
R E S E A R C H Open Access

© The Author(s) 2026. Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, 
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and 
the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included 
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​v​e​c​​o​m​m​​o​n​s​.​​o​r​​g​/​l​i​c​e​n​s​e​s​/​b​y​/​4​.​0​/.

Oh et al. BMC Medical Research Methodology          (2026) 26:125 
https://doi.org/10.1186/s12874-026-02835-y

BMC Medical Research 
Methodology

*Correspondence:
Kyoung-Nam Kim
kknload@yuhs.ac

Full list of author information is available at the end of the article

Abstract
Background  Poststratification, a method for improving the representativeness of nonprobability samples, has 
developed primarily within survey methodology. Meanwhile, g-methods such as inverse probability weighting 
(IPW) and standardization have been developed in epidemiology for causal inference from observational data. 
Despite evolving under different terminology in two fields, these methods share similar underlying assumptions and 
estimation strategies. In this article, we systematically articulate the formal connections between poststratification 
and g-methods, demonstrating how each field can inform the other.

Methods  We develop a methodological framework demonstrating how poststratification can be understood 
through established causal inference principles. We formally map the three core assumptions required for valid 
poststratification onto the identifiability conditions used in causal inference from observational data. We show 
that the two principal implementation approaches for poststratification parallel inverse probability weighting and 
standardization. To illustrate the practical application, we apply poststratification to data from the Korean Genome 
and Epidemiology Study (KoGES) of 10,030 Korean adults aged 40–69 years in 2001, adjusting for age and sex 
distributions to estimate population-level smoking prevalence.

Results  The formal mapping reveals that poststratification and g-methods share analogous assumptions and 
estimation strategies. This parallel provides principled guidance for auxiliary variable selection, clarifies when 
poststratification succeeds or fails, and enables application of established diagnostic tools from causal inference to 
poststratification problems. In the KoGES example, poststratification adjusted the crude smoking prevalence from 
25.7% to 26.5%, accounting for oversampling of older participants.

Conclusions  Understanding poststratification through the lens of causal inference offers a rigorous foundation for 
making valid population-level inferences from nonprobability samples. This framework facilitates cross-disciplinary 
learning and enables more principled interpretation of results from convenience samples, cohort studies, and other 
nonprobability sampling designs. Future work could explore how poststratification methods relate to the broader 
literature on generalizability and transportability of results from randomized trials.
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Background
Contemporary medical research regards randomized 
controlled trials (RCTs) as the methodological gold 
standard, with observational studies striving to approxi-
mate randomization through design and analysis. This 
paradigm has motivated the development of sophisti-
cated methods for causal inference from observational 
data, including g-methods such as inverse probability 
weighting (IPW) and standardization. At the same time, 
most medical studies necessarily rely on nonprobability 
samples, in which the probability of participants being 
included in the study is not known a priori, raising con-
cerns about the external validity of study findings.

While large population-based surveys employing 
probability designs (e.g., the National Health and Nutri-
tion Examination Survey [1]) provide a well-established 
approach to population-level inference, substantial 
methodological work has also addressed how to estab-
lish external validity from nonprobability samples. One 
strategy to address the representativeness of nonproba-
bility samples is poststratification [2]. Poststratification is 
applicable when the distribution of the auxiliary variables 
is known both in the sample and the target population. 
The technique reweights sample observations so that 
auxiliary variable distributions match those of the target 
population, thereby enabling inference about population-
level quantities such as the mean or proportion of the 
variable of interest [3].

The methodological structure of poststratification 
closely parallels that of g-methods widely used in epi-
demiology for causal inference. While these approaches 
have developed under different names—poststratifica-
tion in survey sampling and g-methods in epidemiol-
ogy—they share similar underlying assumptions and 
estimation strategies [4, 5]. Both endeavors address “non-
random” problems–whether arising from nonrandom 
treatment assignment or nonrandom sample inclusion–
and both employ weighting or stratification methods to 
restore balance. Consequently, poststratification can be 
understood naturally through the causal inference frame-
work familiar to most epidemiologists.

