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Abstract:

Background: Managing missing data in Asia-Pacific real-world datasets within Global Capability
Centers is crucial for reliable analytics, impactful evidence generation, and policy decision-making.

Aim: Compare advanced imputation strategies across national surveys in China, Korea, India, and Japan.

Method: A six-week artificial intelligence assisted rapid review screened 1,267 records (2018-2024),
including 42 studies on four national-level health surveys.

Results: China’s doubly robust multilevel imputation yielded <5 % bias and a 2 % variance difference.
Korea’s hot-deck/regression pipeline increased complete cases by 29 % and reduced errors by up to 25 %.
India’s random-effects models imputed 100% of missing tuberculosis screening data, narrowing
confidence-interval width by 22 %. Japan’s regression and multiple imputation methods restored full
completeness from 20 % baseline missingness and produced hazard ratios within 5 % agreement.

Conclusion: Tailored imputation balancing bias control, statistical power gains, and scalable workflows
enhances data integrity and robustness in Asia-Pacific real-world research.

1. Introduction

Real-world data (RWD), have become a foundation of modern health research, regulatory science, and
health technology assessment, alongside the evidence produced by randomized controlled trials. The
electronic health records, administrative claims, disease registries, and national health surveys are data
sources that provide evidence on the effectiveness of treatment, safety, and population health in a non-
intervention context (Wang et al., 2017; World Health Organization [WHO], 2021). Global Capability
Centers (GCCs) in the Asia-Pacific (APAC) region are also becoming increasingly influential in
producing real-world evidence (RWE) to aid in global pharmaceutical development, surveillance of
populations and health, and policy development. The quality of such evidence is however of vital
importance depending on the quality of the data especially with missing data. The RWD is associated
with the extensive prevalence of missing data that are caused by various factors, such as incomplete
clinical documentation, non-response rates in surveys, loss of follow-up, and heterogeneity of healthcare
delivery systems. Such problems are particularly acute in APAC environments, in which disparities in



infrastructure, socio-economic status, and data governance systems affect the data collection and
completeness. Systematic bias, diminished statistical power, and invalid or misleading inferences can be
caused by the fact that missingness is not adequately addressed (Little and Rubin, 2019). Although it is
still used, complete-case analysis is widely considered as not the most optimal method as it can result in
the loss of useful information and biased estimates in the case that the data is not missing at random.
There have been significant methodological progresses in the last decades to deal with the missing data of
observational and survey-based research. Several methods of imputation are based on regression and
multiple imputation, are called hot-deck imputation, random-effects, and doubly robust estimators, which
are created in order to diminish bias by retaining sample size and considering uncertainty caused by
missingness (Tursunov et al, 2025; van Buuren, 2018). These methods are especially applicable in
complicated real-world data, which entails multilevel arrangement, longitudinal subsequent follow-up, or
time-to-event results. It was hypothesized using empirical evidence that the correct use of imputation
strategies can significantly enhance inferential validity over naive methods (Carpenter et al.,2021). The
APAC national health surveys and massive observational databases present good case studies that can
help to assess the missing data procedures in practice. As an example, doubling robust multilevel
imputation has been shown to be useful in reducing bias and giving estimates of variance that are near
complete-case estimates (Lee et al,2023). On the same note, hybrid hot-deck and regression-based
methods are also used in the Korea National Health and Nutrition Examination Survey to enhance
completeness and accuracy of population health analyses (Zhang et al., 2024). Random-effects modeling
and imputation have been used in large-scale surveys of prevalence of tuberculosis in India to adjust non-
screening and estimate disease burden more accurately in sub-national locations (Joel et al,2025).
Pharmacoepidemiology databases in Japan like MID-NET 2 have used the regression and multiple
imputation tools to achieve the strength of estimate of hazard ratios in multi-hospital cohort studies
(Komamine et al., 2023). In GCCs, the strategy adopted in missing data should create a balance between
statistical rigor and scalability with the efficiency of computation and regulatory acceptability. The nature
of analyst work is characterised by time constraints, the necessity of reproducibility, and the need to serve
various stakeholders, such as regulators and payers. Theoretical considerations are therefore not the only
aspects that are considered when making methodological decisions but also the operational feasibility and
complexity of data. In spite of the increasing utilisation of complex imputation procedures, comparative
synthesis of the effectiveness of the procedures is still scarce on heterogeneous APAC practical datasets
and analysis goals. It is against this backdrop that the current research study intends to synthesize and
make comparison on innovative strategies of managing missing data in APAC RWD based on the
evidence of the key national surveys and observational studies in China, Korea, India, and Japan. This
research examines how customized strategies of imputation affect the reduction of bias, estimation of
variance, sample completeness, and the strength of effect estimates through an artificial intelligence-based
rapid review. Making the methodological performance contextual within the GCC-motivated RWE
generation, the work aims to educate the best practices and lead to the enhancement of the methodological
basis of real-world research in APAC.

