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I am planning to investigate the longitudinal rela-

tionship between childhood obesity and cardiovascular 

diseases (CVD). Given the nuances of this relation-

ship – involving life-course epidemiology, evolving 

diagnostic criteria, and complex confounders – I plan 

to analyze a large existing database. Any suggestions 

on what one needs to be careful about?

Using large existing databases can be a powerful 

approach, but it requires careful consideration of sev-

eral conceptual, methodological, and practical issues. 

1. Introduction

Before undertaking analyses, it is essential to 

understand how these databases were established and 

to be familiar with the major databases available within 

the relevant field. Such preliminary understanding 

helps investigators identify resources appropriate for 

their specific study objectives. In particular, it facilitates 

the assessment of measurement validity, the general-

izability of findings, the suitability of analytic strategies, 

and the ethical and legal constraints governing data 

use. Critically, a database’s origin and original purpose 

often have greater implications for research validity 

than its size alone.
1

1.1 Types of biomedical databases

Large biomedical databases are systematically 

organized collections of health-related data derived 

from population-based studies, healthcare systems, 

or research cohorts. These databases are typically 

established to support:

•	 Epidemiologic research

•	 Clinical and health services research

•	 Public health surveillance

•	 Quality improvement

•	 Precision medicine

They often integrate biological, clinical, behav-

ioral, and demographic data, collected either pro-

spectively or retrospectively and, in many cases, 

longitudinally. Data originating from electronic health 

records (EHRs) represent a major and increasingly 

important component, capturing information from rou-

tine clinical care across large and diverse populations.

1.2 Database creation

These databases are generally established through 

one (or a combination) of the following pathways.

1.2.1 Population-based cohort studies

These databases are established by recruiting 

participants from defined populations and following 

them longitudinally with standardized data collection. 

Examples include the Bogalusa Heart Study and the 

Framingham Heart Study.

1.2.2 Healthcare system-derived databases 

(administrative & EHR)

These databases are derived from routine clini-

cal care and billing systems. Examples include Kaiser 

Permanente EHR databases and the National Patient-

Centered Clinical Research Network (PCORnet).

1.2.3 Disease- or condition-specific registries

These databases focus on patients with spe-

cific diseases or conditions. Examples include the 

Surveillance, Epidemiology, and End Results (SEER) 

Program, a population-based cancer registry, and the 

Pediatric Cardiac Quality Improvement Collaborative.
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confounders, and what constitutes a clinically mean-

ingful result.

The first interaction with a large database should 

focus on orientation rather than inference. Key ques-

tions include the scale of the database, its structure, 

the unit of analysis, and whether the data are rela-

tional, longitudinal, or transactional. Equally important 

is understanding data provenance: who collected the 

data, for what purpose, and under what operational 

or regulatory constraints. Data should be viewed as a 

form of evidence, and evidence cannot be separated 

from the process that produced it.

2.2 Understanding the data-generating  

process (DGP)

In biomedical research, the DGP is typically a com-

plex combination of biological mechanisms, clinical 

workflows, human decision-making, and technological 

systems. Understanding this process requires investi-

gators to ask context-specific questions such as:

•	 Was a child’s BMI percentile calculated from a 

measured height and weight during a well-child 

visit, or was it self-reported?

•	 If a sudden spike is observed in a laboratory value, 

does it reflect a true physiological event or a system-

atic artifact, such as a batch effect due to changes 

in reagents?

•	 Was the data captured automatically by a bed-

side monitor, or manually transcribed hours later 

by clinical staff, introducing potential recall or tran-

scription errors?

Failure to understand the DGP can lead to confi-

dent but fundamentally flawed conclusions.

2.3 Proxies, triangulation, and reconstructing 

“Ground Truth”

In many large databases, clinical states are often 

not directly observed but represented through prox-

ies. For example, an ICD-10 billing code for obesity 

reflects administrative documentation rather than a 

definitive clinical diagnosis. A patient may carry the 

1.2.4 Biobanks and omics-integrated databases

These databases combine biological specimens 

with clinical and phenotypic data. Examples include 

the UK Biobank and the All of Us Research Program.

1.2.5 Surveillance and public health  

monitoring systems

These databases are designed for population-level 

monitoring and are often cross-sectional or repeated 

cross-sectional. Examples include the National Health 

and Nutrition Examination Survey (NHANES) and the 

Behavioral Risk Factor Surveillance System (BRFSS).