While Mercer et al. explored parallels between survey 
inference and causal inference in the context of nonprob-
ability sampling, their work focused on survey method-
ology broadly rather than epidemiological applications 
and did not examine poststratification specifically [6]. 
Lesko et al. examined the similarities between improving 
external validity and causal inference but did not focus 
on poststratification [4, 5]. The methodological connec-
tions between poststratification and causal inference–
particularly regarding the underlying assumptions and 
implementation strategies–have not been systematically 
articulated in the epidemiological literature.

In this article, we develop a methodological framework 
demonstrating how poststratification can be rigorously 
understood through the established principles of causal 
inference. Our aims are threefold: (1) to formally map 
the assumptions required for valid poststratification onto 
the standard identifiability conditions for the ATE under 
IPW and standardization, (2) to show that the implemen-
tation approaches for poststratification correspond to 
IPW and standardization methods, and (3) to illustrate 
these theoretical connections using empirical data. By 
elucidating these parallels, we hope to provide epidemi-
ologists with a more intuitive understanding of poststrat-
ification, facilitate principled auxiliary variable selection, 
and encourage wider adoption of these methods for pop-
ulation-level inference.

Methods
This methodological framework has been developed 
through systematic comparison of poststratification 
and causal inference principles. The theoretical paral-
lel is demonstrated through mathematical derivations 
mapping the assumptions and implementation methods 
between the two frameworks.

The framework is illustrated using data from the 
Korean Genome and Epidemiology Study (KoGES), a 
population-based cohort study of Korean adults aged 
40–69 years (n = 10,030, baseline 2001) [7]. Smoking 
prevalence estimates were calculated using both crude 
and poststratification-adjusted approaches (individual-
level weighting and stratification), with adjustments 
based on age-sex distributions from the 2001 Korean 
Population Census.

Results
Causal inference framework
We begin by establishing the conceptual foundations 
of causal inference. For expositional clarity, we assume 
a binary treatment A ∈ {0,1} and binary outcome 
Y ∈ {0,1}, with confounders X  represented as cat-
egorical variables. Y a denotes the counterfactual out-
come that would be observed if treatment were set to 
A = a. The average treatment effect (ATE) is defined as 
E

[
Y 1]

− E
[
Y 0]

..

Identifying the ATE from observational data using 
standard g-methods such as IPW and standardization 
requires three core assumptions [8]:

1.	 Conditional Exchangeability: Y a ⊥ A|X  for all a. 
Conditional on covariates X , treatment assignment 
is independent of potential outcomes. This condition 
holds when X  includes all variables that jointly 
influence both treatment and outcome.
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2.	 Positivity: P (A = a|X = x) > 0 for all a and x. 
Every stratum defined by X  must contain individuals 
receiving each treatment level. Without positivity, 
certain counterfactual quantities cannot be estimated 
from the observed data, as some treatment-covariate 
combinations remain empirically unobserved.

3.	 Consistency: Y = AY 1 + (1 − A) Y 0. Consistency 
ensures that the observed outcome Y  for a 
subject receiving treatment A = a equals their 
counterfactual outcome Y a.

To understand these conditions, first consider how RCTs 
enable causal inference. In an RCT, the ATE is estimated 
simply as E [Y |A = 1] − E [Y | A = 0], the difference in 
mean outcomes between treatment arms. This estimator 
is valid because the following equation holds:

	 E [Y a] = E [Y |A = a]� (1)

Why does Eq.  (1) hold? Starting from 
the right-hand side, consistency implies 
E [Y |A = a] = E [Y a|A = a]. Randomization ensures 
marginal exchangeability; hence, Y a ⊥ A holds uncon-
ditionally. Therefore, E [Y a|A = a] = E [Y a]. Finally, 
positivity is guaranteed by design: each treatment arm 
contains at least some participants, making E [Y |A = a]
estimable from the observed data.

Exchangeability merits particular attention. The equal-
ity E [Y a|A = a] = E [Y a] states that the average poten-
tial outcome in the treated group equals that of the entire 
study population. This property holds, for instance, when 
the treated group constitutes a simple random sample 
(SRS) from the population—which is precisely what ran-
domization achieves. By assigning treatment indepen-
dently of all participant characteristics, randomization 
creates treatment groups that are equivalent to random 
samples from the study population.

