24] 

•	 Are older cancer survivors at increased 
risk of subclinical myocardial damage 
compared to older adults without a 
history of cancer? [40] 

•	 Are markers of frailty and comorbidity 
burden associated with worse prognosis 
in older adults with newly diagnosed 
chronic lymphocytic leukemia? [41] 

•	 Is an EHR-based frailty index (eFI) 
associated with treatment intensity 
in older adults with acute myeloid 
leukemia? [30] 

•	 Do molecular tumor characteristics 
differ according to age and race among 
women diagnosed with invasive ductal 
and lobular breast cancer in North 
Carolina? [34] 

•	 Were COVID-19 pandemic-related 
closures associated with reduced 
adherence to physical activity 
recommendations for older adults in 
cancer survivorship care?



23NCMJ vol. 85, no. 1
ncmedicaljournal.com

aging and genetic factors when determining optimal treat-
ments for older adult populations. One large cancer biobank 
in the United States is The Cancer Genome Atlas Program 
(TCGA), which has been used to understand cancer biology 
and develop novel diagnostic and therapeutic approaches 
[31]. There is also an ongoing NCI effort to establish the 
Cancer Moonshot Biobank, a central repository of biospeci-
mens that will be made available to cancer researchers [32]. 

Biobanks are often collected as part of prospective 
observational studies. For example, the All of Us Research 
Program collects blood, urine, and saliva samples from par-
ticipants [19]. In North Carolina, the Carolina Breast Cancer 
Study (CBCS) was a population-based longitudinal study 
that collected tumor and blood specimens for breast can-
cer cases to identify genetic and social risk factors for breast 
cancer [33]. The CBCS oversampled Black women and has 
been useful for assessing racial disparities in breast cancer 
risk factors [34]. 

Biobanks typically require large samples to identify 
effects, which is a key challenge to their use. In addition, 
they are often based on convenience or volunteer samples 
and may have limited generalizability. Finally, biobank data 
integration is challenging, and additional efforts are needed 
to link biobanks to other data sources. 

Digital Health Technologies
Digital health technologies include mobile health, wear-

able devices, online patient portals, and remote data col-
lection technologies. These technologies are increasingly 
playing a role in cancer care delivery and research. For 
example, data collected from wearable technologies can be 
used to assess complications related to sleep, physical activ-
ity, mobility, posture, and falls in older cancer survivors [35]. 
Prospectively collected data from wearable devices can help 
identify how physical activity and sedentary behaviors affect 
cancer risk and outcomes [36]. 

One of the key challenges related to digital health tech-
nologies is disparity in uptake related to age and socio-
economic factors [37]. In addition, data collected through 
digital technologies are often based on convenience or vol-
unteer samples and may lack diversity and detailed clini-
cal information. Efforts to link data captured using digital 
health technologies and other sources of health data can 
reduce these challenges and should be the focus for ongoing 
research efforts.

Discussion
In this commentary, we reviewed examples of non-exper-

imental big data available for conducting geriatric oncology 
research, emphasizing resources available in North Carolina. 
While we could not cover all types of big data, we focused 
on resources that are particularly valuable for improving the 
geriatric oncology evidence base. We highlighted papers that 
used big data to identify and address health disparities. Big 
data typically includes diverse samples that better reflect 

older adults seen in routine oncology practice than highly 
controlled clinical trials. North Carolina, which has a diverse 
population with respect to age, race, ethnicity, geography, 
and socioeconomic status, is a useful setting for cancer dis-
parities work.

Although big data is a promising solution for improving 
the geriatric oncology evidence base, it is subject to bias and 
requires careful consideration of study design and appro-
priateness for use. For example, insurance claims and EHR 
data are collected outside the realm of scientific inquiry and 
data on function and cognition are variable. Optimizing the 
measurement of important age-related conditions is critical 
for advancing this field. Data linkages are valuable tools for 
limiting biases that are common when analyzing non-exper-
imental data. For example, while a limitation of Medicare 
claims data is a lack of granular cancer information, linkage 
with the SEER cancer registries allows researchers to harness 
the strengths of both resources. Future efforts are needed to 
create additional data linkages as digital health care capabili-
ties continue to grow.

There are many research questions for which clinical trials 
are still necessary and there remains a critical need to build 
inclusive models for trials that adequately represent all older 
adults [38]. These efforts have been the focus of several 
domestic and international partnerships and institutions, 
including the International Society of Geriatric Oncology’s 
Cancer and Aging Research Group, and the Rising Tide 
Foundation. In addition, novel hybrid design approaches that 
incorporate both trial data and big data can improve the gen-
eralizability of trial findings while reducing the concern for 
bias in non-experimental studies [39].   
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