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Evidence-based public health demands that study findings provide meaningful insights 
into improving the health of target populations, making representativeness a widely 
regarded hallmark of high-quality epidemiological research. However, big data and the 
digital health datademic are changing the way target and study populations are defined 
and how to ensure the external validity of study findings. What matters is assessing the 
degree of transportability of these findings—how well they inform about the target 
population. I review the gain of shifting the focus away from study representativeness 
and instead prioritizing the explicit assessment and reporting of transportability.
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INTRODUCTION

Evidence-based public health demands that study findings provide meaningful insights into 
improving the health of target populations, making representativeness a hallmark of high-quality 
epidemiological study [1, 2]. Representativeness is, however, neither necessary, nor sufficient to 
guarantee the external validity of study findings [1]. Further, big data and the digital health 
datademic—a concept related to infodemic to describe the overabundance of data [3] and the 
challenge of using them to produce actionable information—are changing the way target and study 
populations are defined and how to ensure the external validity of study findings [4]. While 
minimizing selection bias and ensuring similarity between a study sample and its target population 
help, they are not sufficient to guarantee external validity. What matters is assessing the degree of 
transportability of study findings, i.e., how well these findings inform about the target 
population—the population on which information is searched to assess its health status and 
disease burden, as well as their causes, and to guide health related decisions [5, 6]. In this 
education article, I review the gain of shifting the focus away from study representativeness and 
instead prioritizing the explicit assessment and reporting of transportability.

THE END OF REPRESENTATIVENESS

According to the Cambridge dictionary, representativeness is defined as “the fact of a smaller group 
of people or things representing a larger group accurately, so that the smaller group is typical of the 
larger one” [7]. Without a census, epidemiologists and other population health scientists typically 
consider a study representative if it is conducted on a random sample of the target population [8]. In 
this context, if the researchers are lucky enough with the sampling, the study’s descriptive or causal 
estimate—once internal validity biases due, e.g., to measurement errors and confounding are 
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accounted for—provides insight into the true value of the 
descriptive or causal estimand in the target population, with a 
known degree of uncertainty. The notion of estimand is meant 
here to describe the target quantity, i.e., the goal of a descriptive or 
causal assessment in a target population, while the estimate is 
what is obtained from a given analysis in a specific study 
population [9].

However, while random sampling is one approach to 
achieving representativeness, it is neither necessary nor 
sufficient to ensure that study findings will apply to a target 
population [1]. Further, a growing number of epidemiological 
and population health studies rely on non-random samples that 
neither represent the reference population—the group from 
which study participants were drawn—nor the target 
population relevant for policymaking [4, 10]. This is 
particularly evident in studies using various types of real- 
world or big data, which include vast numbers of individuals 
who do not originate from a well-defined reference population, 
do not represent the target population of interest, and whose 
selection process (beyond self-selection) cannot be 
fully identified.

For instance, many studies using digital-trace data—from 
smartphones and wearables, search engines, social media, or 
streaming platforms—cannot identify the populations that 
generate these data (Box 1) [11]. Beyond basic 
sociodemographics, high-quality information on users’ 
characteristics is often lacking, limiting stratified analyses. 
Access is also constrained by the companies that hold these 
data. Digital data donation—users sharing the data held by 
these companies with researchers [12]—can reveal the data- 
generation process needed to assess transportability, but such 
donations must be widespread to yield meaningful, population- 
level insights.

Without a well-defined reference population, the population 
coverage remains unknown [7], leaving these real-world-, digital-, 
and big-data as little more than a shifting and misrepresentative 
mix of multiple, often changing, populations [4, 16]. Unstable or 
poorly documented study populations contributes to the poor 
reproducibility of epidemiological research findings [17]. Using 
this type of data, increasingly accessible in a digital health era, is 
changing radically the way we define study and target populations, 
and the way we shape an epidemiological research question (the 
estimand). Hence, as shown in the Figure 1, in a classical 
epidemiological study (Panel A), the question (estimand) is 
used to define the data collected, allowing the production of an 
estimate. In an era of big data and datademic (Panel B), the 
question is shaped by the available data, in an iterative process. 
Data are generated by the population, but they can also define the 
population [4], and multiple estimates are produced.

