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FROM THE EDITOR 
How Historical Legacies Inform Contemporary Epidemiology and 
Medicine 
Emily L. Graul, MSc and Christopher K. Wong, MD, MSc 
 
Essential to the practice of evidence-based medicine are concurrent and recurrent 
epidemiological analyses of health determinants and outcomes that are well-designed, 
high-quality, and transparent interventional and noninterventional studies.1,2,3,4,5,6,7,8,9 
The disciplines of medicine and epidemiology are closely intertwined and share the aim 
of improving health and well-being but are distinguished by their scope: medicine 
centers on personalized health care for individuals and families, whereas epidemiology 
encompasses and studies the health of populations. 
 
Their intersection gives rise to notable ethics questions regarding marginalized 
communities that are typically excluded from or underrepresented in analyses, as well 
as people lost to follow-up in trials or misrepresented, mis-sampled, or mis-aggregated 
in data.10,11,12 These communities’ members are also typically ones health systems 
disproportionately and inequitably fail to reach: those who are uninsured or 
underinsured or have job, transportation, or food insecurity; those who live with chronic 
illnesses or disabilities; or those who experience language and cultural barriers when 
attempting to access care. Epidemiological data thus reflect wider social and structural 
inequity, biasing how evidence is applied in clinical practice: specifically, guidelines and 
formulas that draw upon epidemiological research can stem from and propagate social 
and institutional biases, exacerbating health inequity.13,14,15 Some consequences of 
inequity include individuals’ and communities’ distrust of health care and of how their 
data are categorized in research and used.16 

 
In this issue of the AMA Journal of Ethics, we asked contributors to focus on both the 
past and the present when addressing why interfaces between epidemiology and 
medicine are clinically and ethically significant. Epidemiology and health research have 
contributed to medicine’s advancement, but such efforts have had ethical shortcomings 
that deserve attention. Contributors to this issue consider topics such as the inception 
of epidemiology’s and medicine’s integration as part of colonialism and industrialization 
and how these historical legacies undermine both fields today. They also outline the 
relationships between various institutions and organizations that play roles in bridging 
epidemiology and medicine for evidence-based health care, including the parties that 
provide health care; encode data on people’s health information; store, process, and 
interpret data for research; and translate epidemiological findings into clinical practice 
guidelines. Furthermore, contributors cover the role of institutions that educate health 

https://journalofethics.ama-assn.org/article/lessons-political-history-epidemiology-divisive-times/2025-01
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practitioners and researchers, including fostering awareness of epidemiological bias. 
Finally, our issue’s experts outline the origins of today’s health data coding and 
classification systems and canvass the myriad complexities of thoughtfully handling 
data. At the heart of all of these endeavors is building and maintaining trust and respect 
among persons whose experiences are represented by data, clinicians caring for 
patients, and clinician-scientists who use patients’ data. 
 
By examining historical and present convergences of medicine and epidemiology and 
implications of those convergences, we aim to support clinicians taking a critical eye to 
evidence that should inform competent, compassionate practice while enhancing 
epidemiologists’ consideration of peoples’ lived experiences as they work to generate 
evidence from data. We hope this issue can serve as a lens and resource for clinicians 
and trainees to improve health care practice, health research, clinical outcomes, and 
equity. 
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CASE AND COMMENTARY: PEER-REVIEWED ARTICLE 
Whom Should We Regard as Responsible for Health Record Inaccuracies 
That Hinder Population-Based Fact Finding? 
Kathleen M. Akgün, MD, MS and Shelli L. Feder, PhD, APRN 
 

Abstract 
Electronic health records (EHRs) have revolutionized the scale, speed, 
and granularity at which health data can be collated and summarized for 
epidemiologic purposes. However, population-level analyses of patient-
level data are only as reliable as the accuracy or completeness of patient 
reporting, clinician data entry, and how systems are programmed. This 
commentary on a case argues that responsibility for the validity of EHR 
data should be shared among key stakeholders, including patients. This 
commentary also proposes models for EHR data inquiry, data entry, and 
review processes that incorporate roles of community partners, frontline 
clinicians, and health science experts. 

 
Case 
T is a 43-year-old woman who has well-controlled asthma and visits Dr A for an annual 
checkup from a rural part of the state. Dr A reviews T’s electronic health record (EHR), 
noting no documentation of COVID-19 vaccination. Dr A remembers results from a 
national study that rurality was associated with decreased odds for vaccination and asks 
T about her reasons for not getting any shots. “I did get 2 shots last year, but I didn’t get 
them here. That’s probably why you’re not seeing them. I plan to get a booster as soon 
it’s available.” 
 
Dr A wonders why many other patients’ EHRs contain incomplete or inaccurate 
information and why. “Not only does this affect how I plan my time with my patients, but 
poor-quality data hinders epidemiological surveillance and tracking of population-level 
vaccine uptake. Wasn’t the harrowing transition we’ve all just made to EHRs supposed 
to eliminate problems like this?” 
 
Commentary 
EHRs have become ubiquitous in clinical care in economically developed settings, 
including much of the United States. We review the evolution of these tools from their 
use in clinical care and billing to population-level health studies and pragmatic clinical 
trials. We then identify sources of biases and inaccuracies in EHR data and consider the 
ethics and consequences of using EHR-based data in research. Finally, we discuss the 
responsibilities of maintaining EHR data accuracy and propose ways to promote 
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engagement among key stakeholders (eg, health care systems and payers, EHR 
developers, patients, clinicians, and researchers) in building an accurate, representative 
EHR. We illustrate these issues in a study of vaccination outcomes for patients enrolled 
in rural and urban health systems. 
 
Brief History of the EHR 
Clinical information systems were the predecessors of the modern-day EHR and were 
first utilized in single clinical sites as early as the 1960s.1 Efforts to transform health 
record keeping with EHR technology were promulgated with the development of the 
Department of Veteran Affairs’ VistA and Computerized Patient Record System in the 
1970s and 1980s.1 Since then, health care organizations have been incentivized—and 
eventually mandated—to transition from paper charts to EHRs: first with the passage of 
the Health Information Technology for Economic and Clinical Health Act (HITECH) as part 
of the 2009 American Recovery and Reinvestment Act. Through incentive payments, 
HITECH sought to maximize EHRs’ potential to improve patient safety (including by 
minimizing illegible handwriting and standardizing health data collection, entry, and 
reporting) and build EHRs into the scaffolding of health care delivery.2 With the passage 
of the 21st Century Cures Act in 2016, the HITECH regulations were expanded to require 
the use of EHRs.3 

 
In addition to improving patient safety, the EHR has been a boon for researchers. The 
proliferation of the EHR has enhanced the analyzability of clinical encounters through 
typed clinical note documentation accompanied by structured billing codes. Patient 
demographics are routinely collected and grouped by researchers to estimate the 
prevalence of health behaviors, determine at-risk patient populations, identify health 
disparities, and screen potential participants for clinical trial enrollment.4 Epidemiologic 
studies based on EHR data are critical for measuring population-level outcomes, 
including hospitalization or death. EHRs also allow for standardized data collection with 
the use and dissemination of templates for clinical notes, transforming unstructured text 
into structured data elements that can be easily extracted from the EHR.5 

 
Sources of Error in EHR Data 
Although the EHR has many benefits, limitations of data collection can affect data 
quality and bias research findings. Common domains of EHR data quality for research 
purposes include accuracy, completeness, consistency, credibility, and timeliness (see 
Table 1).6 
 

Table 1. Quality Domains for Data in the Electronic Health Record 
Quality domain Definition Example from vaccination scenario 

Accuracy Extent to which data in EHR is valid 
“representation of the real-world value” 

Vaccine receipt would indicate patient was 
vaccinated  

Completeness Frequency of missing data and patterns Vaccine status entered across rural, suburban 
settings independent of race or ethnicity or payer 

Consistency Predictability of data collected in 
different systems or databases 

Vaccine data across systems (eg, Medicare, VHA) 
uses comparable variable definitions 

Credibility Plausibility, believability of data Dates of vaccination begin after vaccine available 
(12/14/20) and do not exceed present day 

Timeliness Lapse of time between data entry and 
ability to measure variable of interest 

Vaccine data collated by week following launch of 
vaccination campaign to report vaccination trends 

Domains and definitions adapted from Feder.6 

Abbreviations: EHR, electronic health record; VA, Veterans Health Administration. 

https://journalofethics.ama-assn.org/article/what-should-clinicians-know-about-how-coding-influences-epidemiological-research/2025-01
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Like any system data, EHR data are only as strong as their inputs.4 As the case 
illustrates, barriers to accurate vaccination documentation begin with the patient-
clinician interaction. Inaccurate data inputs may result from poor patient-clinician 
communication and a lack of patient understanding or opportunity to ask for clarification 
about the questions being asked.1 When reviewing their EHR, patients not uncommonly 
perceive mistakes.7 Among 22 889 US participants of the OpenNotes study who read 
their notes and completed error questions, 4830 (21%) identified an EHR mistake, 
2043 (42%) of whom reported that the mistake was serious.8 In addition to mistakes, 
time constraints could lead to inaccurate EHR data. Additional sources of inaccurate 
data, which are intrinsic to clinical care and not unique to the EHR, include patient 
preferences regarding disclosure of sensitive information, the receipt of out-of-network 
care or at care centers utilizing different EHR systems, asynchronous data entry, or 
clinician omission (see Table 2).9,10,11,12,13 

 

Table 2. Sources of Electronic Health Record Errors and Examples of Mechanisms of 
Missingness 
  

Errors in EHR data input Examples in clinical EHR data 

Data entry errors Incorrect medications, laboratories, or vital signs 

Cut and paste errors Dated health information; lack of updated conditions, medications, 
or procedures  

Chart management errors Charting information in wrong EHR 

Chart completion errors Delayed or incomplete chart documentation 

Incorrect order entry “Sound-alike” medication prescribing entered in error but could be 
folded into other clinicians’ documentation for the patient 

Submechanisms of missingness Examples in clinical EHR data 

Data elements Exposures, confounding variables, outcomes, relevant variables 

Time points Baseline, varying time for follow-up 

Likelihood of measurement during 
clinical encounter 

Blood draws not done at all primary care visits; telehealth visits 

Outside care Out-of-network subspecialty care 

Changing clinical practice standards Screening leads to more incidental findings 
Text adapted from Haneuse et al9 and Bowman.10 

Abbreviation: EHR, electronic health record.  

 
Data entry tools like drop-down menus, copy-paste features, and automatic laboratory 
value entries can enhance efficiency but can also contribute to system-level errors and 
omissions, perpetuating biases and inequities.14,15,16 In the case example, and as 
reported in a recent study,17 rurality was associated with decreased COVID-19 
vaccination. However, data entry was incomplete, confounded by human factors that 
might be exacerbated in rural settings. Inaccurate or incomplete data entry can 
contribute to sweeping but biased generalizations about treatment disparities, which 
very well could exist, but are incompletely ascertained due to missing data.4,5,10,18,19 
 
Effects of Regulations, Missingness, and Representativeness on Research 
Individual patient privacy and agency could be at odds with the need for high-quality 
population-level health data. Governing bodies overseeing research activities provide 
one layer of protection for patients by minimizing privacy risks and ensuring data 
security and investigator integrity and compliance with established rules of behavior in 
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research. Deidentification of EHR data (in compliance with the Health Insurance 
Portability and Accountability Act of 1996 Privacy Rule) is standard practice when 
collating system-wide EHR data for research purposes.20 However, as EHR data is 
increasingly stripped of identifiers for subsequent public sharing and analyses, 
designating research based on such data as “not human subjects research” could 
jeopardize this oversight, with incompletely understood consequences for population-
level studies and inferences. In addition, patient opt-out features can perpetuate biases 
in the final data based on who is or is not choosing this option.11,12,13 
 
Moreover, when epidemiologists analyze EHR data for population health impacts, they 
often encounter missingness, wherein data for variables of interest are unavailable for 
each included observation for various reasons. Relying solely on quantitative data 
inputted by clinical teams thus could limit conclusions, telling incomplete stories. Yet 
solely focusing on solutions like outreach does not improve rural vaccination rates in the 
setting of incomplete measurement. Qualitative and mixed methods studies could 
provide important context for EHR data capture and assist researchers in confirming 
and contrasting findings derived from the EHR. For example, patient interviews could 
identify barriers to and mechanisms of vaccine uptake and how and where patients are 
getting vaccinated. Studies assessing clinician perspectives of EHR data entry options 
and workflows could also uncover reasons for missing or erroneous patient vaccination 
history data. 
 
