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Abstract

The continuously increasing prevalence of severe asthma has imposed an increasing 
burden worldwide. Despite the emergence of novel therapeutic agents, management 
of severe asthma remains challenging. Insights garnered from big data may be helpful 
in the effort to determine the complex nature of severe asthma. In the field of asthma 
research, a vast amount of big data from various sources, including electronic health 
records, national claims data, and international cohorts, is now available. However, un-
derstanding of the strengths and limitations is required for proper utilization of specific 
datasets. Use of big data, along with advancements in artificial intelligence techniques, 
could potentially facilitate the practice of precision medicine in management of severe 
asthma.
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Introduction

Recent advancements in science and technology have 
led to exponential expansion of the healthcare data1. 
Data reaching complexity and size beyond the capacity 
of conventional data processing methods is known as 
big data2. Compared with traditional small datasets, 
the advantages of big data include cost-effectiveness 
and reduced reliance on statistical estimation, assump-
tions, and adjustments3,4. It may also provide more 
accurate information regarding patients’ real-world 
experiences5. Thus, utilization of big data may lead to 
conduct of innovative trials and novel discoveries in a 
variety of research fields, including respiratory medi-
cine6.

Although only a small portion of patients with asthma 
are affected by severe asthma, its burden is signifi-
cant7,8. Thanks to the development of newer therapeu-
tic agents, management of severe asthma has shown 
significant improvement in recent years9,10. However, 
research conducted on severe asthma is still limited, 
and can be challenging due to the limited number of 
patients with severe asthma. Fortunately, advances 

in digital technology have facilitated the collection of 
big data, providing new opportunities for conduct of 
research on severe asthma11. However, an understand-
ing of the strengths and limitations inherent to each 
dataset is required for effective utilization of big data. 
This review will focus on sources of big data as well as 
relevant research on severe asthma.

Available Dataset

We propose classifying sources of big data for use in 
research on severe asthma according to their source 
of generation: electronic health records (EHRs), claims 
data, and cohort data. These sources can be further 
classified based on their origin within the category of 
EHR data, such as single center versus multicenter and 
primary care versus referral hospital data. In a similar 
manner, claims and cohort data can be divided accord-
ing to single-country versus multiple-country datasets. 
The strengths and weaknesses of the available dataset 
are summarized in Table 1.

Table 1. Available big data and their strengths and weaknesses

Dataset Type Strength Weakness

Optum EHR Longitudinal data
Detailed clinical information
Linkage to other datasets

High cost for data utilization
Lack of data standardization

Optimum Patient Care EHR Detailed clinical information
Collaborative network

Lack of data standardization
Mostly primary care-based population

USA CMS Claims data Large number
Longitudinal data

Uncertainty in asthma diagnosis
Lack of clinical details
Mostly elderly (≥65 years) and low-

income population

IBM MarketScan Claims data Large number
Linkage to other datasets

High cost for data utilization
Uncertainty in asthma diagnosis
Lack of demographic details (e.g., race 

and income)

Korea NHIS/HIRA Claims data Large number
Longitudinal data
Nationwide data
Standardized data
Linkage to other datasets

Uncertainty in asthma diagnosis
Lack of clinical details

ISAR Claims Globalized data
Longitudinal data
Patients-centered, high-quality, and 

standardized data
Updated quickly

Relatively small number
Unequal ethnic registration

EHR: electronic health record; CMS: Centers for Medicare and Medicaid Services; NHIS: Korean National Health Insurance Service; 
HIRA: Health Insurance Review and Assessment; ISAR: International Severe Asthma Registry.



Big data and severe asthma

https://e-trd.org/Tuberc Respir Dis 2024;87:213-220 215

1. Electronic health record data
Recent advances in artificial intelligence (AI) technol-
ogy and cloud computing have led to the emergence 
of commercial big data companies, and several soft-
ware programs have been developed for extraction of 
various types of information from EHRs12. These tech-
nological breakthroughs have enabled the conduct of 
research on severe asthma utilizing large-scale EHR 
data. One weakness is that the quality of data can vary 
across the healthcare providers. In addition, the cost 
of extracting EHRs data can be substantial. The specif-
ic clinical setting from which EHR data originate may 
affect the representativeness of the data, which could 
lead to selection bias. However, due to the abundance 
of clinical information, including pulmonary function 
tests, large number of patients, and long-term duration 
of follow-up, this dataset can be considered useful for 
providing real-world evidence.