In observational studies, confounding precludes direct 
estimation of the ATE via E [Y |A = 1] − E [Y |A = 0]. 
However, when confounders X  are measured, exchange-
ability and positivity hold conditional on X , and consis-
tency is satisfied, the counterfactual mean E [Y a] can be 
estimated through inverse probability weighting (IPW) 
or standardization [8].

IPW creates a pseudo-population in which treatment 
assignment is independent of potential outcomes by 
weighting each observation by the inverse of its treat-
ment probability. Specifically, an individual with covari-
ates X  receiving treatment A = a is weighted by 
1/P (A = a|X). The weighted average then identifies the 
counterfactual mean:

	
E

[
Y · I (A = a)
P (A = a|X)

]
= E

[
Y a · I (A = a)
P (A = a|X)

]

 
� (2)

	
= E

[
E

[
Y a · I (A = a)
P (A = a|X)

∣∣∣∣∣X
]]

 
� (3)

	
= E

[
E [Y a| X] · E[I (A = a) |X]

P (A = a|X)

]

 
� (4)

	 = E [E [Y a|X]] = E [Y a] � (5)

where I(A = a)=1 if A = a and 0 otherwise. Condi-
tional exchangeability Y a ⊥ A| X  justifies the step from 
Eq.  (3) to (4), where the conditional expectations of Y a 
and I(A = a) given X  factorize.

Standardization computes the counterfactual mean 
E [Y a] by first estimating the conditional outcome 
E [Y |A = a, X] within each stratum of X  among those 
receiving treatment A = a, then averaging these stra-
tum-specific estimates weighted by the population distri-
bution of X . Formally:

	
∑

x

E [Y |A = a, X = x] P (X = x) =
∑

x

E [Y a|A = a, X = x] P (X = x)
 � (6)

	
=

∑
x

E [Y a|X = x] P (X = x) = E [Y a]
 
� (7)

The step from Eqs.  (6) to (7) invokes conditional 
exchangeability Y a ⊥ A | X , which permits the removal 
of conditioning on A within each stratum. This means 
that while treatment and counterfactual outcomes may 
be associated marginally, this association vanishes within 
strata of X . Within each stratum, comparing outcomes 
between treated and untreated individuals yields causally 
valid inferences.

Poststratification framework
We now describe the mechanics of poststratifica-
tion. Under SRS, the sample distribution of any vari-
able matches its distribution in the target population in 
expectation. Conversely, when sampling is nonrandom, 
certain variables may exhibit distributional discrepancies 
between the sample and population. Poststratification 
corrects such discrepancies by reweighting observations 
to align the sample distribution of auxiliary variables with 
their known population distribution.

Consider estimating the obesity rate in a target popu-
lation from a nonprobability sample containing 400 men 
and 600 women. Suppose external information (e.g., 
census data) indicates the total population comprises 
1000 men and 1000 women. The sample overrepresents 
women relative to the population. If obesity rates differ 
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by gender, the crude sample estimate will be biased. If 
the sampling probability is homogenous within each gen-
der, assigning weights of 1000/400 to men and 1000/600 
to women restores the correct gender distribution. The 
weighted obesity rate eliminates bias attributable to gen-
der imbalance, yielding a more representative population 
estimate.

This logic extends to multiple auxiliary variables. With 
m auxiliary variables, one constructs an m-way contin-
gency table, defines cells through cross-classifications of 
these variables, and assigns each observation a weight 
equal to the ratio of its cell’s population count to sample 
count. This procedure requires knowledge of the joint 
distribution of auxiliary variables in the target popula-
tion–information typically obtained from census data, 
prior surveys, or administrative records.