Finally, a fundamental vulnerability of collated, population-level data is whether the 
included sample is indeed representative of the intended source population. Systemic 
biases, community engagement, and intersectionality across minoritized groups, sex or 
gender identity groups, and race or ethnicity groups could influence the visibility of 
specific populations in EHR data and the resultant output. Population health, health 
equity, and policy experts have begun to identify sources of and strategies for dealing 
with bias in the EHR.21 Patient-reported outcomes and health and general literacy are 
key areas that can be targeted to reduce bias in EHR-based studies.22 
 
Stakeholders’ Responsibilities 
Just as the causes of EHR inaccuracies are multifaceted, so are responsibilities for 
ensuring EHR data fidelity, which are shared among key stakeholders: health care 
systems, vendors, clinicians, patients, and researchers using the data.23 Vendors and 
health care systems remain accountable to the general public for EHR functionality, 
usability, and accuracy. Clinicians must remain engaged with health care systems to 
ensure their data entry maximizes efficient use of EHR data for clinical documentation, 
review, and research purposes.10 Reframing the roles of patients as partners in data 
generation rather than as study subjects or participants could motivate patients to 
contribute to solutions to high-quality health data collection.4 Specifically, inviting 
patients to identify strategies for EHR data entry that most align with their preferences 
could enhance the completeness, credibility, and timeliness of their data. For example, 
because patient consent is not routinely obtained before using EHR data, patients may 
be unaware of how third parties could use their data, and reidentification of patients 
might be easier in certain types of studies, including genetics or rare disease studies or 
those using diagnostic imaging or clinical text notes.24 “Opt-out” features could return 
some agency to patients over their EHR data use in research but is not routinely done 
across health systems. However, this patient-centered approach could, itself, contribute 
to biased data, as patients who participate in such efforts might not reflect the overall 
patient population of interest. 

https://journalofethics.ama-assn.org/article/what-are-high-quality-race-and-ethnicity-data-and-how-are-they-used-health-equity-research/2025-01


 

  journalofethics.org 10 

Finally, data scientists and researchers are responsible for ensuring that high-quality 
EHR data are appropriately analyzed in population-level analyses. They should also 
remain vigilant in recognizing biased results of the analyses performed25 by explicitly 
addressing the 5 domains of data quality—accuracy, completeness, consistency, 
credibility, and timeliness—throughout the research process. Research teams also must 
defend against data breaches and must routinely address limitations and biases of 
measured data in study manuscripts and other output.6 
 
Accountable EHR Data Use 
How can we improve and innovate EHRs to enhance the accuracy of vaccine 
documentation and other data? An integrated US health system is an attractive answer 
and could serve as the platform for clinical data integration, but it is unlikely to gain 
favor in the current politically polarized environment. The Affordable Care Act (ACA) of 
2010 was the first reform to the US health care system in a generation and offered a 
mechanism to build towards integration by leveraging Medicaid infrastructure for 
beneficiary data collection,26 but state-level single-payer policies have failed to gain 
political traction.27 The ACA remains a lightning rod for fiscally conservative policy 
makers, and, although public support appears to have grown over time, an overhaul to 
the US health system is unlikely to be successful in the coming decade. 
 
Given this landscape, individuals and organizations should undertake to improve EHR 
data quality. 
 

• Health information vendors should continually reassess EHR data collection 
tools and interfaces with patients, clinicians, and data scientists to optimize 
their product’s usability. 

• Clinicians must advocate for meaningful approaches to EHR use to support 
clinical care, rather than simply plodding through required data fields for billing 
purposes. 

• Organizations should consider expanding, standardizing, and integrating the 
data collected. Although patient-entered EHR data can be an attractive option to 
increase accuracy of patient data while also empowering patients to control their 
health care narrative firsthand, it could still result in data skewed towards 
patients who are computer literate and have access to broadband internet 
services. Vaccination and medication use data collection could be standardized 
by automating linkages between pharmacy manufacturing lots or similar 
measures and EHRs, thereby improving care tracking. Government- and private, 
nonprofit-supported applications, such as the Immunization Information System 
and health information exchanges, also hold promise for integrating and 
harmonizing health information—from vaccinations to medications, subspecialist 
evaluations, and clinical testing results—across participating regions.6,7,8,9 

 
Limitations 
Despite attention to data quality, there exist no standard methods for assessing EHR 
data quality.28 We acknowledge that the aforementioned proposed solutions for 
improving the accuracy of EHR data are practical only for measurable processes and 
outcomes of care. Other important aspects of care, such as patient-clinician 
demographic concordance or general communication styles, are not currently captured 
in structured data available in large health care system EHRs. Alternate care delivery 
models (minute clinics, telehealth, concierge medicine) might also have uncertain 
impacts on EHR completeness going forward. As conventions shift in health care delivery 

https://journalofethics.ama-assn.org/article/what-should-health-professions-students-learn-about-data-bias/2025-01
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and its documentation, key stakeholders are necessary to determine how best to tackle 
pressing health priorities of the population. 
 
Conclusion 
EHR use has revolutionized health information collection and analysis. This growth has 
led to opportunities to generate important reports about the health of hundreds of 
millions of people practically in real time. Steadfast commitment to high-quality data 
collection and reporting is necessary for all parties along the pathway of data 
generation: from EHR developers, programmers, and vendors to patients, clinicians, and 
epidemiologists. Pulling back the curtain on how each of these groups generate and 
interact with EHR data is imperative to assure measurement of accurate population-
level health outcomes. 
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MEDICAL EDUCATION: PEER-REVIEWED ARTICLE 
What Should Health Professions Students Learn About Data Bias? 
Douglas Shenson, MD, MPH, MA, MS, Beverley J. Sheares, MD, MS, and 
Chelesa Fearce 
 

Abstract 
In epidemiology, bias is defined as systematic deviation from the truth, 
and it can arise at different stages of scientific investigation (eg, data 
collection, methodological application, and outcomes analysis). 
Epidemiological bias can appear as a consequence of data bias (usually 
categorized as selection bias or information bias) or social bias 
(prejudice). Such forms of bias may occur separately or together. This 
article explores what health professions students should learn about the 
relationship between data bias and social bias—generated by racial, 
ethnic, gender, or other kinds of prejudice, singly or in combination—as a 
source of ethical and clinical concern in health care practices and 
policies that influence patient care and community health. 
 

The American Medical Association designates this journal-based CME activity for a maximum of 1 AMA PRA 
Category 1 Credit™ available through the AMA Ed HubTM. Physicians should claim only the credit 
commensurate with the extent of their participation in the activity. 
 
Thinking Critically About Evidence 
Bias is defined as the presence of systematic error in a study, and its adverse impact 
has significant ethical importance: a cascade of diagnoses or broader interventions that 
are erroneous, leading to treatment plans that harm patients and populations. The 
recognition of data bias is a foundational clinical medicine skill because evidence-based 
practice depends on accurate information. Students tend to consider the answer to the 
question, “Are the numbers in this table correct?” to be straightforward. But accuracy 
cannot be assessed by scrutiny of numerical data alone; only a close look at the 
methods that produced those values can reveal bias. In short, data bias emerges from a 
process. A reader in the health professions must understand the steps that generate the 
numbers and the assumptions made by investigators about their data sources. It is 
important to know whether bias stems from the availability of information, its collection, 
its methodological manipulation, or the analysis of findings. 
 
Broader judgment comes into play because epidemiological bias, which includes data 
bias, does not arise from methodological errors alone. It can also result from socially 
discriminatory choices that inform data selection, classification, and analysis. Health 
professions students are often surprised that, as used in epidemiology, the term bias is 

https://edhub.ama-assn.org/ama-journal-of-ethics/module/2828347
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putatively unconnected from its everyday meaning: prejudice or devaluation of a 
particular social group. Here, we argue that the everyday and scientific meanings of the 
term are at times closely interrelated. A focus on implicit bias in the clinical realm 
enhances this awareness,1 and recent attention to the need for more equity in public 
health data2 reinforces the importance of the issue. This article canvasses concepts 
pertaining to epidemiological bias that health professions students should understand, 
regardless of whether bias is generated by epidemiological errors or by racial, ethnic, 
gender, or other prejudices. Such sources of inaccuracy are of ethical and clinical 
concern because they can influence patient care and community health. 
 
Importance of Accurate Data 
The goal of epidemiological and clinical research is to produce accurate data that are 
useful. The presence of bias in a study implies that there are systematic errors in the 
data. Nonetheless, bias is not a dichotomous concept: it can exist to a greater or lesser 
degree and may distort a true association in one direction or the other.3 Where it is 
present, bias will influence the validity of data for the population under study (internal 
validity) and for populations for whom results are assumed to be relevant (external 
validity). For example, in a drug trial, internal validity represents the extent to which 
observed outcomes can be ascribed to the treatment regimen, allowing for causal 
inference. There can be no external validity (broader effectiveness) without internal 
validity, although the presence of the second does not guarantee the first.4 
 
Sources of Data Bias 
Data bias is a capacious concept. Its largest categories are selection bias and 
information bias, which in turn encompass numerous subvarieties.5 Notably, certain 
study designs are structurally vulnerable to data bias. For example, retrospective cohort 
studies are particularly prone to selection bias. In such chart-based studies, the 
investigator identifies a cohort that has been assembled in the past, identifies potential 
predictor variables from measurements made in the past, and evaluates outcome 
variables. Since data will likely not have been collected for research, some charts might 
be excluded due to missing but crucial information.6 Interviewer bias can occur in case-
control studies if investigators question patients who are “cases” more intensively about 
exposures that are already known to be associated with the disease.3,7 Even randomized 
controlled studies are vulnerable to bias resulting from misallocation of participants, 
insufficient data blinding, or loss of subjects to follow-up.8 
 
Selection bias. In most studies, only a sample of the target population is chosen for 
observation or intervention. Consequently, studies are susceptible to selection bias, that 
is, to the recruitment of a nonrepresentative assemblage of subjects.9 Individuals within 
the sample may systematically differ with respect to social and economic status, 
educational level, age, or other consequential characteristics. Such errors can obscure 
causal associations between an exposure, such as a treatment, and a health-related 
outcome.10 Biases in which errors of inclusion or exclusion play a role often have their 
own designation or eponym. This inventory of biases includes nonresponse bias, 
volunteer bias, Berksonian bias, attrition bias, incidence-prevalence bias, confounding 
by indication, surveillance bias, and other named biases.5,9 
 
Information bias. Information bias can arise during or after data collection and refers to 
systematic errors in the measurement of variables or classification of subjects. Errors of 
measurement can occur because of faulty instrumentation or discernment, the latter of 
which includes recall bias, interview bias, observer bias, or confirmation bias.9,11 As a 
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rule, understanding the relationship between an exposure and an outcome requires 
subjects to be classified into categories, such as “exposed” or “non-exposed,” and to 
isolate variables responsible for differing outcomes.12,13 Misclassifications commonly 
arise in observational studies but can be present in randomized controlled studies.12,13 
Nondifferential and differential misclassification bias refer to whether measurement 
error due to misclassification of subjects is symmetrically or asymmetrically distributed 
between the intervention and comparison groups. For example, in a study of the impact 
of a drug on obesity, the scales used to weigh patients may not all be accurate. 
Depending on whether those inaccuracies are similar (say, 5% higher for all patients) or 
dissimilar, this error will have a divergent bearing on the results. 
 
Bias should be differentiated from other problems of accuracy, particularly from 
confounding. Confounding describes an association between 2 variables—an exposure 
and outcome—that appears causal but that surfaces only due to influence from a hidden 
yet consequential variable. A well-cited example is the association between heavy coffee 
drinking and cancer of the pancreas.7 This mirage is present only because heavy coffee 
drinkers are more likely than light or non-coffee drinkers to smoke cigarettes, an action 
responsible for the elevated risk of pancreatic cancer. Confounding represents a 
distortion of the relationship between exposure and outcome due to the presence of one 
or more extraneous variables, and, like data bias, it can lead to incorrect inferences 
about causality. Typically, it is not possible to correct for data bias, whereas if a 
confounding variable is known and measured, the real effect of the exposure on the 
outcome can be obtained by adjustment for this factor. In sum, confounding produces 
errors of interpretation despite the accuracy of the measurement.4 
 
Random error, in contrast to bias, is nonsystematic and affects the precision rather than 
the validity of research findings. This lack of exactness results from sampling variability, 
producing errors that are unsystematic. Data can be both biased and imprecise, but, 
unlike bias, lack of precision is best addressed by increasing a study’s sample size. 
 