Of note, even when a study is conducted in a random sample 
of a well-defined target population, following a proper 
sampling frame and plan, declining participation rates 
increase selection bias and threaten representativeness [18]. 
For example, the impact of the low participating rate on the 
representativeness of the famous UK biobank is well known, 
but its effect on the transportability of findings might 
have been underappreciated (Box 2) [19, 20]. Ultimately, 

representativeness is like a benevolent spirit which is 
haunting studies—often longed for, sometimes desperately 
[2], yet increasingly elusive in the era of big data [8]. It is 
timely to reassess representativeness and external validity 
through the lens of transportability [5, 6, 21].

POPULATION HEALTH MONITORING 
VERSUS CAUSAL INFERENCE

The major tasks of population health data science are description 
and causal inference [23], both of which are subject to internal 
and external validity biases, challenging transportability [6]. The 
role of representativeness differs, however, between these two 
tasks. In population health monitoring, where the goal is 
descriptive—such as estimating disease burden in a target 
population—representativeness is often necessary or at least 
expected. In contrast, for causal inference studies, which aim 
to estimate the effect of an exposure or intervention on an 
outcome, a representative random sample is generally not 
considered critical for the transportability to study findings [1].

The differences in representativeness requirements between 
descriptive population health monitoring and causal inference 
studies are, however, debatable. What truly matters is 
determining the extent to which study findings can be 
transported to the target population, particularly by accounting 
for the presence and distribution of modifiers of the estimand, being 
descriptive or causal [5, 6, 9]. Regardless of the data production 
process, a consequential epidemiology approach calls for explicitly 
reporting the transportability of study findings [24]. This is essential 
for health decision-makers [25], who need to assess whether 
observational or experimental study results are reliably extended 
to specific target populations, the ones that they are taking care of 
(Box 3) [26].

WHAT IS TRANSPORTABLE?

Of note, it is frequent to distinguish generalizability from 
transportability, with generalizability being used to refer to 
what extent study findings can be applied to the population 
from which data were collected (the sampled population, see 
Figure 1) and transportability to what extent findings inform 
about other potential target populations [8, 25]. Assessing 
generalizability can be, however, considered as a specific 
case of transportability assessment, where the target 
population is the population from which data were 
collected. In this educational paper, we use transportability 
to refer to which extend study findings inform about any 
prespecified target populations, including the population 
from which data were collected.

On the one hand, ideally, study findings are transportable 
when the quantitative estimates obtained from the study sample 
can be generalized to the target population, that is, when the unit- 
specific quantity of interest can be reliably aggregated over this 
population [9]. On the other hand, transportability is often based 
on vague qualitative findings that are only tentatively extended to the 
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target population [8, 29]. While this distinction between these two 
types of transportability is common, it should not be seen as a 
fundamental difference. Rather, it reflects varying degrees of 
confidence in how much—or how far—we can extend descriptive 
or causal estimates to the target population.

Within that logic, it is useful to apprehend transportability over a 
continuum [5]. In some studies, transportability is high, meaning 

the estimate can be confidently applied quantitatively to the target 
population of interest for descriptive or causal statements. In 
others, the transportability is low, allowing merely a rough 
qualitative estimation in the target population. Low 
transportability reveals a high level of uncertainty and 
might underscore the need for further research to generate 
estimates that are more transportable [30].

BOX 2 | Representativeness of UK biobank and transportability of study findings.
The UK Biobank, a large-scale cohort of over 500,000 participants, has generated major advances across medicine, epidemiology, genetics, and social science [22]. 
Only 5.5% of the nine million invited individuals participated, producing a non-representative volunteer sample with healthier lifestyles, higher education, and better health 
than the general UK population [20]. While such selection is viewed as problematic for estimating prevalences, it can also bias exposure–outcome effect estimates. 
To correct volunteer bias and assess to which extent study findings were transportable, researchers constructed inverse-probability weights using a representative 
sample of the UK Biobank’s target population and applied them to bivariate demographic associations [19]. Nearly all associations were biased; for several variables the 
bias was large, including weighted estimates having the opposite sign compared to unweighted estimates. Another study reported substantial differences between 
unweighted and weighted (i.e., “transported” to the target population) results for genetic correlations and Mendelian randomization estimates of socio-behavioral 
traits [20].