Alternatively, poststratification can be implemented by 
reversing the order of operations. Rather than weight-
ing individuals and then computing the outcome, one 
first calculates stratum-specific outcome estimates, then 
aggregates them using population weights. In the obe-
sity example, suppose the observed obesity rates are 
30% among men and 10% among women in the sample. 
Weighting these stratum-specific estimates by the popu-
lation gender ratio (1000:1000 = 1:1) yields a popula-
tion estimate of (0.30 + 0.10)/2 = 0.20 or 20%. This is the 
approach taken by multilevel regression and poststrati-
fication (MRP), which fits regression models to estimate 
stratum-specific outcomes before aggregating [9].

These two approaches are mathematically equivalent. 
Suppose there are J  strata indexed by j = 1, ..., J , with 
sample count nj  and population count Nj  in stratum 
j. The estimate obtained by first weight the sample and 
then computing the average is:

	

J∑
j=1

nj∑
i=1

(Y i,j × Nj/nj)

J∑
j=1

Nj

where Yi,j  is the outcome of i-th participant in j-th 
stratum. Alternatively, the estimate obtained by first 
computing cellwise estimate and then calculating the 
weighted average is:

	

J∑
j=1

Nj

−
Yj

J∑
j=1

Nj

where 
−
Yj=

nj∑
i=1

Yi,j/nj  denotes the sample mean in stra-

tum j. Two formulas give the same results.

Despite this mathematical equivalence, the two imple-
mentations differ in practical flexibility. Individual-level 
weights, once computed, can be applied across multiple 
analyses examining different outcomes. In contrast, the 
stratum-aggregation approach generates outcome-spe-
cific estimates that are less readily transferable to other 
analyses.

Parallels in assumptions
Let X  denote the auxiliary variables used as poststrati-
fiers and δ i ∈ {0,1} indicate whether individual i is 
included in the sample ( δ i = 1 if included). For sim-
plicity, assume all components of X  are categorical. For 
poststratification to yield valid inference about the target 
population, three assumptions must hold:

 

  1.	   Conditional Independence. Conditional on X , 
sample inclusion is independent of the outcome 
[10, 11]. Formally, Y ⊥ δ |X . If sample inclusion is 
affected by the outcome even after conditional on 
X , irreparable bias may appear: Suppose we wish to 
measure obesity rate. If all obese individuals avoid 
participation due to their obesity status, the sample 
obesity rate is zero, and no reweighting scheme can 
recover the true population rate.

    2.	    Positivity. Every stratum must contain at least 
one sampled observation [11], expressed as for all 
x, P (δ = 1|X = x) > 0.Without positivity, certain 
strata have no empirical information, making 
population-level inference impossible.

    3.	    Consistency. Sample inclusion itself must not 
affect outcomes. Formally, Y = Y δ =0 = Y δ =1, 
meaning the counterfactual outcome under 
sampling equals the counterfactual outcome under 
non-sampling. When estimating obesity rate, if 
individuals selected for health screening lose weight 
in anticipation of participation, their observed 
obesity status differs from what it would have been 
absent selection. Even a probability sample would 
then fail to represent the target population, as the 
act of sampling induces outcome changes. Although 
we do not go into detail, this assumption aligns with 
the basic concept of sampling theory: individuals’ 
outcome value ( Yi) is fixed, whereas their sample 
inclusion ( δ i) is random [12]. From this perspective, 
this assumption is a natural requirement.   

 
Under the three assumptions above, poststratifica-

tion enables valid population inference. Consider first 
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the approach of weighting individuals. Subjects in stra-
tum j receive weight Nj/nj = 1/ (nj/Nj) which equals 
1/P̂ (δ = 1|X = xj). The weighted estimator then iden-
tifies the population mean:

	
E

[
Y · I (δ = 1)
P (δ = 1|X)

]
= E

[
E

[
Y · δ

P (δ = 1|X)

∣∣∣∣∣X
]]

	
= E

[
E

[
δ

P (δ = 1|X)

∣∣∣∣∣X
]

E [Y |X]

]

	 = E [E [Y |X]] = E [Y ]

Alternatively, computing stratum-specific esti-
mates and aggregating with population weights 
NJ/N = P̂ (X = xj) produces:

	
∑

j

E [Y |X = xj , δ = 1] P (X = xj) =
∑

j

E [Y |X = xj ] P (X = xj) = E [Y ]
 � (8)

Although causal inference targets counterfactual con-
trasts and poststratification targets population distribu-
tion, the conceptual parallels between poststratification 
and causal inference become apparent when we consider 
the sample inclusion indicator δ  as treatment variable 
A. Most notably, the conditional independence assump-
tion corresponds to conditional exchangeability. Under 
our assumption Y = Y δ , the conditional independence 
Y ⊥ δ |X  can be interpreted as Y δ ⊥ δ |X  (Fig. 1).