Social Bias and Data Bias 
In the epidemiological literature, data biases are implicitly considered oversights, 
mistakes, or unavoidable failures in research protocols. Indeed, epidemiologists 
distinguish sharply between data bias and social bias: “Bias undermines the internal 
validity of research. Unlike the conventional meaning of bias—i.e., prejudice—bias in 
research denotes deviation from the truth.”14 In short, data bias is an operational error 
and social bias (prejudice) is a disposition of judgment. This distinction is not always 
clear, however. The consequences of social bias can lead researchers to deviate from 
the truth, and clinicians can collect biased data by using measurement tools that have 
social biases structured into them. 
 
An important example of overlap between data bias and social bias is found in research 
on risk factors for cardiovascular disease in young men identified as Black. The 
available data are fraught with selection bias. Given the enormity of the population with 
a history of incarceration and the disproportionate incarceration of Black men,15,16 the 
exclusion of incarcerated persons from household-based surveys poses a large obstacle 
to obtaining unbiased samples. Examples of surveys that exclude people who are 
currently incarcerated include the National Health and Nutrition Examination Survey and 
the National Health Interview Survey.16 
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Information bias arising from a legacy of medical racism continues to affect diagnostic 
and eligibility criteria. Indeed, race is embedded in clinical algorithms and decision-
making tools across many medical specialties.17,18 For example, in 2019 researchers 
revealed algorithmic bias in a widely used medical artificial intelligence tool that 
incorporates health care costs into the prediction of clinical risk, with deleterious 
consequences for Black patients. Since the health care system spends more money, on 
average, on White patients than on Black patients, the tool returns higher risk scores for 
White patients than for Black patients. Use of this tool might have led to more referrals 
for White patients to specialty services, perpetuating both spending discrepancies and 
race bias in health care.18 Moreover, in pulmonary medicine, the observation of 
differences in lung capacity between a population characterized in the 1800s as “Full 
Blacks” and White soldiers was attributed to a biological difference associated with race 
rather than the effect of enslavement and environmental exposures now known to alter 
lung function. Subsequently, a “race correction” was built into equations used in 
spirometry.19 Whether in the assessment of occupational lung diseases such as 
asbestosis or “objective” eligibility for lung transplantations, the incorporation of biased 
reference standards for lung function can lead to worse outcomes for Black patients. 
 
Links between social and data biases are also evident in biomedical research. For 
example, the evolving field of precision medicine is driven by lab-based sequencing of 
the genetic code, creating large databases that are curated and organized to extract 
clinically relevant information. The underrepresentation of non-European populations in 
genomic databases, like all selection bias, is problematic for clinical care because the 
exclusion of such data limits their generalizability.20,21 Moreover, while at the cellular 
level racial identity is nonexistent, once a pathophysiological process is understood and 
given a label, the resulting diagnostic category can take on racialized associations, 
leading to information bias. There are many examples of such racialized diagnostic 
categories, including sickle cell disease, sarcoidosis, gallstones, and cystic fibrosis. In 
the clinical setting, this racial “essentialism” leads to assumed or missed diagnoses, 
misclassification through confirmation bias, and harmful consequences.21 

 
Social biases that contribute to data bias are not limited to race. A body of public health 
research documents gaps in national survey data of sexual orientation and gender 
identity.22,23,24 Although data collection procedures have evolved, prior to 2016, 
biological sex in Behavioral Risk Factor Surveillance System telephone surveys could be 
assigned based on a respondent’s “vocal timbre,” a practice vulnerable to confirmation 
bias.25 Research documents that this approach has resulted in substantial 
misclassification of answers, especially those of persons who identify as transgender or 
gender diverse. 25,26,27 Moreover, the collection of data on sex and gender, where 
explicitly sought, does not by itself guarantee validity, as there is widespread 
misunderstanding of the meaning of sex and gender.24 

 
Conclusion 
Data and social biases are oblique to one another: they are separate frames, but at 
times they interlock; together, they contribute to epidemiological bias. Data bias refers 
to systematic errors in a sequence of tasks that produces data; social bias refers to 
actions and attitudes that can shape those operations. And when these frames coincide, 
it is not always clear which is a subset of the other. The exclusion of a group from a 
survey or study can reflect selection bias, but this exclusion may more accurately be 
ascribed to prejudice. 
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While there is a path to identifying data bias, there are no shortcuts. Some degree of 
bias is always present in a published study, so the challenge of bias recognition is 
ongoing.3 Awareness of the nature and types of bias in research studies allows for a 
more meaningful scrutiny of results and conclusions. As researchers, careful planning is 
needed in each step of research design, and, when presenting results, a full 
acknowledgment of any sources of bias is essential.28 The health professional’s 
commitment to a close examination of evidence must remain steadfast, as the presence 
of bias—whether of epidemiological or social origin—undermines the provision of 
effective and acceptable clinical care. 
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AMA CODE SAYS: PEER-REVIEWED ARTICLE 
Which Values Should Guide Evidence-Based Practice? 
Amber R. Comer, PhD, JD 
 

Abstract 
This article draws on opinions in the AMA Code of Medical Ethics and 
applies them to evidence-based practice. 

 
The American Medical Association designates this journal-based CME activity for a maximum of 1 AMA PRA 
Category 1 Credit™ available through the AMA Ed HubTM. Physicians should claim only the credit 
commensurate with the extent of their participation in the activity. 
 
Evidence in Clinical Practice 
Prior to the emergence and availability of evidence-based reviews, physicians and 
patients made decisions based on anecdotal data, opinion, experience, judgment, 
conjecture, and conventional wisdom.1,2 In 1982, the first textbook describing the 
methodology of translating biomedical science into clinical practice, Clinical 
Epidemiology: The Essentials,3 set the stage for what would eventually become what we 
now call evidence-based medicine (EBM).1 EBM incorporates the best available 
scientific evidence when making decisions about an individual patient’s care.4 In the 
years since the adoption of EBM, it has become not only the clinical standard of care, 
but also an ethical expectation.5 
 
The age-old adage that medicine is both a science and an art has been strengthened by 
the emergence of EBM; however, questions remain regarding how to elevate the science 
without sacrificing the art of medicine, the latter of which includes the clinician’s 
compounding of clinical experience, intuition, knowledge of the patient and their 
preferences and goals, and even the social landscape through which the patient 
presents. This article explores the ethical issues clinicians face in clinical practice when 
combining EBM and the art of medicine during medical decision-making. Additionally, 
this article offers practical clinical recommendations for how to overcome these 
common ethical dilemmas. 
 
Applying EBM to Patients 
Practicing EBM raises several ethical challenges. The first pertains to balancing the 
science and art of medicine when making evidence-based decisions about patients’ 
care or key communications to patients. Incorporation of clinical expertise with science 
is important because using only science to make medical decisions fails to take the 
patient’s preferences and values into consideration. Indeed, the art of medicine refers 
to a patient-centered approach that includes observing and listening to patients and 

https://edhub.ama-assn.org/ama-journal-of-ethics/module/2828348
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respecting patients’ values, culture, and opinions rather than seeing patients solely as 
diseased persons in need of a cure.6 While seemingly straightforward, the caveat that 
practicing medicine requires an established relationship between clinicians and patients 
highlights the imbalance in the science-focused approach and that it is the “art” aspect 
of medicine that resolves it. 
 
The idea of medical practice as a balance of science and art can be better understood 
through the works and influence of Sir William Osler, a Canadian physician whose legacy 
on the teaching and practice of medicine continues to influence modern practices, 
including evidence-based technique. In the context of medicine’s growing “biologized 
view of the sick person,”7 the quotation attributed to Osler, “The good physician treats 
the disease, the great physician treats the patient with the disease,” can be interpreted 
as a statement recognizing the need to holistically evaluate a patient and encouraging 
the continued practice of the ancient Greek-inspired art of observation within 
medicine.7,8 
 
One challenge of balancing scientifically promising or evidence-based care options with 
a patient’s values and opinions has to do with how to manage care of patients who ask 
for treatments or interventions that are not evidence based or who refuse evidence-
based treatments or interventions. Clinicians have a duty to respect patient autonomy, 
which entails that patients or their surrogates should consent to care they receive. To 
express respect for a patient’s autonomy, though, is not to blindly agree with a patient’s 
decisions, as clinicians have additional ethical responsibilities to balance autonomy and 
evidence-based care and, in some cases, must adhere to political and legal boundaries. 
Clinicians are then faced with the challenge of deciding when and if it is ethically 
acceptable to offer or withhold an evidence-based treatment or procedure to support 
patient autonomy. 
 
What Does the Code Say About Evidence? 
The American Medical Association (AMA) Code of Medical Ethics recognizes that high-
quality medical decisions require physicians to practice both the science and the art of 
medicine. Opinion 5.5, “Medically ineffective interventions,” states: “physicians should 
only recommend and provide interventions that are medically appropriate—i.e., 
scientifically grounded—and that reflect the physician’s considered medical judgment 
about the risks and likely benefits of available options in light of the patient’s goals for 
care.”9 When providing recommendations, a physician has a “primary ethical obligation 
… to promote the well-being of individual patients.”10 However, this obligation can 
conflict with a physician’s ethical duty to use “best available evidence” in instances 
when the patient or their surrogate requests a treatment or intervention that is not 
evidence based or when an evidenced-based treatment or intervention is refused.11 In 
these instances, the AMA Code offers the guidance that “[p]hysicians are not required to 
offer or to provide interventions that, in their best medical judgment, cannot reasonably 
be expected to yield the intended clinical benefit or achieve agreed-on goals for care.”9 

Importantly, the AMA Code recognizes that “respecting patient autonomy does not mean 
that patients should receive specific interventions simply because they (or their 
surrogates) request them.”9 Conversely, the AMA Code explicitly states that “a patient 
who has decision-making capacity may accept or refuse any recommended medical 
intervention.”12 
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Applying the AMA Code in Practice 
How to balance the science and art of medicine when making evidence-based 
decisions. The AMA Code uses the phrases “the physician’s considered medical 
judgment” and “best medical judgment”9 to describe the standard for making medical 
recommendations in clinical practice. Although it is the standard of care and an ethical 
expectation to use the best available evidence— including by referencing up-to-date, 
evidence-based clinical practice guidelines—evidence alone is not definitive because the 
results of research studies are interpretations of aggregate data that may change based 
upon study design, methodology, participant sample, and analysis methods. Therefore, 
reasonable and intelligent people may disagree on interpretations of the data and the 
generalizability of these interpretations for use with their individual patients.2 Thus, 
medical judgment goes beyond merely identifying the best available evidence and 
requires that the clinician understand the patient’s preferences, values, and goals of 
medical care.2,13 Put differently, the process by which clinicians synthesize generalized 
knowledge garnered from EBM with clinical experience and skills and with individual 
patients’ preferences, values, and medical care goals makes both science and art 
inherent to medical judgment. 
 