For a study of childhood obesity and CVD, an 

ideal database would be a longitudinal cohort or bio-

bank with repeated anthropometric measures from 

childhood, long-term follow-up into adulthood, and 

validated CVD outcome assessments.

2. Data Quality, Validation, and the 

“Ground Truth”

Before advanced statistical models or causal 

inferences are attempted, investigators must ask a 

fundamental question: What does the data truly rep-

resent? When working with large existing databases, 

it is therefore necessary to move beyond a mindset 

of simple data cleaning toward rigorous data auditing 

and validation.

This stage is not about extracting answers but 

about determining whether the database can cred-

ibly support the research questions being asked. 

Establishing the most accurate possible representa-

tion of the underlying data-generating process – the 

closest feasible approximation to ground truth – is 

essential before conducting any hypothesis-driven 

analyses.
2

2.1 Defining the investigative objective 

Before examining the database itself, investiga-

tors must clearly articulate the objective of the analy-

sis. This includes defining exposure, e.g., “childhood 

obesity,” the outcome, e.g., “incident CVD,” the key 
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code for reimbursement purposes while not meeting 

formal diagnostic criteria.

Approximating ground truth therefore requires tri-

angulation across multiple data sources. A robust defi-

nition of “childhood obesity exposure” might require:

•	 Diagnosis codes for obesity.

•	 Anthropometric data: BMI percentiles derived from 

recorded height/weight.

•	 Medication records: Prescriptions for weight 

management.

•	 Natural Language Processing (NLP): Keywords in 

clinical notes.

Similarly, a “CVD outcome” might combine diag-

nosis codes, procedure codes (e.g., stent placement), 

medication initiations (e.g., anticoagulants), and ele-

vated cardiac biomarkers. This approach to outcome 

validation is a cornerstone of valid research using real-

world data.
3

2.4 Missing data as information

Standard data cleaning approaches often treat 

missing data as a technical nuisance to be corrected. 

Rigorous data auditing instead treats missing data as 

a potential source of information.

Missing values may reflect informative censoring – 

for example, missing follow-up BMI data because an 

obese adolescent disengaged from the healthcare sys-

tem, a potential risk factor for later CVD. Alternatively, 

missing data may arise from structural issues (e.g., 

a clinic changed EHR systems). Data are often not 

missing at random, and naive handling (e.g., com-

plete-case analysis) can bias results by systemati-

cally excluding vulnerable subpopulations.
4

2.5 Data integrity, provenance, and  

structural validation

Beyond individual variables, investigators must 

assess overall data integrity. Discrepancies between 

data dictionaries and actual values are common and 

may signal quality issues. Manually entered data 

are susceptible to human error, while automatically 

captured data may suffer from sensor malfunctions or 

software glitches.

Structural validation should be performed to con-

firm that:

•	 The unit of analysis is correctly understood.

•	 Measurement units are consistent (e.g., inches vs. 

centimeters)

•	 Duplicate records are identified and removed.

•	 Temporal logic is preserved (e.g., admission dates 

preceded discharge dates)

Exploratory data analysis at this stage is used not to 

identify associations, but to detect anomalies, implau-

sible values, and internal inconsistencies. Multivariate 

visualizations, such as scatter plots between biolog-

ically related measures, are often more informative 

than univariate summaries.

2.6 Documentation, ethics, and reproducibility

Throughout the initial analysis, careful documen-

tation is essential. Assumptions, exclusions, data lim-

itations, and analytical decisions should be recorded 

systematically to support transparency and repro-

ducibility. Analyses should be conducted on a frozen 

snapshot of the database, especially for data with 

ongoing data collection, to prevent results from shift-

ing as data are updated.

All data auditing and validation procedures must 

be conducted in compliance with relevant regulatory 

frameworks, such as the Health Insurance Portability 

and Accountability Act (HIPAA) in the United States 

or the General Data Protection Regulation (GDPR) in 

the European Union. Analyses should be performed 

within secure institutional environments, and raw data 

should never be altered directly. Any identified sys-

temic data issues should be communicated to data 

providers to support future data quality improvements.

3. Data Standardization, Harmonization, 

and Scalability

Following rigorous data auditing and validation, 

it is often necessary to perform data standardization 
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and harmonization, particularly when working with 

multi-source data.