The positivity assumption translates directly between 
contexts. Just as standard g-methods require at least one 
subject with A = a for each level of X , poststratifica-
tion requires that samples exist for each stratum of the 
auxiliary variables X . However, poststratification only 
requires positivity for δ = 1 (sample inclusion), since 
inference focuses exclusively on representing the target 
population rather than comparing outcomes between 
observed and unobserved groups.

The consistency assumption requires a more strin-
gent formulation in the poststratification context. While 

standard g-methods employ consistency to link observed 
and counterfactual outcomes across treatment contrasts, 
poststratification uses δ  purely as a selection indicator 
rather than a substantive intervention. This necessitates 
the stronger assumption Y = Y δ =0 = Y δ =1, assert-
ing that sample inclusion itself does not alter outcomes. 
This requirement represents a conceptual trade-off: the 
relaxed positivity condition (no need for δ = 0 observa-
tions) comes at the cost of a more restrictive consistency 
assumption that rules out any reactive effects of the sam-
pling process.

Parallels of implementation methods
The structural parallel between poststratification and 
causal inference extends naturally to their solution meth-
ods. Individual-level weighting followed by outcome 
estimation is equivalent to IPW, while stratum-specific 
estimation followed by population-weighted averaging is 
equivalent to standardization. That these two poststratifi-
cation methods yield identical results is therefore unsur-
prising–it is a direct consequence of the well-known 
equivalence between IPW and standardization under sat-
urated models, when identifiability conditions hold [8].

Consider first the individual-level weighting approach. 
Subjects with covariate pattern X = xj  receive a weight 
of 1/pj = 1/ (nj/Nj), where pj  represents the propor-
tion of individuals with X = xj  in the target population 
who were included in the sample. This quantity can be 
interpreted as pj = P̂ (δ = 1|X = xj), the estimated 
probability of sample inclusion conditional on covari-
ates. Viewing δ = 1 as a form of treatment assignment, 
weighting observations by 1/pj  is mathematically identi-
cal to IPW in causal inference [13].

A methodological distinction emerges in how these 
weights are estimated. IPW estimation typically employs 
model-based approaches, such as logistic regression with 
treatment A as the outcome and covariates X  as pre-
dictors, to estimate propensity scores. This parametric 
approach is feasible because positivity ensures that both 
treated ( A = 1) and control ( A = 0) groups are observ-
able. In contrast, poststratification estimates weights 
nonparametrically using direct cell counts from the sam-
ple and auxiliary information about covariate distribu-
tions in the target population. Since the unsampled group 
( δ = 0) is inherently unobservable, poststratification 
leverages external knowledge of the target population’s 
covariate distribution P (X = xj) to construct weights 
without modeling P (δ = 1|X) parametrically. 

Next, consider the approach where stratum-specific 
estimates are computed first, then aggregated using pop-
ulation-level weights. The mathematical derivation from 
Eq. (8) mirrors the standardization procedure in Eq. (6) to 
(7). The key distinction is that poststratification requires 

Fig. 1  Graphical representation of the conditional independence as-
sumption. Conditional independence holds when the selection mecha-
nism δ  has no direct pathway to the outcome Y  and conditioning on X  
blocks all backdoor paths between them
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external information about the target population’s covari-
ate distribution P (X = xj), which is unknown from 
the sample alone, whereas standardization can use the 
observed covariate distribution.

This approach admits an intuitive interpretation. 
Suppose X  encompasses not merely the confound-
ers between Y  and δ , but all variables determining the 
selection mechanism. Under this assumption, all indi-
viduals with X = xj  share identical sample inclusion 
probabilities. Consequently, the observed sample within 
each stratum X = xj  constitutes an SRS from that stra-
tum in the target population, with inclusion probabil-
ity pj = nj/Nj . This scenario is equivalent to standard 
stratified random sampling, which ensures consistent 
estimation of population parameters.