BOX 1 | Digital traces to assess cancer trends.
Assessing cancer trends is a core public health task, typically relying on population-based registries that collect high-quality incidence and mortality data for a defined 
geographic population. When exhaustive, registries are representative, but they require substantial resources and often lack timeliness. Could web queries help? Search 
volumes for cancer-related terms have been shown to correlate with registry incidence [13, 14]. However, such correlations provide limited—if any—transportable, 
actionable, population-level information. First, query volumes do not yield incidence estimates; they may reflect public concern rather than true disease burden. Second, 
users of web services may not represent the target population. Third, reproducibility over time is poor because the composition of users and search-engine designs 
change unpredictably [15].

FIGURE 1 | Relationship between the sampled and target populations, the descriptive or causal question (the estimand), the data collected, and the estimates. (A) 
standard epidemiological study; (B) epidemiological study using real-world and big-data (#PopHealthLab, 2026).
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MAKE STUDY FINDINGS 
TRANSPORTABLE

Strengthening transportability requires accounting for at the study 
design stage and quantifying it during analysis. Whatever the 
study design, it is necessary to identify and measure modifiers of 
the descriptive or causal estimand [5, 9]. Transportability to the 
population from which data were collected can be strengthened 
through random sampling of this population. When random 
sampling is not feasible, alternative approaches such as 
purposive sampling—where individuals are selected based on 
expected heterogeneity—or stratified selection based on key 
modifiers can be used [5]. Randomly sampled study 
participants from a given population is, however, not enough 
to ensure transportability of study findings to other target 
populations [21]. Like with real-world data, information on 
modifiers of the descriptive or causal estimand will be necessary.

At the analytic stage, transportability is addressed through 
methods such as matching, outcome regression, standardization, 
or weighting, with the goal of adjusting the descriptive or causal 
estimates for different distributions of modifiers in the study sample 
and the target population [6, 16, 31–33]. Methods based on weighting 
are popular (see also Box 2) [19, 32, 33]. Calculating these weights 
requires a clear understanding of the selection and recruitment 
process, which can vary significantly, for example, between a 
study based on a random sample of a well-defined population 
and one relying on online survey participants without probability 
sampling (see Box 3) [3]. In the latter case, multiple assumptions are 
needed to approximate the population from which study participants 
originate, and these assumptions have to be explicitly formulated for 
estimating the degree of transportability to a target population.

The degree of transportability can be evaluated by assessing 
the similarity between the study and target populations, e.g., 
through a generalization score, the differences in standardized 
mean differences for modifiers, or a propensity score for selection 
if individual-level data are available for both study and target 
populations [5]. The key is to assess differences in the distribution 
of modifiers between the study and target populations and 
account for them in the analysis [19].

Conclusion
For the practice of evidence-based public health, and in an era of 
big data and digital health, assessing transportability of study 

findings is more critical for population-level insights than 
ensuring representativeness of the study sample. In many 
cases, representativeness does not guarantee generalizability 
beyond the sampled population unless one assumes the 
absence of descriptive or causal modifiers. Study findings 
have no transportability per se; what matters for population 
health scientists is to estimate the extent to which their study 
findings are transportable to target populations. Whatever the 
study samples, the key to transportability is explicitly defining 
the target population that is eventually informed by the 
study findings.
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BOX 3 | Bid data paradox – what is transportable?.
Surveys are essential tools for monitoring population opinions and health behaviors [27]. Social-media–based surveys can reach large numbers quickly. In early 2021, a 
representative sample of US Facebook users provided 250′000 responses per week on COVID-19 vaccination, but overestimated uptake by 17 percentage points 
relative to the CDC benchmark [28]. This huge sample produced a small margin of error, creating a false sense of certainty—the “big data paradox”: large datasets 
can increase confidence in estimates whatever the degree of bias [28]. By contrast, an online panel of ci. 1′000 weekly responses that followed survey best practices 
produced estimates close to the CDC benchmark. What was transportable from the Facebook survey? While such method is praised to assess differences across times 
or areas [11], this survey poorly tracked changes over time and showed weak concordance with the benchmark in between-state vaccination rankings [28]. These 
examples illustrate the importance of considering the survey “total error” framework, with transportability improved not by increasing sample size alone, but by minimizing 
non-sampling errors due to coverage, measurement, and selection biases.
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