Optum, a healthcare services and technology com-
pany based in the United States, which offers ‘Optum 
EHR data13,’ is one of the largest healthcare organiza-
tions worldwide, with a database of nearly 4 million 
EHR data, of which 3.2 million are linked to claims data. 
The dataset includes a wide range of covariates, in-
cluding pulmonary function tests, laboratory findings, 
and healthcare costs, thus, it is regarded as a valuable 
source of medical information on severe asthma. In ad-
dition, the Optimum Patient Care (OPC) dataset, a not-
for-profit social enterprise based in the United Kingdom 
(UK) that manages the OPC research database, is also 
available14. This dataset contains de-identified EHR 
data from general practices across the UK, comprising 
22 million patients from over 1,000 general practice 
sites. The dataset has a well-established collaborative 
network, which offers a unique advantage. Collection 
of data by the OPC has expanded beyond the bound-
aries of UK, even including Australia. The International 
Severe Asthma Registry (ISAR) is also based on the 
OPC system for collection of data15.

2. Claims data
Claims data is automatically generated in the health-
care process, and well-organized nationwide claims 
datasets have already established in some countries16. 
Despite limitations to accessibility of data, its strengths 
include size, speed, cost-efficiency, and expandability 
to other datasets. However, the lack of clinical details 
may reduce its usefulness, necessitating the use of 
operational definitions for identifying specific patient 
groups or events for study. For example, differentiating 
between difficult-to-treat asthma and severe asthma 
can be challenging based solely on International Clas-

sification of Disease 10th revision codes. Integrating 
prescription data and healthcare utilization patterns 
may be helpful in the effort to address this issue, mak-
ing the data more suitable for use in conducting of ro-
bust research.

The USA Centers for Medicare and Medicaid Ser-
vices (CMS)17, a federal agency that offers a govern-
ment-funded healthcare program covering almost 95% 
of United States citizens aged 65 or older, is a well-
known example of claims data. Data collected from this 
program include healthcare utilization, costs, disease 
outcomes, and beneficiary demographics. Due to the 
long history of this system, longitudinal studies have 
been conducted over extended periods. However, a 
significant limitation of CMS data is its primary focus 
on the elderly population, which may not fully repre-
sent the broad spectrum of the disease. IBM (Interna-
tional Business Machines Corporation) MarketScan 
Research Databases, formerly known as Truven Health 
MarketScan Research Databases, which also provide 
claims data in the United States18, includes reimbursed 
healthcare claims data from more than 250 private 
health insurance plans for employees, retirees, and 
their dependents. They are also linked to other useful 
data, including EHR and mortality. This dataset covers 
more than 30 million people, excluding those enrolled 
in medicaid health insurance plans. However, access-
ing this dataset can be costly, and it raises issues re-
garding generalizability due to limited coverage from 
private insurance plans, which may result in selection 
bias.