An important practical consideration concerns which 
variables to include as auxiliary variables. Variables that 
affect sample inclusion but not the outcome need not be 
included in X  [14]. While omitting such variables means 
the sample remains unrepresentative with respect to 
these characteristics, this discrepancy does not bias infer-
ence about the outcome of interest. Conversely, includ-
ing unnecessary variables for poststratification creates 
numerous small cells, inflating variance and potentially 
violating positivity when some cells contain no observa-
tions [15]. Conditional independence is sufficient. There 
is no need to achieve perfect representativeness on all 
dimensions.

This principle parallels variable selection in propensity 
score estimation for IPW in causal inference. Non-con-
founding predictors of treatment assignment need not 
be included when estimating propensity scores. Indeed, 
Hernán and Robins emphasize that propensity scores 
need not be estimated with excessive precision, as over-
fitting the propensity score model by including too many 
variables can actually degrade performance [8].

Interpretation between standardization and 
poststratification
As demonstrated above, standardization and poststrati-
fication share nearly identical computational proce-
dures, creating the possibility of interpreting the same 
calculation through two distinct theoretical frameworks. 
Suppose we wish to compare obesity rates between indi-
viduals with and without depression. Because the two 
groups differ in their covariate distributions, we weight 
the data so that covariate distributions match those of 
a standard population (e.g., all Korean adults in 2023) 
before making comparisons. This raises a conceptual 
question: what distinguishes interpreting this proce-
dure as direct standardization in epidemiology from 
interpreting it as poststratification (specifically, the stra-
tum-specific estimation approach followed by weighted 
averaging)?

When depression is denoted as A = 1, interpreting 
this process as direct standardization proceeds as fol-
lows. For example, to standardize the obesity rate in the 
depressed group:

	
E

[
Y A=1]

=
∑

x

E
[
Y A=1|X = x

]
P (X = x)

	
=

∑
x

E
[
Y A=1|X = x, A = 1

]
P (X = x)

	
=

∑
x

E [Y |X = x, A = 1] P (X = x)
 
� (9)

	
=

∑
x

E [Y |X = x, A = 1, δ = 1] P (X = x)
 
� (10)

where P (X = x) denotes the covariate distribution in 
the standard population. Under conditional exchange-
ability given X , these steps estimate the counterfac-
tual obesity rate that would occur if the entire standard 
population were depressed. With the same procedure on 
A = 0, we can compare standardized obesity rate among 
depressed and non-depressed populations. However, 
direct standardization typically proceeds from Eqs.  (9) 
to (10) without explicitly considering the distinction 
between observed and unobserved patients. This implic-
itly assumes that conditioning on X  and A is sufficient 
to achieve conditional independence between and δ  and 
Y .

In contrast, suppose the same procedure is interpreted 
as poststratification with sample inclusion denoted as 
δ = 1. This framework considers only depressed sub-
sample ( A = 1) from the outset and presupposes that 
the entire standard population consists of depressed indi-
viduals, with only a subset observed in the sample. In this 
case, Y = Y A=1 and

	
E [Y ] =

∑
x

E [Y |X = x] P (X = x)

	
=

∑
x

E[Y |X = x, δ = 1] P (X = x)

under the assumption that X  comprises predictors of 
both sample inclusion δ  and obesity status Y  (NOT 
confounders between depression A and obesity). These 
steps estimate the obesity rate for the standard popu-
lation. Under analogous assumptions, we can simi-
larly obtain a poststratified estimate of non-depressed 
( A = 0) population.

Interpretation depends on the context. In reality, unob-
served depressed patients would affect the obesity rate 
(violating the direct standardization assumption) and the 
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standard population contains both depressed and non-
depressed individuals (violating the poststratification 
assumption). Ideally, if auxiliary variable distributions for 
the complete depressed and non-depressed populations 
were available, the proper approach would proceed in 
two stages. First, apply poststratification separately to the 
observed depressed and non-depressed samples, weight-
ing each to represent their respective complete popula-
tions. Second, use direct standardization to compare 
obesity rates between these poststratification-adjusted 
groups, ensuring comparability by standardizing to a 
common covariate distribution (Fig. 2).