How to manage care of patients who ask for treatments or interventions that are not 
evidence based. The patient-clinician relationship is a mutual relationship founded upon 
trust, and while the goal of the relationship is to provide beneficial care to the patient, 
both parties have their own obligations and rights. Thus, when a patient asks for a 
treatment or intervention that is not evidence based, approval or denial of the request 
requires balancing patient and clinician autonomy. First, while clinicians have the ethical 
obligation to respect patient autonomy, they are not ethically obligated to deliver care 
that will not have a reasonable chance of benefiting their patient. Furthermore, in the 
event that acquiescing to requests for treatments or interventions that are not evidence 
based might place the patient’s or the general publics’ health at risk, the ethical 
obligation to prevent harm warrants a clinician’s decision to deny these requests. To 
preserve the medical judgment of physicians with the intention of supporting the safety 
and well-being of patients and the public, AMA policy recommends that physicians 
maintain their autonomy and have final say regarding the delivery of high-quality patient 
care, including by determining which diagnostic tests to run, whether a patient should be 
hospitalized, when interventions become extraordinary, what treatment methodology to 
apply, and when it is appropriate to terminate the patient-physician relationship.13 
 
This recommendation is not in lieu of respecting patient autonomy and does not ignore 
the art of medicine, as developing and agreeing upon a care plan is a collaborative effort 
between clinicians and patients or surrogates with the prioritization of their consent. 
Rather, this recommendation balances the art and science of medicine via the 
physician’s using science and evidence to safeguard a patient based upon holistic 
assessment of the patient and their needs. The AMA Code also recommends that 
physicians explain their rationale for not offering the requested intervention or treatment 
to the patient and offer an alternative if appropriate. Moreover, the AMA Code addresses 
the importance of transparency in maintaining trust, which is essential to the patient-
physician relationship.14 Therefore, if a patient suggests a treatment or intervention that 
a physician disapproves of using their medical judgment, then the physician should 
provide information about all other appropriate treatment options, including potential 
risks and benefits.14 
 

https://journalofethics.ama-assn.org/article/how-should-meaningful-evidence-be-generated-datasets/2025-01
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How to manage care of patients who refuse evidence-based treatments or 
interventions. Although clinicians have decision-making authority for the care they 
choose to deliver, this charge must be balanced with the ethical obligation to obtain 
informed consent for medical treatment from the patient or their surrogate when the 
patient lacks decision-making capacity. Obtaining informed consent for treatment 
requires that the clinician inform the patient about the best available evidence, 
including treatment options’ limits and benefits, so that the patient can determine if 
they are willing to assume the risk of harm in exchange for the potential benefit of 
treatment. If the patient has capacity and has been appropriately informed, they have 
the legal and ethical right to refuse all medical treatments or interventions, even those 
that may preserve or prolong their life. Although a patient has the right to refuse 
treatments and interventions, it is important to take the time to identify if there are any 
underlying reasons for the refusal—for example, fear, a prior bad experience, or a 
misunderstanding about the nature of the disease or treatment—that can be addressed 
through further conversation and support. 
 
In practice, it is imperative to first determine whether a patient retains the capacity to 
make decisions regarding their health. Such determinations will rely heavily on the 
patient’s ability to understand—and to communicate their understanding of—the risks 
and benefits associated with treatment or interventions.15 To that same end, assessing 
a patient’s decision-making capacity is critical to initiating the informed consent 
conversation that will outline the best available evidence, again including treatment 
options’ potential limitations and benefits. Should patient capacity be determined to be 
limited, then health decisions, including those requiring informed consent, should be 
made by the appointed surrogate. However, if the patient maintains capacity but refuses 
evidenced-based treatment, then the clinician may ask questions to ascertain whether 
the reason for refusal could be addressed in other ways, such as through a goals-of-care 
conversation or by providing additional support. It is nevertheless important to 
remember that patients with capacity, or surrogates representing patients with limited 
capacity, have the legal and ethical right to refuse any treatment or intervention. In 
cases in which refusal of a treatment or an intervention would result in patient suffering 
or even death, physicians are encouraged to consult with a palliative care specialist to 
assist with the goals-of-care discussion or to provide support to the patient and family in 
their decision to refuse. 
 
Conclusion 
Application of EBM in clinical practice raises several ethical challenges, including how to 
balance the science and art of medicine when making evidence-based decisions for 
patients, how to manage patients who ask for treatments or interventions that are not 
evidence based, and how to manage patients who refuse treatments or interventions 
that are based on evidence. To balance the science and art of medicine, clinicians 
should synthesize the generalized knowledge garnered from EBM with both their clinical 
knowledge and skills and the preferences, values, and goals of the individual patient so 
that they can offer medically appropriate and scientifically grounded treatments that 
reflect their best medical judgment. Clinicians are not ethically obligated to deliver care 
that in their medical judgment will not benefit the patient, and because clinicians have 
the ultimate decision-making authority regarding how care is delivered, patients should 
not be given treatments simply because they demand them. Although clinicians have 
autonomy regarding the care they choose to deliver, this charge must be balanced with 
the ethical and legal right of patients to refuse any medical treatment or intervention, 
even if it will prolong or preserve their life. 
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Abstract 
Datasets are often considered “ideal” when they are large and contain 
longitudinal and representative data. But even research that uses ideal 
datasets might not generate high-quality evidence. This article 
emphasizes the roles that transparency plays in enhancing observational 
epidemiological findings’ credibility and relevance and argues that 
epidemiological research can produce high-quality evidence even when 
datasets are not ideal. This article also summarizes strategies for 
bolstering transparency in key phases of research planning and 
application. 

 
Dataset Size and Scope 
In epidemiology research, the quality and believability of findings often hinge on the size 
and scope of datasets. Datasets are considered to be “ideal” if they are large and the 
data they contain are longitudinal and largely representative of the underlying 
population. However, the assumption that large datasets inherently produce high-quality 
epidemiological research is misleading and should be challenged, as there is more to a 
high-quality observational study than just the size of the data input. This article 
summarizes the roles of transparency and systematic reporting of methodologies, data 
sources, and analytic code in enhancing the credibility of observational studies. This 
article also posits that high-quality research is possible with datasets that are not ideal, 
provided that there is a high level of transparency throughout the research process. By 
examining the different stages of a research study—from conception to execution—this 
article outlines practical strategies that can be used to increase transparency. 
 
Well-Formulated Research Questions 
A critical aspect of epidemiological research is formulating a research question. A well-
crafted question guides the entire research process. It helps in defining the scope and 
design of the study, in identifying an appropriate data source to answer the question, 
and in selecting appropriate statistical methods to answer the question. 
 
There are excellent resources for guidance on developing health research 
questions.1,2,3,4 Briefly, the question should be relevant, answerable (through the 
collection and analysis of data), and specific. It should address a gap in knowledge or a 
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pressing public health issue. The question should also have practical implications for 
health care, policy, or further research. 
 
A commonly used framework to specify a clinical research question is referred to as 
PICOT, which contains 5 elements: population to be studied, intervention or exposure 
used in the study, comparator or reference group for treatment group comparisons, 
outcome or result to be measured, and timeframe or duration of data collection. As an 
example of use of this framework, one study of mRNA COVID-19 boosters aimed “to 
compare the effectiveness [outcome] of a third dose of either the BNT162b2 [exposure] 
or the mRNA-1273 [comparator] vaccine among US veterans who had completed an 
mRNA vaccine primary series [population] and received a third dose between 20 
October 2021 and 8 February 2022” or between “1 January and 1 March 2022 
[timeframe].”5 

 
Data Provenance 
Key to transparency is understanding the context in which and the intent for which data 
were collected. Although there are many different types of bias,6,7,8,9,10 it can be helpful 
to think about them in terms of selection bias and information bias. Selection bias is 
bias that arises when the study sample systematically differs from the population (for 
example, self-selection into a study). Information bias is bias that arises when key 
variables are not measured accurately (for example, self-reported disease status). Each 
of these biases encompasses a number of more specific biases that should be 
considered further, depending on study design and data source.11 
 
Another way to consider potential biases is to break down the stages of data collection 
into steps. There are 4 key steps at which bias can occur that involve choices about: (1) 
location, (2) participant, (3) research team, and (4) software used, each of which are 
described below. Knowledge of the location in which the participant’s data were 
collected is critical for identifying any potential differential bias introduced by the setting 
(eg, the need to pay or have health insurance). For example, was a patient being seen in 
routine health care, in an emergency setting, or at a private health clinic? Next, 
researchers should consider the participants and whether their health behavior 
introduces any biases. For example, participants who are captured in a dataset, either 
through routine care or in a specific research study, can often request that their 
information be removed at a later stage (ie, “opt-out”), potentially introducing bias after 
initial data collection. The research team is also an important but underestimated 
source of potential bias. Recognizing this source of bias requires consideration of team 
members’ background, training, and unconscious biases, which may affect the types of 
data that are recorded. Finally, the software used to create the dataset may also 
introduce biases by prompting researchers or clinicians to enter data in a specific way or 
to ask particular questions. 
 
It is not always possible to completely remove biases arising from data provenance, but 
it is important to acknowledge and account for them when possible in the interests of 
transparency and accuracy, as these biases might affect both the results and the 
generalizability of findings to a different population. The questions researchers ask may 
differ between countries—particularly between those with and without nationalized 
health care systems—so it is important to understand the context in which and the 
purpose for which data were collected. 
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Preregistration 
A key approach to improving transparency and trust in research is the preregistration of 
study protocols.12,13,14,15 By preregistering study protocols, researchers establish a clear 
blueprint of their research objectives, methods, and analytical plans before data 
analysis begins. This proactive approach mitigates risk of publication bias,16 which 
refers to the suppression of whole studies—for example, those without statistically 
significant results.17 Preregistration also reduces the potential for researchers to 
disseminate misleading or erroneous results by holding them accountable to their 
stated methodologies and hypotheses. Transparent documentation of study protocols 
enables stakeholders, including peer reviewers and readers, to evaluate the integrity 
and robustness of the study, thereby bolstering confidence in the validity of its findings. 
 
One area of epidemiology in which preregistration is increasingly common is real-world 
evidence (ie, data derived from sources such as electronic health records, registries, 
medical claims, and patient self-monitoring) of drug safety and effectiveness.18 As the 
US Food and Drug Administration expands the use of real-world evidence in its drug 
approval decision-making processes,19 the use of preregistered protocols is critical to 
improving transparency. Although sponsors and researchers are required to preregister 
certain clinical trials and report results to ClinicalTrials.gov,20 a similar system for real-
world studies did not exist until recently. The Open Science Framework developed by the 
Center for Open Science aims to fill that gap by offering a free, open-source platform to 
preregister protocols in addition to other study materials.21 

 
A common misconception of preregistering study plans is that they are fixed. On the 
contrary, protocols are flexible and can be edited as the study progresses. However, 
transparency is achieved by having all deviations from the original protocol documented 
across the lifetime of a study. Beyond improving transparency, preregistration cultivates 
a culture of collaboration and open science,22,23 encouraging reproducibility within the 
research community. 
 
Code Sharing 
Once data have been made available to researchers, it is usually necessary to “clean” 
the dataset to get it into a format conducive to analysis. This usually means, at a 
minimum, applying the prespecified criteria to obtain a narrower dataset. Prespecified 
criteria might be a particular population (eg, males 65 years or older) or patients with a 
particular duration of follow-up (eg, at least 1 year of follow-up after baseline. Data 
cleaning also includes the creation of variables of interest, including exposures and 
outcomes. Covariates and other variables of interest may be important for adjustment of 
models, stratification, or identifying subpopulations. Dataset preparation is typically 
carried out using scripted code, such as Python, SAS, Stata, or R. 
 
Since defining these variables and running analyses are fundamental to understanding 
how the research protocol was applied to the raw data, researchers should strongly 
consider publicly sharing code. GitHub is a free service widely used for code sharing.24 A 
key advantage of GitHub is that every update to code is time stamped, allowing proper 
version control. Licences can be applied to the code to allow (if permitted) reuse and 
adaptation. Whenever possible, efforts should be made to add good documentation to 
any code—including, but not limited to, in-line code comments, a README file, and 
software versions. 
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One prominent example of good preregistration practices and code sharing is 
OpenSAFELY.25 OpenSAFELY is a highly secure, transparent, trusted research 
environment for analysis of electronic health records data arising from primary and 
secondary care. All platform activity is publicly logged so that anyone at any time can 
review what code is being run against the data through the OpenSAFELY jobs-server.26 
Before any code is submitted, researchers must preregister a study protocol, which is 
posted publicly. All software for data management and analysis is shared on GitHub, 
automatically and openly, for scientific review and efficient reuse.27 
 
Interpretation 
Studies are carried out to generate answers to important research questions. It is 
therefore crucial to appropriately interpret results of a given analysis in a way that 
generates meaningful, clear, and believable evidence. Accordingly, researchers should 
clearly explain how conclusions were drawn from the data and how analyses were 
carried out. The findings should also be presented within the wider context of previously 
published literature. Do the results fit in with what is already known about the topic? If 
not, more questions should be asked to interrogate what potential biases might be at 
play. 
 
When interpreting results, special consideration should be given to issues that are 
known to cause confusion, such as the differences between absolute and relative 
risk28,29,30 and whether the results can be generalized to a wider population.31,32 A lay 
summary can clarify potentially confusing issues while helping to explain some of the 
findings without the statistical jargon. Additionally, a clear, comprehensive figure that 
conveys a study’s key findings is often what many readers look to first,33 so authors 
should be mindful of this preference when developing and selecting the results to put in 
figures. Finally, infographics and expert opinion pieces can aid understanding if placed 
alongside a particularly controversial or difficult-to-understand analysis. 
 