The Korean National Health Insurance Service (NHIS) 
and Health Insurance Review and Assessment (HIRA) 
database, in South Korea, is a comprehensive claims 
dataset19. This database, which is administered by the 
Korean government, covers almost 97% of the Kore-
an population through a compulsory universal health 
insurance program. The greatest strength of these 
datasets is the universal coverage of Korean citizens, 
ensuring a high level of representativeness. It also 
includes regular health check-up data, providing valu-
able information, including anthropometric measures, 
changes in personal habits (smoking, alcohol drinking, 
and physical activity), and laboratory data20,21. In addi-
tion, it can also be linked to other datasets, including 
the Korea National Health and Nutrition Examination 
Survey22. However, its historical span is not as long as 
that of CMS data. Like other claims datasets, the lack 
of clinical details, including pulmonary function tests, is 
also a weakness of the NHIS and HIRA databases.
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3. Cohort data
Although cohort data are not typically considered big 
data, due to the relatively lower threshold for what is 
considered ‘big’ in such diseases, they may be con-
sidered in the case of certain rare diseases. Collab-
oration among multinational cohorts can generate a 
large dataset comparable to that of conventional big 
data. Establishment and maintenance of a nationwide 
severe asthma cohort has been achieved in recent 
years. Efforts to combine severe asthma cohorts from 
multiple countries for creation of an international reg-
istry, the ISAR, are underway. The goal of the ISAR, 
which plays an important role in conduct of research 
on severe asthma15. One significant advantage of this 
international cohort is accuracy in diagnosing severe 
asthma and the abundance of severe asthma-related 
data. However, the number of patients may be smaller 
when compared with EHR data, and primary care pa-
tients are generally not included. Nevertheless, during 
the first three years, more than 5,000 patients with se-
vere asthma were recruited by the ISAR. Because this 
cohort is ongoing, it is expected that its volume will 
eventually be comparable to that of other big data. Of 
particular importance, the ISAR also provides detailed 
demographics and medication data, including the use 
of biologics, an important medication in management 
of severe asthma. Therefore, the results of novel treat-
ment, such as newer biologics, can be rapidly updated 
in dataset. The remaining challenges is recruitment of 
patients from diverse ethnicities and regions to ensure 
acquisition of unbiased data for the specific race or 
country.

Appropriate Big Data Utilization in Severe 
Asthma Research

1. Example 1
EHR data can be used for acquisition of real-world data 
on treatments for severe asthma. Using the Optum 
dataset, Jeffery et al.23 attempted to determine the risk 
of exacerbation in patients with severe asthma follow-
ing discontinuation of biologics. In the results of the 
study, which included approximately 2,500 patients 
with severe asthma who had used biological agents for 
more than 6 months, a similar risk of asthma exacerba-
tion was observed between stoppers and continuers.

By contrast, the results of a randomized controlled 
trial (RCT) examining the use of mepolizumab conflict-
ed with findings reported by Jeffery et al.23, suggesting 
a potential association between discontinuing mepo-
lizumab and an increased risk of exacerbation24. This 
discrepancy could be due to differences in the study 

populations, methodologies, or definitions. Despite the 
possibility of biased outcomes, the use of well-orga-
nized study methods using EHR data could potentially 
lead to replacement of several RCTs25.

EHR dataset can also be helpful in the conduct of a 
novel type of research on severe asthma. For example, 
Ryan et al.26, examined the treatment patterns and out-
comes for patients with the potential for having severe 
asthma based on their referral status. The study, which 
combined data from Optimum Patient Care Research 
Database (OPCRD) and ISAR, enrolled more than 
200,000 patients who underwent treatment for asthma 
in primary care and referral hospitals. Based on the 
findings of the study, many patients with the potential 
for having severe asthma in primary care who were not 
acknowledged could benefit from referral to an asthma 
specialist. Conduct of similar study, including a large 
number of patients representing different levels of care, 
using traditional datasets is not possible.

2. Example 2
Comprehensive information on drug use nationwide 
from claims data may be useful in the conduct of phar-
macoepidemiologic research on severe asthma. Hong 
et al.27 used claims data in evaluating the cost-effec-
tiveness of adding tiotropium to the inhaled corticoste-
roid/long-acting beta-2-agonist in elderly patients with 
severe asthma. According to their findings, the incre-
mental cost-effectiveness ratio was 60,074 US dollars/
quality-adjusted life years, suggesting the cost-effec-
tiveness of add-on tiotropium for treatment of severe 
asthma. Such findings can provide knowledge that 
can be used in decision making in treatment of severe 
asthma, including approval for new drugs and national 
insurance coverage for costly treatments.

Due to large size and extended follow-up period, 
claims data can be used for evaluating long-term out-
comes, and it can be regarded as an effective and af-
fordable approach to conduct of mortality studies. Lee 
et al.28 conducted a study using Korea NHIS data for 
tracking the long-term outcomes for patients with oral 
corticosteroid (OCS)-dependent asthma. The result 
of the study, which included almost 10,000 patients, 
indicated that death was more common among these 
patients compared to those with OCS-independent 
asthma during follow-up periods of more than 10 years. 
These types of studies are considered more reliable 
due to their larger sample size and cost-effectiveness 
compared to the cohort study or RCTs.