First, apply poststratification separately to each expo-
sure group to generalize from the observed sample 
( A = 1, δ = 1 and A = 0, δ = 1 to A = 1 and A = 0). 
Second, apply direct standardization to ensure compara-
bility between A = 1 and A = 0 groups.

Empirical illustration: KoGES smoking prevalence
Consider estimating the proportion of current smok-
ers using data from Korean Genome and Epidemiology 
Study (KoGES) [7]. KoGES is a cohort study conducted 
by the Korea Disease Control and Prevention Agency’s 
National Institute of Health since 2001 to identify risk 
factors for chronic diseases common among Koreans 
and to provide scientific evidence for personalized and 
preventive medicine. Participants in this cohort con-
sists of adults aged 40–69 years as of 2001. Because they 

represent a nonprobability sample of Korean adults aged 
40–69, their distribution of auxiliary variables–for exam-
ple, sex and age–differs from that of the general popula-
tion obtained from census data (Table 1) [16]. Age and 
sex are associated with both sample inclusion and smok-
ing behavior [17], making them appropriate auxiliary 
variables for poststratification adjustment. Therefore, the 
crude smoking rate among KoGES participants (25.7%) 
would not represent the smoking rate of all Korean adults 
aged 40–69 in 2001.

To apply poststratification, participants in each age-by-
sex cell receive a weight equal to the population count 
divided by the sample count. For example, men aged 
40–49 receive a weight of 3,886,462/2354 = 1651.0. The 
smoking rate of this weighted sample is 26.5%, which is 
more representative value of the general population with 
respect to age and sex. For reference, a nationally repre-
sentative probability sample of the Korean population in 
2001 (the Korea National Health and Nutrition Examina-
tion Survey [18]) yielded a smoking rate of 29.7% (95% 
CI: 28.2–31.3) among adults aged 40–69.

Discussion
Recognizing poststratification through the lens of causal 
inference provides a principled methodological founda-
tion for making valid population-level inferences from 
nonprobability samples. By treating sample inclusion as 
analogous to treatment assignment, the familiar appara-
tus of causal inference provides immediate insight into 
when and why poststratification succeeds. In addition, 
this theoretical bridge reveals that two poststratification 
strategies correspond to IPW and standardization.

The causal inference framework provides several practi-
cal insights that go beyond what poststratification meth-
ods alone offer. First, the formal mapping of assumptions 
clarifies that the key requirement for valid poststratifica-
tion is conditional independence — not representative-
ness on all measured variables. This distinction provides 
principled criteria for selecting auxiliary variables rather 
than relying on ad hoc choices. Second, this connection 
enables researchers to interpret poststratification results 
with more explicit recognition of limitations. Just as no 

Table 1  Distribution of age, sex, and smoking rate of Korean adults aged 40–69 in 2001
Age Sex Censusa KoGES Smoking rateb

40–49 Men 3,886,462 (25.2%) 2354 (23.5%) 53.1%

40–49 Women 3,758,072 (24.4%) 2357 (23.5%) 3.6%

50–59 Men 2,208,310 (14.3%) 1234 (12.3%) 48.0%

50–59 Women 2,245,444 (14.6%) 1383 (13.8%) 3.1%

60–69 Men 1,493,790 (9.7%) 1170 (11.7%) 44.3%

60–69 Women 1,821,163 (11.8%) 1532 (15.3%) 4.9%

Total 15,413,241 10,030 25.7%
KoGES Korean Genome and Epidemiology Study
aCensus data from Ministry of Public Administration and Security, bSmoking rate among KoGES participants

Fig. 2  Ideal two-stage procedure for comparing groups from nonprob-
ability samples
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residual confounding remains an ideal in observational 
study, perfect representation of the target population 
through poststratification is unattainable, as unobserved 
factors invariably influence both sample inclusion and 
outcomes of interest. In particular, both no residual 
confounding and conditional independence cannot be 
validated within given data [19, 20]. Consequently, just 
as epidemiologists exercise appropriate caution when 
asserting causality, researchers employing poststratifica-
tion must temper claims of representativeness. The pru-
dent statement is not that a sample “represents the target 
population” but rather that it has been made representa-
tive with respect to specific auxiliary variables [21, 22].