Need for Institutional Resources 
Transparency and open science can support reproducibility and the responsible conduct 
of research, but they are not a guarantee of scientific rigor or equitable science.34 An 
epidemiological study can be transparently reported but still come to the wrong 
conclusions, as was the case for a seminal study on the protective effect of high-density 
lipoprotein cholesterol on the risk of coronary heart disease.35 Moreover, data sharing 
and other open science practices can pose a resource burden on scientists without 
institutional support; these barriers can be particularly marked for scientists in lower-
resource settings.36,37,38 Even when resources are available, concerns have been raised 
that the movement towards open data risks “perpetuating a neocolonial dynamic,” 
wherein it is necessary for researchers to pay for access or purchase costly software or 
training in order to use data effectively.39 Finally, data sharing, in particular, requires 
careful consideration to ensure patient privacy and respect the original consent 
processes.40,41 
 
Conclusion 
High-quality epidemiological research is not always achieved even with an ideal dataset. 
Transparency is often underutilized as a way to increase the believability—and therefore 
the meaningfulness—of epidemiological findings from observational research. 
Transparency can be achieved through specifying a well-formulated research question, 
acknowledging limitations arising from data provenance, preregistering analysis plans, 
code sharing, and making measured interpretations. Preregistration and code sharing 
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are pivotal practices for fostering not only transparency and credibility but also 
accountability for and reproducibility of research designs and analyses. These practices 
also combat biases and promote a culture of collaboration and open science. Ultimately, 
increasing the adoption of these modern practices in epidemiology could serve as a 
cornerstone for building trust among researchers, patients, and the broader public. 
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Abstract 
The COVID-19 pandemic changed public awareness of the importance of 
high-quality race and ethnicity data for identifying and redressing widely 
documented racial and ethnic health inequity. This article emphasizes 
the importance of high-quality race and ethnicity data in health equity 
research, as highlighted by the COVID-19 pandemic. The article defines 
what constitutes high-quality race and ethnicity data, discusses 
challenges in using these data, and provides 2 cases that illustrate the 
role of these data in identifying and redressing health inequity. Finally, 
this article advocates for the use of accurate, standardized, and granular 
data and highlights the need for community engagement and trust 
building to improve data quality and research outcomes. 

 
What Are Race and Ethnicity Data? 
Race and ethnicity classifications reflect how particular groups of people have been 
racialized— that is, how their racial or ethnic identity has been shaped by historical and 
political forces. In particular, the ways racial and ethnic groups are defined depend on 
social, cultural, political, and geographical context. Although the terms race and 
ethnicity have evolved over time, race has historically referred to broad categories of 
people that are divided arbitrarily based on ancestral origin and physical 
characteristics.1 The United States (US) Census Bureau acknowledges that race is “a 
social definition … and not an attempt to define race biologically, anthropologically, or 
genetically.”2 In the US, ethnicity has historically referred to a person’s cultural identity 
(eg, language, customs, religion)—namely, as Hispanic or Latino, Latina, or Latinx.1 In the 
United Kingdom (UK), however, the term ethnicity encompasses both of the above-
mentioned concepts and is defined as the “various ways in which a person may choose 
to define their ethnic group … include[ing] common ancestry, elements of culture, 
identity, religion, language and physical appearance.”3 While the concepts of race and 
ethnicity are broad social constructs, they do not preclude the existence of biological or 
genetic variation that may affect health outcomes.4 In this article, we use both terms—
race and ethnicity—to refer to these social constructs, in line with recent proposals to 
use unified race and ethnicity categories.5 
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The COVID-19 pandemic changed public awareness of the importance of high-quality 
race and ethnicity data for identifying and redressing widely documented racial and 
ethnic health inequity. 
 
In health equity research, concepts of race and ethnicity can be thought of as proxies for 
structural and individual racism and discrimination.6,7 In turn, research findings on racial 
or ethnic health differences, typically reported at a group or community level, are often a 
proxy for a range of health determinants, including—but not limited to—education, 
income, employment, housing, beliefs and behaviors, language and culture, and 
embodied experiences of racism and discrimination.8 Thus, collecting high-quality data 
on race and ethnicity can be a key first step to quantifying health inequity, which is 
needed as a basis for making policies that aim to redress inequity. In this article, we 
define what constitutes high-quality race and ethnicity data, discuss the challenges in 
using these data, and provide 2 case studies that illustrate the role of these data in 
identifying and redressing health inequity. 
 

Characteristics of High-Quality Race and Ethnicity Data 
Accurate and comprehensive data on race and ethnicity are critical for conducting 
effective health equity research to guide policy development. Essential characteristics of 
high-quality race and ethnicity data include high levels of completeness, self-reported 
collection, consistency, and granularity, as described below. 
 
As with any data captured in routine health care settings, the completeness of data is 
related to access and health care usage, even in countries where health care is free at 
the point of access. Despite universal primary health care in the UK, certain population 
groups, such as migrants, attend primary care less frequently.9 These important 
differences in access can greatly affect the completeness of race and ethnicity data, 
limiting our ability to redress inequity in populations often with the greatest health care 
need. The self-report of an individual’s own racial or ethnic identity (as opposed to data 
recorded by an observer based on visual assessment or other indirect methods) is 
essential for accuracy.10,11 While an individual’s identity might not fit into categories 
listed, use of consistent and standardized categories during collection and in published 
research minimizes discrepancies, enhances comparability, and allows for monitoring 
patterns over time. Greater granularity in racial and ethnic categories allows for better 
representation of racial and ethnic identities, provided analyses avoid combining 
relatively smaller groups into an “other” category that potentially obscures inequity. The 
quantity and validity of standard ethnic categories may evolve over time to reflect the 
changing ethnic makeup of a population. For example, the “mixed” ethnicity group is the 
largest growing ethnic group in the UK12 and in the US,13 and more granular breakdowns 
of this high-level, catchall group will be essential for identifying the needs of the 
population over the long-term. 
 
Pandemic-Prompted Change 
The COVID-19 pandemic has highlighted and exacerbated racial and ethnic inequity in 
health care and health outcomes.14 Our understanding of this inequity was made 
possible by research leveraging routinely collected race and ethnicity data available in 
health care records and insurance claims databases. While several countries15,16,17 
recognize the importance of collecting race and ethnicity data, others consider the 
collection of such data illegal, making it impossible to directly quantify and redress 
inequity in these settings.18,19 Collection of race and ethnicity data is an imperfect 
system, and current practices often suffer from inconsistencies in self-reported 
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collection, standardization, and granularity of categories. However, these shortcomings 
should not preclude the use of existing race and ethnicity data to examine patterns in 
the health needs of minoritized populations. 
 
The pandemic was a catalyst for change in research culture. The urgent need for 
responsive research led to widespread changes in how we use, share, and communicate 
about data. First, the pandemic resulted in initiatives (as demonstrated in the cases 
below) that improved the speed, safety, and transparency of research. Second—and also 
related to use—it placed health inequity research in a global spotlight. Early in the 
pandemic, press reports suggested that racially and ethnically minoritized groups were 
disproportionately affected by COVID-19 relative to their White counterparts.20,21,22 
Hypotheses included excess occupational exposure to the SARS-CoV-2 virus, greater 
barriers in accessing health care, and lack of culturally and linguistically appropriate 
public health communications.23,24 There was a clear and urgent need to formally 
evaluate the potential for racial and ethnic inequity associated with the pandemic. Third, 
the pandemic led to novel collaborations across sectors and disciplines, including 
community partnerships and engagement. For example, Latino communities in 
California engaged in community-academic partnerships to develop culturally 
appropriate health interventions addressing testing barriers.25 Fourth, the pandemic 
required researchers to facilitate public understanding to help narrow the “trust gap” 
between themselves and the public concerning how people’s health and administrative 
data are used for research.26 These changes in research practice hold promise for more 
rapidly translating scientific research into policy aimed at redressing health inequity. 
 
Cases 
Below, we provide 2 use cases that demonstrate the benefits and challenges of using 
race and ethnicity data to identify and redress inequity in health care utilization and 
outcomes. The cases we selected represent health care systems in the US and UK that 
offer care largely free of charge, thereby minimizing significant cost barriers to health 
care utilization. However, inequity in access to health care remains in both systems.27,28 
Disentangling the impact of health care access from observed inequity in health 
outcomes remains a challenge, as any underrepresentation of marginalized groups in 
the data can compromise the ability to accurately assess and redress health inequity. 
 
Case 1: racial and ethnic disparities in COVID-19 pandemic in the US and UK. In the US, 
we highlight research leveraging longitudinal electronic health record data from the 
Department of Veterans Affairs (VA). The VA is the largest integrated health care system 
in the US and provides comprehensive health care to more than 9 million veterans 
annually nationwide at over 1300 points of care.29 Since 2003, the VA has routinely 
collected self-reported race and ethnicity data during intake and at outpatient and 
inpatient visits.11 In the UK, we highlight research conducted using OpenSAFELY,30 a 
novel software platform developed on behalf of NHS England to support rapid, 
responsive research on COVID-19. At its inception in 2020, OpenSAFELY included 
electronic health records that contained self-reported ethnicity31 for 25 million people, 
covering 40% of the English population.32 
 
Within VA data, researchers identified stark disparities among racial and ethnic 
minoritized groups in the risk or prevalence of testing positive for COVID-1933,34,35 and in 
COVID-19 hospitalizations.36 However, among those who tested positive, there were no 
observed disparities in subsequent mortality,33 which has been attributed to the care 

https://journalofethics.ama-assn.org/article/how-should-meaningful-evidence-be-generated-datasets/2025-01
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received in the VA health care system, as health disparities in the VA tend to be smaller 
than in the private sector.37 
 
Nevertheless, at a population level, the substantial excess burden of SARS-CoV-2 
infection among racially and ethnically minoritized groups inevitably translated to excess 
mortality in these communities in the US38 and UK.39 In the US, American Indian and 
Alaska Native (AI/AN) patients “experienced the largest absolute and relative increases 
in mortality during the pandemic,” although they represented only 1% of the VA 
population.40 The OpenSAFELY studies found similar ethnic disparities in testing 
positive, hospitalization, and mortality.41 In the UK, these data were used to additionally 
identify factors—such as living in deprived areas42 and residing in large, 
multigenerational households43—associated with SARS-CoV-2 infection and mortality. 
Thanks to large sample sizes, researchers were able to undertake comparisons among 
more granular ethnicity groups, which identified widening inequity in COVID-19 mortality 
among South Asian groups, especially the Bangladeshi community, in the second wave 
of the pandemic. These findings led to further work in which the crude household size 
variable was redefined as a measure of multigenerational living. This work showed that 
66% of people of South Asian ethnicity live in multigenerational households compared to 
23% of White groups and 49% of Black groups and that multigenerational living and 
living alone were both associated with increased risk of COVID-19.43 In both countries, 
however, the lack of data on wider social determinants of health, such as employment 
and contact patterns, in large-scale electronic health record systems limited 
investigating these factors further. 
 
Despite these limitations, the rapid, responsive way of working during the pandemic 
meant that researchers in both countries were collaborating in large, multidisciplinary 
teams, enabling rapid transformation of research findings into responsive policy 
recommendations, including for tailored, culturally responsive public health messaging 
concerning prevention and, eventually, vaccination. For example, the VA created a 
COVID-19 Equity Dashboard to track and visualize infection and vaccination rates by 
race and ethnicity and other demographic factors, enabling targeted outreach and 
intervention.44 Additionally, the VA conducted virtual listening sessions between 
veterans of color and demographic-matched professionals to increase vaccination rates, 
which were crucial for building trust and for addressing vaccine hesitancy and historical      
injustices in medicine.44 In the UK, targeted communication and engagement strategies, 
such as leveraging local influencers through the Community Champions scheme and 
utilizing flexible deployment models that support vaccinations during religious events 
and in places of worship, were essential to improving vaccine uptake among ethnic 
minorities and combatting misinformation.45 
 
To maximize transparency and trust in its research, each study conducted using the 
OpenSAFELY platform is required to preregister a complete study protocol and publicly 
share all code that extracts and analyzes data.46,47 This transparency aims to assure all 
stakeholders—including patients, professionals, and policy makers—that data were used 
as intended and handled and interpreted appropriately. 
 