To enable large-scale analyses, databases com-

monly rely on:

•	 Standardized coding systems, such as ICD, 

SNOMED and LOINC.

•	 Common data models, such as OMOP and 

PCORnet.

•	 Harmonization protocols, which align variables 

across cohorts, institutions, or study waves.

While these frameworks are essential for integra-

tive analyses, they may introduce interpretive uncer-

tainty. Differences in coding practices, measurement 

protocols, or clinical workflows can persist even 

after harmonization, potentially affecting compara-

bility across data sources. Initiatives like the OHDSI/

OMOP network provide frameworks but still require 

careful application to specific research questions.
5

In addition, large biomedical databases impose 

computational and scalability constraints that influ-

ence analytic choices. Investigators must con-

sider whether data can be processed in memory or 

require database-backed or distributed computing 

approaches. Maintaining complete audit trails for all 

data transformations is essential for transparency 

and reproducibility.

4. Statistical Power Consideration

In the context of large biomedical databases, the 

traditional concern – “Is my sample size too small?” – 

often changes to “How do I interpret findings from 

this massive sample?” With data from hundreds of 

thousands, the risk shifts from Type II error (missing 

a real effect) to Type I error (inflation and spurious 

significance).

4.1 Statistical power and effect size

With N > 100,000, even biologically trivial differ-

ences (e.g., a 0.2 kg/m² difference in childhood BMI) 

can yield p < 0.001. Therefore, the investigative focus 

must shift decisively from statistical significance to 

clinical or public health significance, as judged by the 

magnitude of the effect size (e.g., Hazard Ratio, Odds 

Ratio, Cohen’s d). Pre-specifying minimal clinically 

important difference thresholds for key outcomes is 

crucial.

4.2 Sources of noise and heterogeneity

Large databases introduce unique challenges 

that can increase variance:

•	 Heterogenous population: Unlike randomized tri-

als, large databases collect data from very het-

erogeneous groups, often including different age 

groups, health conditions, race/ethnicities, etc. 

Therefore, data variation can be substantially 

higher than that from a small trial with a focused 

population.

•	 Measurement Inconsistency: Data from different 

sources may use different devices, assays, or pro-

tocols (e.g., various scales and stadiometers for 

height/weight), adding non-differential misclassifi-

cation and noise. 

4.3 The “Effective” sample size

In large databases, the “analytic” sample size 

is rarely equal to the number of subjects initially 

enrolled. For example, for a datasets with a million 

subjects, after excluding records with missing labora-

tory values, insufficient follow-up time, or unconfirmed 

diagnoses, only 50,000 subjects may have valid data. 

In addition, when subgroup analyses are performed, 

some subgroups may contain unexpectedly small 

numbers of subjects, resulting in lower-than-antici-

pated statistical power. The missing data may not be 

random or uniformly distributed with respect to impor-

tant variables introducing a selection bias and leading 

to invalid conclusions. 

 5. Common Limitations and Pitfalls 

Several pitfalls could render the analysis of a 

large dataset invalid:
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•	 Overreliance on data volume – neglecting data 

quality and context.

•	 Using simplistic proxies (e.g., a single obesity 

code) without validation or triangulation, leading to 

biased effect estimates.

•	 Confounding factors might not be accounted for – 

for example, obese children may have more clinical 

encounters, increasing the likelihood of detecting 

incidental findings or being tested for conditions 

like dyslipidemia, creating a false association with 

CVD.

•	 Time-Varying Confounding: Certain risk factors 

can change over time, which are not appropriately 

modeled.

•	 Selectively focusing on patterns that align with 

prior expectations or conducting unrestricted 

exploratory analyses without hypothesis testing, 

increasing false discovery rates.
6

•	 Applying complex machine learning or causal 

inference models before understanding the basic 

structure and flaws of the data.

Avoiding these pitfalls requires disciplinary humil-

ity, a willingness to revise assumptions, and a meth-

odology that prioritizes understanding over speed.

Initial analysis of a large database is both a tech-

nical and intellectual exercise. For investigators and 

data analysts, it represents the foundation upon which 

all subsequent findings rest. By prioritizing under-

standing over speed and context over complexity, ana-

lysts can ensure that their conclusions are grounded, 

defensible, and meaningful.
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