While our illustration prioritized expositional simplic-
ity by assuming discrete covariates with known joint dis-
tributions, the framework is adaptable to more complex 
data structures. When joint distributions are unavail-
able, methods such as iterative proportional fitting (rak-
ing) allow for adjustment based on marginal distributions 
[23]. Furthermore, continuous auxiliary variables can 
be incorporated using calibration weighting to align 
sample moments with those of the target population 
[24]. Recent advancements in causal inference, such as 
entropy balancing, mirror these established survey meth-
ods by employing similar calibration techniques to han-
dle continuous covariates [25]. This convergence further 
reinforces the methodological bridge between survey 
sampling and causal inference.

In our empirical illustration, we selected age and sex 
as poststratifiers based on their established roles as com-
mon determinants of both smoking behavior [17] and 
study participation. However, adjusting for these demo-
graphic factors alone may not fully satisfy the conditional 
independence assumption. Thus, the poststratified esti-
mate should be interpreted not as a guaranteed recov-
ery of the true population prevalence, but as an estimate 
improved by removing biases attributable to age and 
sex. This partial correction is empirically demonstrated 
in our results, where the poststratified estimate (26.5%) 
falls between the unadjusted estimate (25.7%) and the 
benchmark (29.7%). From a causal inference perspec-
tive, the remaining discrepancy represents residual sam-
pling bias, analogous to residual confounding. Adopting 
a causal inference framework encourages such transpar-
ency: prompting researchers to use domain knowledge 
to identify potential unmeasured selection factors (e.g., 
socioeconomic status) and to recognize that further 
adjustments or sensitivity analyses may be required.

The target population for poststratification inference is 
not predetermined but depends on the research objec-
tives. For instance, when obesity prevalence is measured 
among Korean adults in 2020, the most straightforward 
target population comprises all Korean adults in that 
year. However, to take an extreme example, the same data 

could conceptually be treated as a sample from Korean 
adults spanning 2015–2025, or alternatively as a sample 
from Asian adults in 2020. The choice of which popula-
tion to generalize findings to hinges on the plausibility of 
the research hypotheses and the tenability of underlying 
assumptions. This flexibility mirrors a broader principle 
in observational research: while the study sample itself 
remains fixed, the target population to which investiga-
tors seek to extend their conclusions may vary according 
to the study’s substantive aims and the strength of argu-
ments for external validity.

Beyond poststratification, substantial methodological 
work has addressed external validity from nonprobabil-
ity samples more broadly. Cole et al. proposed the use of 
inverse probability of selection weights to extend findings 
from RCTs to the general population [13], an approach 
that was subsequently extended to incorporate inverse 
odds of sampling weights [26] and augmented inverse 
probability weighting (AIPW) [27]. Lesko et al. demon-
strated that the conditions required for internal validity 
in observational studies closely parallel those required for 
external validity [4]. Future work could draw similar for-
mal parallels between these generalizability methods and 
survey sampling methods more broadly.

Conclusions
Epidemiology is the study of how disease is distributed in 
populations and the factors that influence or determine 
this distribution [28]. From this perspective, exemplary 
epidemiological research balances internal validity with 
external validity, extending findings from study samples 
to broader populations to generate actionable public 
health insights. Poststratification offers a principled, 
computationally straightforward approach to enhancing 
external validity. By elucidating the conceptual connec-
tions between poststratification and the causal inference 
framework familiar to most epidemiologists, we hope 
this review encourages wider adoption of these meth-
ods and more nuanced interpretation of results from 
nonprobability samples. Future work could explore how 
poststratification methods relate to the broader literature 
on generalizability and transportability of results from 
randomized trials to larger population or nested cohorts.
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