Case 2: using ethnicity data to develop targeted public health interventions. For over 30 
years, the Clinical Effectiveness Group (CEG) at Queen Mary, University of London, has 
utilized electronic health record data to generate valuable insights and innovations, 
thereby facilitating health and social care improvements. The CEG enhances learning 
health systems in one of London’s most diverse and deprived areas, the borough of 

https://journalofethics.ama-assn.org/videocast/ethics-talk-covid-19-us-detention-camps
https://journalofethics.ama-assn.org/videocast/ethics-talk-covid-19-us-detention-camps


 

  journalofethics.org 38 

Tower Hamlets. By employing a cycle of analysis, feedback, and interaction, the CEG 
effectively bridges research, policy, and practice, driving public health advancements 
and reducing inequity. 
 
The learning health system at work is demonstrated in redressing ethnic inequity in 
measles mumps and rubella (MMR) vaccination. It was found that “between 2006 and 
2008 … Tower Hamlets had the highest rates of confirmed measles [in the UK], with 24 
cases per 100 000 … compared with a national figure of 2 per 100 000.”48 Using 
routinely collected primary care data, the CEG was able to demonstrate significant 
ethnic inequity in MMR uptake. In Tower Hamlets, focus group work with Somali parents 
suggested that MMR vaccine uptake was low partly on account of safety concerns 
related to autism. Thanks to high-quality ethnicity recording (which was over 97% 
complete for children under 5), the researchers were able to analyze data for the Somali 
group separately from the broader ethnic category of Black African/Caribbean. 
 
By 2011, Tower Hamlets had virtually achieved herd immunity and had the highest rates 
of MMR vaccination in London, thanks to efforts that were responsive to the local 
context.48 The CEG demonstrated that achieving herd immunity for childhood 
vaccinations was an achievable goal in an ethnically and socially diverse population. The 
high-quality ethnicity data available to researchers allowed them “to identify 
characteristics of the difficult to reach groups, including significant differences in uptake 
across different ethnicities.”48 

 
Changes in management and the withdrawal of financial incentives meant that the gains 
were not sustained long-term. Ten years later, MMR immunization rates in London 
dropped to levels disproportionately lower than the rest of the UK, partly due to the 
pandemic.49 Inequity widened, prompting renewed efforts to reach herd immunity for 
MMR. In February 2022, the CEG launched a quality improvement program to redress 
falling rates of childhood immunizations. Research is now underway to fully evaluate the 
program, which will generate the evidence base to inform practice and policy going 
forward.50 One suggested policy action is to include national measures to tackle these 
inequities by financially incentivizing general practitioners to deliver timely routine 
childhood vaccinations in primary care.49,50,51 
 
Current Key Challenges 
Achieving representative data collection presents significant challenges, especially in 
diverse populations in which socioeconomic inequity, access to health care, and 
geographic location can influence data quality and availability. It is further complicated 
in systems where race and ethnicity data collection can be skewed by the nature of 
health care provision. Although health care systems like the VA or the UK’s National 
Health Service are largely free at the point of contact, those who are marginalized might 
be less likely to interact with health care systems and be represented in the data. 
 
While the above cases constitute positive examples of using existing large-scale race 
and ethnicity data, data injustices remain. For example, the term data genocide has 
been used to describe the lack of AI/AN data available in the US during the pandemic.52 
As a result, AI/AN communities exercised communal ownership of health data to drive 
public health responses tailored to their specific needs.53 Greater community 
engagement is crucial in redressing health inequity and building trust between 
researchers and marginalized communities. 
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To overcome these challenges, as a start, we point to recent guidance on the reporting 
of race and ethnicity in scientific research.54 We also note a call for action to bring about 
data justice “regarding the reporting and analysis of publicly-funded work involving 
racialized groups.”6 
 
Conclusion 
Ensuring high-quality race and ethnicity data through collection of self-reported, 
standardized, and granular data is crucial for meaningful analysis aimed at identifying 
health inequity. Provided that researchers discuss limitations in the collection and 
classification of data, analyzing data by race and ethnicity can yield crucial insights into 
health patterns and serve as a critical basis for redressing health inequity. 
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Abstract 
Data quality for and about American Indian/Alaska Native (AI/AN) people 
is undermined by deeply entrenched, colonial practices that have 
become standard in US federal data systems. This article draws on 
cases of maternal mortality and COVID-19 to demonstrate the ethical 
and clinical need for inclusive, diverse, and accurate data when 
researching AI/AN health trends. This article further argues that 
epidemiologists specifically must challenge implicit bias, question 
methods and practices, and recognize colonial, racist reporting practices 
about AI/AN people that have long undermined data collection, 
analytical, and dissemination practices that are fundamental to 
epidemiological research. 

 
The American Medical Association designates this journal-based CME activity for a maximum of 1 AMA PRA 
Category 1 Credit™ available through the AMA Ed HubTM. Physicians should claim only the credit 
commensurate with the extent of their participation in the activity. 
 
First Data Gatherers 
American Indian and Alaska Native (AI/AN) people were the first data gatherers in what 
is now called the United States.1 Indigenous communities have consistently been 
empirically rigorous, collecting both quantitative and qualitative data for health and well-
being purposes.2 Prior to colonization, AI/AN individuals and communities had robust 
health, and AI/AN health care practices have long been utilized in Western medicine.3 
Indigenous knowledge is still passed down through generations, despite settler 
colonialism’s initiation in the late 1400s as one of the most influential social 
determinants of AI/AN health.4,5,6 Settler colonial logic is a “logic of elimination,”4 
whereby settler colonizers purposefully try to deplete and eliminate original people and 
their cultures through genocide. Less widely known is how settler colonial genocidal 
practices have influenced data.7 

 
Data Sovereignty 
Prior scholars have deemed the exclusion of AI/AN people from federal data, such as 
the US census, to be “statistical genocide.”7 The Urban Indian Health Institute (UIHI)—a 
division of the Seattle Indian Health Board and the only national Tribal Epidemiology 
Center that serves urban dwelling AI/AN populations by providing public health support 
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through data, research, and evaluation—considers statistical genocide to be a form of 
data erasure contributing directly to a larger colonial project of data genocide. Data 
genocide, as defined by UIHI, is “the elimination of Indigenous people in data resulting in 
the non-fulfillment of treaty and trust responsibilities due to ‘lack’ of data on urban and 
rural tribal communities.”8 Data genocide also includes the erasure of Indigenous 
people through aggregating data and misclassifying Indigenous people within datasets. 
Even when collected, any data about nation-based Indigenous people in the United 
States must respect federal treaty rights, a tenet of which is Indigenous data 
sovereignty. Indigenous data sovereignty is the right of each Tribe to exercise 
sovereignty over the collection, ownership, and application of data that aligns 
Indigenous customs, values, and ways of knowing.9 Data sovereignty extends to any 
health information collected about Indigenous people and must be respected to ensure 
that collection and use of the data align with Indigenous principles and is guaranteed by 
the United Nations Declaration of the Rights of Indigenous People, which the United 
States announced support for in 2010.10 
 
Data Invisibility  
One striking example of data genocide is the invisibility of AI/AN people in maternal 
mortality rates. AI/AN women, along with Black women, have some of the highest rates 
of pregnancy-related mortality deaths, with a significant increase seen in 2021 
associated with the COVID-19 pandemic.11 Yet this fact often goes ignored in most 
analyses of maternal mortality rates, with AI/AN people being lumped into an “other” 
category, thereby erasing their racial and political identity as Indigenous and eliminating 
the ability to disaggregate the data and identify disparate outcomes for this group. 
Collapsing racial and ethnic data into an other category is often rationalized by small 
sample sizes. Yet data genocide—through individuals being racially misclassified within 
federal data sets—contributes to shrinking the sample size.7,8 Through racial 
misclassification, Indigenous people are made invisible while simultaneously being 
labeled as “other.” Consequently, calculation of maternal mortality deaths, which are 
linked to the social determinants of health,12 now lies in the hands of a system that 
determined that AI/AN birthing people were too small of a population to separate out—or 
to do so precisely—within statistical analyses,13,14 making invisible the reality of maternal 
mortality for AI/AN women. These practices are racist because they reify settler colonial 
power’s embeddedness in data systems, data analysis, and data dissemination by not 
collecting and reporting data on Indigenous people’s race and ethnicity. 
 
This problem is avoidable. Yet it is further exacerbated by common data practices 
spanning collection to dissemination. The use of a single-race AI/AN category illustrates 
how these data practices are rooted in data genocide.8 Despite AI/AN being one of “the 
largest growing multi-racial groups in the United States,”15 it is common practice for 
government, academic, and other agencies to use only a single-race AI/AN category in 
their analyses, effectively shrinking the sample size of specific groups through dilution, 
potentially overlooking statistically significant differences, and upholding a former 
colonial practice by the US government to determine who was AI/AN based on blood 
quantum.16 There is no scientifically valid reason to use only a single-race AI/AN 
category in data analysis and dissemination, and, as a result of the advocacy of tribal 
nations, only Tribes, not the US government, can determine who is a tribal member.17 
Yet statistical and other agencies continue to use this outdated, nonscientific, and 
colonial data practice. The authors recognize this practice as structural racism in data. 
To uproot this structural racism, the field of epidemiology must challenge implicit bias, 
question what has become standard methodological practice, and recognize the 
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unintended and very real consequences of this practice and other colonial data 
practices on AI/AN and other populations, such as Pacific Islanders, impacted by 
ongoing colonialism. 
 
The UIHI’s report, “Data Genocide of American Indians and Alaska Natives in COVID-19 
Data,”8 which discussed AI/AN COVID-19 data reporting for all US states, illustrated the 
detrimental effect of the elimination of AI/AN in data, as it resulted in misallocation of 
federal funds meant to address the pandemic,18 despite AI/AN being one of the groups 
most detrimentally affected by the virus.19 In one of the first studies published on COVID-
19 infection rates in AI/AN, the authors were only able to include data reported to the 
Centers for Disease Control and Prevention for 23 states, as the rest of the nation was 
not reporting a minimum of 70% complete race and ethnicity data, effectively limiting 
the understanding of the virus in a paper that was intended to inform public health and 
clinical practice.19 Colonial data practices effectively prohibit researchers and clinicians 
from accessing the information they need to make data-driven decisions in research, 
policy, programming, and practice. In order to attain health equity, these practices must 
be challenged. For example, an individual can be an enrolled member of a federally 
recognized Tribe and categorized as American Indian, yet at the same time be racialized 
on a phenotypical level as Black or White, resulting in racial misclassification in medical 
records. These differences in racial reporting are crucial to capture within the data, as 
AI/AN patients can have significantly worse COVID health outcomes, for example, than 
White or Black patients.20 Disaggregated data on Indigenous peoples’ Tribal and 
community belonging, race, and ethnicity is vital in order for researchers to fully 
understand the diverse and complex picture of Indigenous health.21 
 
Consequences of Data Genocide 
Ongoing data genocide contributes to social theories of health inequalities like “deaths 
of despair” to explain why non-Hispanic White mortalities due to suicide, drug overdose, 
and alcoholic liver disease exceed the death rates of other racial groups, while ignoring 
the extreme health inequity Indigenous people experience.22 In fact, the validity of such 
theories is challenged when data about AI/AN people are appropriately included in 
analyses.22 Excluding AI/AN people from the data or subsuming them (thereby rendering 
them invisible) under an other category harms not only Indigenous people themselves—
as inaccurate pictures of their colonially imposed health inequity due to data genocide 
are presented—but also those in other racial groups, as data genocide of Indigenous 
people misrepresents the data and promotes misunderstanding of health inequity 
among persons and communities designated as other. While Friedman et al 
demonstrate that, indeed, Indigenous people are experiencing much higher rates of 
deaths of despair than their non-Hispanic White counterparts,23 we strongly stand 
against the language of “despair” when analyzing deaths of any type for any racial 
group. This phrasing places blame on an individual’s emotional states and emotional 
points of intolerance instead of framing these deaths within the uninhabitable structures 
that settler colonialism and capitalism created. Data genocide has implications for the 
lived experiences of today’s AI/AN people and communities. Genocide happening within 
data collection, analysis, and dissemination hides lived realities of poor health 
outcomes, such as the alarmingly high rates of maternal child mortality for Indigenous 
women, and masks the contemporary ways in which settler colonialism affects AI/AN 
persons’ and communities’ health. 
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Rethinking Data Practices 
To address data genocide at a basic level within clinical data collection and analysis, 
several small changes can be made. UIHI’s “Best Practices for American Indian and 
Alaska Native Data Collection”15 recommends a myriad of best practices that are 
grounded in and stem from Indigenous values. This framework specifies ensuring that 
any data collected about AI/AN people include a multiracial category and that those 
people are counted in the AI/AN category during analysis. Or, in other words, “if the 
AI/AN individual identifies as another race, include the individuals who are AI/AN in any 
combination with any other race and include those who identify as Latinx/Hispanic. In 
the event the definition cannot be as inclusive as stated above, the next less inclusive 
definition should be used, i.e. AI/AN alone.”15 International efforts led by the Māori 
Indigenous Sovereignty Network in New Zealand include creating a platform for Māori 
Tribal information managers to access existing government datasets, to which they then 
can add their own Tribal data and analysis; the platform is an efficient tool at merging 
governmental data with supplementary Tribally collected and owned data.24 
 