3. Example 3
Data from a global cohort can be utilized to study the 
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characteristics of severe asthma worldwide. Wang et 
al.29 revealed on the diverse nature of severe asthma 
across different countries using the ISAR data. The 
strengths of this study include the diverse registry data, 
and representative of real-world patients compared to 
data collected in RCTs. The global cohort also can be 
used in examination of racial and ethnic differences in 
severe asthma. Chen et al.30 reported significant dis-
parities in the use of biologics among different racial 
groups. The findings of these studies demonstrated 
that global data on severe asthma can be helpful in the 
effort to understand how regional and cultural charac-
teristics are compared internationally, which can be 
regarded as valuable information in the practice of pre-
cision medicine31,32.

Current and Future Directions in Big Data 
Research on Severe Asthma

1. Current engagement in big data research
The usefulness of data based on the purpose should 

be determined prior to initiation of research on se-
vere asthma using big data33, which can be critical in 
development of a meaningful and effective research 
plan. Use of prospective data can provide a valuable 
opportunity for evaluating treatment outcomes, en-
abling robust examination of causal relationships34. 
However, when the objective is to evaluate epidemio-
logical outcomes, use of large-scale cross-sectional 
data would be the preferred choice35. In addition to 
data compatibility, close collaboration between clini-
cians and data scientists is important for optimizing 
the outcomes. The success of the collaboration will 
depend on effective communication and mutual under-
standing between experts. Clinicians provide in-depth 
knowledge of the domain, insights regarding patients, 
and medical expertise, while data scientists contribute 
their analytical knowledge and data manipulation skills. 
Collaborative synergies of these two different domains 
could enable a comprehensive approach to treatment 
of severe asthma, which will lead to determination of 
the phenotype and endotype of severe asthma, identifi-

Severe asthma

Heterogeneity

Precision
medicine

Big
data

Unraveling
phenotype & endotype

Searching for
biomarkers

Predicting
effect of medication

Figure 1. Precision medicine for management of severe asthma using big data. 
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Figure 2. Generation and utilization of big data using artificial intelligence (AI). OCR: optical character recognition; NLP: 
natural language processing; EHR: electronic health record.
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cation of novel biomarkers, and prediction of the medi-
cation effects (Figure 1).

2. Artificial intelligence
With the continuing development of AI technology, both 
the generation and utilization of big data will include 
appropriate use of AI (Figure 2). Optical character rec-
ognition (OCR) can be utilized effectively when using 
non-digital data. OCR is a technology used to convert 
different types of documents, including hand-written 
documents, facilitating the transition of traditional med-
ical records into EHRs36. Use of natural language pro-
cessing, a branch of AI, can enables comprehension of 
human language based on algorithms by the computer 
for identification of natural language rules. Use of these 
new technologies can enable interpretation and orga-
nization of unstructured data, including free-text nar-
ratives in medical charts, thereby optimizing the use of 
EHRs in conduct of medical research. This effort may 
lead to attainment of critical clinical insights from large 
and non-standardized EHR datasets for improvement 
of research and clinical practice in treatment of severe 
asthma37.

Phenotyping, diagnosis, and management of severe 
asthma pose numerous challenges, which might be 
supported with use of AI technologies. Clustering of 
diseases, extraction of essential features, and pre-
diction of outcomes can be performed without the 
direction of the researcher using unsupervised AI al-
gorithms38. Combining new AI techniques and big data 
could lead to development of an innovative approach 
to treatment of severe asthma research39. However, 
because a significant portion of the available data, 
which contains an abundance of clinical information, 
is cross-sectional or retrospective, prospective longi-
tudinal data essential for developing robust prediction 
models of treatment responses is limited. In addition 
to the longitudinal dataset, concerted efforts toward 
integration and consolidation of sparse data into a uni-
fied framework will also be required. Utilization of big 
data, along with advancements in AI techniques, will 
be helpful to clinicians in making prudent decisions in 
management of severe asthma.

Conclusion

The potential for use of big data as a valuable resource 
in conduct of research on severe asthma is significant. 
Thoughtful consideration of the types and design 
of research questions is required for leveraging the 
strengths of big data. With the assistance of AI tech-
nologies, insights garnered from use of big data can be 

helpful in the practice of precision medicine for treat-
ment of severe asthma.
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