The UIHI’s “Best Practices” also identifies opportunities to train staff, doctors, and data 
analysts on proper race data collection.15 Such training includes an understanding of 
race as a social construction and not as biological essentialism,25 learning about the 
political status of AI/AN individuals and Tribes, and understanding the impacts of 
racialization on health and the various ways in which these impacts must be captured in 
our ever-growing multiracial society. Additionally, epidemiologists must be trained on 
small population methodologies and Indigenous statistics26 for quantitative data 
analyses. Yet it isn’t just quantitative data about AI/AN people that must be 
meaningfully included; qualitative data must also be collected that can add rich nuance 
to our understandings of Indigenous health. Last, and most important, those who collect 
data should engage in conversations with local Tribes and urban Native communities on 
Indigenous data sovereignty and what data collection practices work best for their 
communities and geographies. 
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MEDICINE AND SOCIETY: PEER-REVIEWED ARTICLE 
What Should Clinicians Know About How Coding Influences 
Epidemiological Research? 
Jennifer Quint, PhD and Alex Brownrigg, PhD, MA 
 

Abstract 
Coded health care data from patients’ health records are used in 
epidemiological research, especially on incidence or prevalence of 
disease; for drug safety monitoring or long-term cohort tracking; and to 
inform policy making. This article briefly summarizes the evolution of 
internationally recognized coding ontologies and nomenclature and 
describes applications of coded electronic health record (EHR) data in 
day-to-day health care operations, research, auditing, and policy 
development. This article also illuminates how errors can occur when 
EHR information is coded, considers errors’ consequences, and suggests 
strategies for mitigating errors and improving overall use of coded EHR 
data. 

 
A History of Health Care Data Coding 
The classification or “coding” of diseases dates back to 17th-century England.1 At that 
time, codes were collected as part of the London Bills of Mortality to enable frequent 
causes of death to be recorded. While “Found dead in the Fields at St. Mary Islington”1 
no longer has a code, a desire to capture such granularity in our health care systems 
remains today. 
 
What would become known as the International Classification of Diseases (ICD) coding 
system was adopted by the International Statistical Institute in 1893, and diagnostic 
terms were introduced in the sixth revision of the ICD in 1948.2,3 Health care 
communities had recognized the ICD system officially before publication of the first 
volume of the ninth revision in 1977, at which point the ICD was expanded to include 
additional detail at the subcategory level. With each edition of the ICD, the number of 
codes increases, which facilitates billing and administration and the use of these data 
for audit and research purposes. 
 
This article briefly summarizes the evolution of internationally recognized coding 
ontologies and nomenclature and describes applications of coded electronic health 
record (EHR) data in day-to-day health care operations, research, auditing, and policy 
development. This article also illuminates how errors can occur when EHR information is 
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coded, considers errors’ consequences, and suggests strategies for mitigating errors 
and improving overall use of coded EHR data. 
 
Types and Complexity of Codes 
In addition to the ICD, other coding systems have evolved, the most commonly used of 
which is the SNOMED CT system, a consistent vocabulary for recording clinical 
information that is considered to be “the most comprehensive, multilingual clinical 
healthcare terminology” in existence.4 SNOMED CT was released in its current format in 
2002 as a combination of reference terminology and clinical terms.5 The currently used 
coding systems in health care are summarized in the Table. It should be noted that 
individual ICD or SNOMED CT codes are added and retired over time, with the result that 
multiple codes exist to code for the same condition.6 

 

Table. Summary of Coding Systems Currently Used in Health Care 
System Type of coding Use Where used 

ICD-10 Classification Statistics, billing Globally  

OPCS-4 Classification Statistics, billing UK 

Read system Terminology Clinical  UK, to be retired 

SNOMED CT Terminology Clinical  Globally  

Dm+d Terminology  Medicines UK 
Abbreviations: Dm+d, Dictionary of Medicines and Devices; ICD, International Statistical Classification of Diseases and Related Health 
Problems; OPCS, Office of Population, Census and Surveys Classification of Interventions and Procedures; SNOMED CT, Systemized 
Nomenclature of Medicine—Clinical Terms; UK, United Kingdom. 

 
The complexity of coding is likely to increase, given that health care is increasingly 
reliant on technology and digital medical records. More data sources are becoming 
available (eg, patient-facing apps and wearable devices), which are linkable to other 
health care data sources that are accessible, both to patients and for research and 
policy making. This interconnectivity and accessibility make understanding of the use 
and accuracy of health care data all the more important. In addition, tools for using the 
data are becoming more complex, with artificial intelligence (AI) and machine learning 
algorithms that automate coding being used more frequently.7 Regardless of the 
methodology used, however, the accuracy of the coding underpinning EHR data is 
paramount to the data’s usefulness. There is a certain degree of false hope that AI will 
solve problems that current data strategies cannot (such as identifying individuals at 
high risk of disease), but the bottom line is that if the coding is not right to begin with, no 
amount of AI will make data analysis any better. 
 
Beyond the importance of using data for day-to-day health care decisions for an 
individual, data are used for other reasons, ranging from monitoring quality of care and 
benchmarking services to measuring public health trends and disease epidemiology. 
Published papers using these data for research cover a wide variety of topics.8 

 
Training Clinicians About Coding 
In the United Kingdom (UK), medical coders undertake hospital coding, translating what 
is written in the medical records into ICD-10 codes, which are ultimately entered into 
hospital episode statistics (HES) and Office for National Statistics mortality data. HES 
are used by national bodies and regulators, including the Department of Health and 
Social Care and NHS England, for the purpose of health care analytics. The data are also 
available for research in deidentified format with appropriate permissions. There are 

https://journalofethics.ama-assn.org/article/should-artificial-intelligence-augment-medical-decision-making-case-autonomy-algorithm/2018-09
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strict rules concerning hospital coding and data entry, and, in the UK, medical coders 
are trained, as they are in other countries.9,10 Coders follow algorithms, which include 
instructions, such as coding a disease in place of symptoms in most cases; if a 
diagnosis is only possible, it cannot be coded, whereas if it is probable (not an 
impression or suspected), it can be coded. While there is clear guidance concerning 
what can be coded and how, there is too often little or no coordination between medical 
coders and medical staff, with coders having to interpret and decipher what has been 
written and medical staff not being aware of the nuances of coding rules.11,12 This 
compartmentalization can lead to inaccuracies in the data. One example is 
discrepancies in national respiratory audit data entry by clinicians and therefore 
spurious case ascertainment results. These discrepancies arise because data that do 
not meet inclusion criteria for the audit based on coding rules might be entered into the 
audit anyway by health care professionals.13 Ultimately, clinical staff are vital in ensuring 
accurate data acquisition and, ultimately, data quality. 
 
In primary care in the UK, data entry is usually undertaken by health care professionals 
at the point of inputting the data during a consultation. Codes are often assigned via 
dropdown menus or attached to keywords in the background of the system. Even in this 
setting, however, as well as globally,14,15 health care professionals have minimal training 
as to the importance of choices of codes used or how they inform policy and contribute 
to audit and research. There is no formal requirement to teach UK doctors about coding 
classifications and terminologies, and a recent survey of UK medical schools found huge 
variation in the importance given to the area.16 
 
Consequences of Coding Errors 
At an individual level, inaccuracy in a person’s medical record can have significant 
consequences, and, in the UK, data once entered generally cannot be removed, 
although codes do exist to indicate a disease has resolved. For example, a patient’s 
record could contain a code for a disease they do not have, or there could be ambiguous 
granularity in diagnostic criteria that makes it difficult for new physicians seeing the 
patient to make decisions. Moreover, important aspects of care, such as identifying 
unpaid carers, is often not coded, thereby limiting offers of carer support. Errors can 
also be problematic at a system and population level.17 
 
Knowledge and understanding of systems are essential for accurate use of health care 
data beyond clinical practice. Data may be missing from the EHR for a variety of reasons 
(eg, something is unknown or an individual declined to answer), which can introduce 
bias. Less obviously, health care professionals might be reluctant to code information 
related to wider determinants of health due to stigma or stereotyping and worries about 
how it might affect patients’ insurance coverage and job prospects. For example, health 
care professionals might be reluctant to code for a diagnosis, such as HIV, that the 
patient does not want to disclose if there is concern that insurers or employers could 
somehow find out about the diagnosis. Moreover, the variety of disease code sets used 
for clinical or billing purposes can result in different estimates of prevalence. Use of less 
accurate estimates for resource allocation planning can have a knock-on effect in terms 
of financial distributions that can ultimately be detrimental to patient care.18,19 Likewise, 
use of different disease code sets in research has resulted in mixed findings, such that 
associations between exposure and outcome variables are found to be present or not,20 
and in the inability to make comparisons due to heterogeneity between coding systems. 
Inconsistency in results and, ultimately, variability of conclusions can undermine the 
value of these data for research. 

https://journalofethics.ama-assn.org/article/whom-should-we-regard-responsible-health-record-inaccuracies-hinder-population-based-fact-finding/2025-01
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Coding errors not only contribute to biased outcomes but have ethical implications if 
used by insurance or pharmaceutical companies for personal gain.21 Companies’ 
primary purpose, however, in using data from EHRs, pharmacy records, and billing and 
reimbursement documentation, is “to monitor medicine consumption and 
pharmaceutical spending, and to assess safety and providers’ compliance with 
guidelines.”22 Accurate and objective information is essential to guide policy making and 
spending and to avoid exacerbating health inequalities, lengthening waiting lists, and 
inappropriately prioritizing services. The earlier that data—and more complete data—can 
be made available, the more robust will be estimates and forecasts. However, 
politicization of epidemiological data can lead to misalignment of incentives and 
evaluations.23 

 
Improving EHR Data Use 
Ultimately, there needs to be trust in those using the data. Closer working relationships 
between health care professionals and medical coders and clinical ownership of codes 
and data are essential for mitigating errors and improving use of EHR data. Beyond 
individual efforts, there needs to be regulation and accreditation of health care data 
professionals and clearly defined roles for health care professionals in supplying context 
when inputting data. In research studies, reporting of codelists and of algorithms and 
methodology needs to be transparent so that analyses are reproducible. Audit programs 
are helpful for improving coding standards and could be undertaken as part of national 
audit programs for quality improvement. As with any research, integrity is key, and 
auditors need to be as transparent as possible. As a society, we also need to guard 
against people exploiting any uncertainty that arises from miscoding (or poor data 
quality) to advance their own agendas, which leads to a politicization (and mistrust) of 
health data. 
 
In the same way that researchers would never undertake a clinical trial without clear 
definitions of endpoints, we should encourage consensus on and standardization of 
important disease endpoints for observational work using EHR data. Work has been 
undertaken to harmonize various coding ontologies by mapping to a common data 
model (eg, Observational Medical Outcomes Partnership), thereby allowing federated 
data analytics. While these efforts at standardization can speed up research and make 
cross-country or system comparisons easier to undertake, there is still potential for 
biased outcomes as the risk of cumulative errors and the complexity of the systems 
grows. 
 
We must also accept that, in the UK, it will never be appropriate to remove information 
that has been entered in the EHR. In the same way that if we write something in error in 
a medical record, we cross it out and date and sign it, there are resolved codes that can 
be used in the EHR, but it would be inappropriate to ever delete something that has 
been included. 
 
Conclusion 
In the UK, we have moved from paper records to secure data environments in less than 
15 years, which is relatively high speed, considering the complexity of health care. Most 
patients and the public are keen for their data to be used in health management so that 
it can be based on robust estimates of risk calculated from accurate, standardized data, 
although they may have questions about how the data will be used in research and by 
whom.24 Given that the data are imperfect, it is important for health care professionals 

https://journalofethics.ama-assn.org/article/what-should-health-professions-students-learn-about-data-bias/2025-01
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to communicate any limitations, biases, and caveats that can originate from miscoding 
and that are relevant to day-to-day decision-making. From a public perspective, it is 
important that policy makers be provided with the highest-quality information to develop 
policy that prioritizes the right services for people who need them and reduces growing 
health inequalities. 
 
Few doubt that clinical coding systems have led to improvements in health care 
research and provided benefits to patients and the public. They have allowed data to be 
linked at a personal level, enabled more detailed studies and standardized analytics, 
allowed for real-time analytics, and will provide training data for next-generation AI. Yet 
further improvements are needed. Standardization is becoming even more important, as 
once disparate data sources are being linked for federated analyses as part of national 
and international collaborations. Study findings can be influenced by lack of 
standardized coding and definitions, as well as by inclusion and exclusion criteria, 
missing data, and the like, and the effects of these factors are likely to be exacerbated if 
people train AI and use other new technologies without thorough testing, validation, and 
understanding of the algorithms. Accordingly, regulation, accreditation, and 
accountability will be important to maintain the integrity of health data and research. 
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HISTORY OF MEDICINE: PEER-REVIEWED ARTICLE 
Lessons From the Political History of Epidemiology for Divisive Times 
H. K. Quinn Valier, PhD 

Abstract 
Historical precursors of the field we now call epidemiology date back to 
Hippocrates. Modern epidemiological science, however, developed as 
domestic and international infectious disease transmission 
accompanied industrialization, some nations’ economic growth, and 
colonial powers’ military expansion and dominance. This article 
canvasses ways in which modern epidemiology influenced public health 
innovation from the late 18th century through the mid-19th century. 
Specifically, this article suggests which lessons can be gleaned from 
political dimensions of epidemiology’s history and applied to orientations 
to medicine and public health today. 

The American Medical Association designates this journal-based CME activity for a maximum of 1 AMA PRA 
Category 1 Credit™ available through the AMA Ed HubTM. Physicians should claim only the credit 
commensurate with the extent of their participation in the activity.

Start With the Greeks 
There are numerous ways to date the history of epidemiology. The term epidemios (from 
epi [on] and demos [people]) appears in the ancient texts of Hippocrates (c 460-c 370 
BCE)—notably, in Epidemics and Airs, Waters, Places.1 Both texts emphasized the 
natural—rather than supernatural—nature of disease and described health as a matter 
of a body in balance with its daily routines and external environment. The texts 
circulated at a momentous time, as Greek city states were seeking fresh territories 
through colonial conquest. More than just manuals for individual practitioners, 
Epidemics and Airs, Waters, Places were works intended to be of practical, political, and 
military use to Greek leaders weighing factors for and against the placement of new 
communities and military outposts.2 From ancient times, then, the stimulus to collect 
and collate information about groups of people has transcended the concerns of 
individual clinicians and their patients; then, as now, politics matter. 

In a sense, “politics matter” is an unsurprising and obvious claim to make about disease 
and society: epidemics threaten much beyond individual health. Overwhelming 
outbreaks of disease have destabilized militaries, markets, and governing powers, a 
feature as familiar to the Greeks as to the administrations that ruled through the Age of 
Imperialism in the 19th century. Recent discussions of “decolonizing” academic 
research have included this aspect of the history of epidemiology in their remit, and the 
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colonial roots and legacies of the discipline are now broadly known and acknowledged.3
In focusing on how 19th- and 20th-century international public health practices 
systematically marginalized Indigenous voices and pathologized racial and cultural 
difference, recent scholars of decolonialization have offered numerous strategies for a 
more inclusive, equitable, and robust science.4,5 Such discussion of the political 
dimensions of public health and epidemiology, while welcome, have, however, tended to 
focus on the fields of global health and social epidemiology. A possible unintended 
consequence of that focus risks obscuring a fundamental character of the discipline: 
that politics matter always and everywhere when interpreting patterns of health and 
disease. To engage with distributions of health and disease across any population is to 
engage with public policy, and, to that extent, the practice of any branch of epidemiology 
is therefore inherently “political.” While there is justifiable concern that public 
engagement in politics can threaten scientific objectivity,6 the practice of epidemiology 
has also been criticized for being too focused on empirical method—possibly to 
demonstrate its scientific bona fides and create some distance from contentious 
political issues—which itself raises questions of epidemiology’s purpose and disciplinary 
responsibility to the public.7 These are issues that epidemiologists have wrestled with for 
decades and are unlikely to be resolved anytime soon. 

This article takes a long historical view of epidemiology to briefly revisit 3 famous 
contributors to public health from the late 18th through the mid-19th century. As will be 
shown, there was no one political vision for effecting social progress that was the norm 
and no “pure” science advocacy free from the presumption of or need for some form of 
political engagement. The pioneers discussed—Johann Peter Frank (1745-1821), Rudolf 
Virchow (1821-1902), and John Snow (1813-1858)—all showed a deep commitment to 
advocating for their science, but, importantly, each also demonstrated how their 
advocacy was shaped by beliefs and values absorbed from their respective social and 
political worlds. 

Origins of Social Medicine 
The application of statistical methods and probabilistic reasoning to problems of public 
health has roots in the 18th century and the work of Johann Peter Frank, who 
popularized the notion of “medical police.” Frank’s mammoth work, System Einer 
Vollständigen Medicinischen Polizey (A Complete System of Medical Policy), appeared in 
6 volumes, the first of which was published in 1779.8 A German physician and hygienist, 
Frank admired contemporary European Enlightenment philosophers and their emphasis 
on the primacy of human reason over superstition and dogma. The use of census tools 
and the central collection of vital statistics would, in Frank’s view, drive top-down 
transformation by way of public health and social reform. Like other Enlightenment era 
thinkers, Frank believed that the inequalities that impeded health also impeded social 
progress. In a 1790 public lecture titled “The People’s Misery: Mother of Diseases,”9 he 
laid out the connections between disease, social conditions, and the need for policy-
based action on the part of the physician. While later scholars have taken up this lecture 
title as something of a rallying cry for health equity,10,11 it is worth noting that the means 
through which Frank believed social progress would be achieved were far from 
democratic. A committed mercantilist, Frank was a great believer in a zero-sum game of 
economic policy through which European nations sought to acquire colonial wealth to 
enrich themselves abroad while beggaring their neighbors and competitors at home. In 
Frank’s authoritarian and paternalistic vision, populations foreign and domestic 
represented resources to be protected and made productive for the benefit of the 
state.12 Medical police science directed state regulation of food, air, and water and 
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accompanied other measures intended to promote population growth and military 
preparedness, such as better education of midwives and improved childhood nutrition. 
 
Along with widespread European political unrest in the 1840s, however, came a 
particularly brutal test of the medical police system when a devastating plague of typhus 
broke out in Prussian-administered Upper Silesia (now part of Poland). The acclaimed 
physician-scientist Rudolf Virchow was dispatched to investigate, and another chapter in 
the history of epidemiology was begun. Virchow employed extensive field-based 
observations, interviews, and statistical methods to compile his lengthy report on the 
epidemic, which he published in 1848.13 Like Frank’s work, Virchow’s writing has since 
become foundational for origin stories about the rise of social medicine, histories that 
explicitly or implicitly align themselves with left-of-center advocacy regarding equity and 
the social and economic etiologies of illness in postindustrial society.14 
 
It is a modern take and political perspective that arguably would have been quite alien 
to Virchow himself. Along with much-cited lines in his 1848 report, such as “Medical 
statistics will be our standard of measurement: we will weigh life for life and see where 
the dead lie thicker among the workers or among the privileged,”15 are numerous other 
comments placing blame on local populations for their own misery.13 For Virchow, the 
inferior culture and poor physical constitutions of Polish-speaking people showed just 
how in need they were of a strong Germanic hand. His firebrand writings and activities 
advocating for a liberal democracy and against the state machinery were not so much 
about “the people” as about who should be in control—old regime bureaucrats or new 
technocrats like himself?16 

 
Epidemiology and Industrial Sanitation 
Virchow’s microscopic work and theories of cellular pathology place him in the vanguard 
of a scientific approach to medicine that would finally replace millennia of Hippocratic 
theories. Nonetheless, so committed was Virchow to the environmental regulation of 
public health that to the end of his life he remained an avowed “contingent 
contagionist” and germ theory skeptic.17 In other words, Virchow argued that some 
diseases—like typhus—which were thought to be contagious were, in fact, generated by 
environmental filth—especially bad airs or “miasma”—leaving individuals weakened by 
poverty and poor social and living conditions the most susceptible to illness and death. 
By way of contrast, the British physician John Snow argued against miasmatic disease 
spread and aimed to show that some contagious illnesses did have a single cause and 
one that would produce illness regardless of the constitutional health of individuals in 
the affected population. 
 
As a founding member of the London Epidemiological Society, Snow likely would have 
inevitably been drawn to the study of cholera during the outbreak of 1854.18 How to 
control the disease was the urgent administrative and public health question of the day. 
An earlier outbreak of the disease in 1848-1849 had provoked Parliament to action, 
including by ordering private water companies supplying water from the city’s River 
Thames to shift their intake locations upstream of the location where much of the city’s 
sewage was dumped.18 In his brilliant South London water study, Snow compiled 
statistical tables that looked at case counts in different London districts, along with the 
names of private companies and from where they drew their water supply.18 While Snow 
went to great lengths to control for variables other than water source in his 
comparisons, recent historians have shown that contemporary critics of Snow had 
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reasonable grounds to question how well his districts and subdistricts did, in fact, 
compare.19 
 
Snow’s other major work on the Broad Street pump (located within Soho, an area of 
London close to his own neighborhood) was similarly purposed to find persuasive 
evidence for his belief that cholera was a waterborne disease. In that instance, he used 
not statistical tables but a dot map showing the incidence of cholera cases by their 
proximity to the pump.20 Once again, the stiff opposition Snow faced is not adequately 
accounted for by the notion that his critics were ignorant or reactionary. It was a time of 
great peril and uncertainty, and too many aspects of Snow’s work seemed (in the view of 
his critics) not to disallow miasmatic transmission alongside or instead of waterborne 
transmission. Snow’s successful use of his map in getting the local authorities in Soho 
to remove the handle of the Broad Street pump was then as much an act of skillful 
negotiation and political persuasion as it was a self-evident scientific sweep of his 
doubters.20 
 
Snow was not a politically active physician in the manner called for by Frank or Virchow, 
but his work shows his deep engagement with the same stark political realities of 
industrializing cities and the role that public agencies and policy might have in managing 
population health. For its part, the British government commissioned a wide-ranging 
report on the potential links between poor sanitation and epidemic disease and placed 
the prominent lawyer and social reformer Edwin Chadwick (1800-1890) in charge of it. 
His 1842 report, The Sanitary Conditions of the Labouring Population, profoundly 
influenced the passage of the Public Health Act 6 years later.21 Chadwick’s belief in 
miasmatic theory was deeply bound with his perceived need for wide-reaching 
legislation to transform the sanitary infrastructure of Britain and, with it, the health of a 
nation.22 Although more suspicious of large-scale government bureaucracy than the 
Germans, British adherents of miasmatic theory did nonetheless worry about the 
potential for Snow’s work to undermine new public health infrastructure and hard-won 
sanitary reforms. Snow, for his part, went some way to ease concerns (as evidenced by 
his success in getting the Broad Street pump shut down) as he continued to pursue the 
science. In the end, the great transformations of public health in Britain were owing to 
the work of both sanitarian miasmatists like Chadwick and proto-germ theorists like 
Snow. 
 
Epidemiology as Political Science? 
In a world of intense political polarization that is still reeling from the COVID-19 
pandemic, history offers a reminder that we have endured calamitous times before. An 
awareness of political context and a willingness to engage with political influence would 
seem desirable for the ethical, professional conduct of epidemiological practice. Political 
partisanship on the part of the practitioner is neither necessary nor sufficient as a 
replacement for political awareness, but, I argue, neither is denial that there exists a 
political dimension to the science of epidemiology at all. 
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ART OF MEDICINE 
Right in the Eye 
Kayla Mackenzie McCormick 
 

Abstract 
This illustration represents how a patient’s view of themselves can be 
altered while going through iatrogenic trauma.  

 
Figure. Inner Perspective  
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Media 
Digital watercolor.  
 
 
Caption  
Empathic patient care involves a delicate balance between going about the business of 
diagnosing and treating patients and preserving their dignity and self-image. This 
balance can be upset in instances in which procedures that are routine for clinicians 
turn out to be sources of iatrogenic trauma for patients or in which a patient’s 
perspective is lost or undervalued. 
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