2. Methods:
2.1 Study Design

In this study, an artificial intelligence-based rapid review approach was used to synthesize the evidence on
creative approaches to managing missing data in real-world data (RWD) in Asia-Pacific (APAC) Global
Capability Centres (GCCs). The rapid review method was chosen to strike a balance between
methodology rigor and timeliness by representing the operational limitations and analytical processes that
are frequent in GCC-led real-world evidence (RWE) generation.

2.2 Data Sources and Search Strategy.



Literature search was performed in large databases of biomedical and methodological literature such as
PubMed, Scopus, Web of Science, and Google Scholar. The searches included publications since January
2018 and up to December 2024 to elucidate the development of the methodological advancement in the
current APAC datasets. Search terms consisted of combined ideas of missing data (missing data, item
non-response, incomplete data), imputation techniques (Multiple imputation, hot-deck, random-effects,
and doubly robust methods), real-world data, and country-specific (China, Korea, India, Japan). The
process of screening the reference list of eligible articles to identify any other relevant studies was also
carried out manually.

2.3 Study Selection

The screening of records was done in two phases; title/abstract screening and full-text screening.
Inclusion criteria were: (1) empirical studies or methodological applications involved missing data in
national health surveys or large observational databases; (2) use in APAC settings; and (3) a quantitative
performance measure, i.e., bias, variance, confidence interval width, sample completeness or stability of
estimates of effect. The exclusion criteria were simulation-only studies that did not applicable in real-
world and editorials and studies that lacked enough methodology details. Mismatches in the screening
process were cleared out by author discussion.

2.4 Data Synthesis and Extraction.

Data on each of the included studies were extracted relating to dataset characteristics, mechanisms of
missingness, imputation procedures adopted, context of analysis, and performance results. Special
emphasis was on comparative measures, such as bias reduction, estimation of variance, sample size
variations and strength of effect estimates compared to complete-case analysis. Since the datasets and the
purposes of analysis were heterogeneous, the synthesis of the findings was conducted in a narrative
format, not on a quantitative basis.

2.5 Artificial Intelligence Role.

The rapid review was facilitated by artificial intelligence devices, namely, to aid in screening of literature,
arrangement of extracted methodological features and optimization of the academic language. The large
language model was applied to assist with summarization and organization of methodological
descriptions using GPT-4.1 (OpenAl; accessed April 2025).

The authors made all study-related decisions regarding inclusion in the study, interpretation of data,
synthesis of findings and content to be included in the final manuscript. The authors assume complete
accountability of the accuracy, validity, and integrity of the work, including checking all of the references
and methodological assertions.

2.6 Ethical Considerations

Since this literature review was a synthesis of the findings of the literature published over the years, there
was no need of ethical approval or informed consent.

3.Results

3.1 Selection and Characteristics of the study.

1,267 records were found by searching databases and screening manual references. Following the
elimination of duplicates and the use of inclusion criteria, 12 studies published in 2019-2024 were
incorporated in the final synthesis. These included 3 Chinese studies, 3 Korean, 3 Indian, and 2 Japanese,
with most of them having national health survey or observational databases of large scale (Figure 1). The



summarization of the key study characteristics, such as data source, sample size, extent of missingness,
and analytical goals, is provided in Table 1.

Table 1: Characteristics of Included Studies (2018-2024)

Country Data Source Study Type Sample Missing  Primary
Size Data Analytical
(Approx.) Range Objective
China China Health Longitudinal 20,000- 5-18% Bias reduction Butera et al.
and Nutrition survey 30,000 and  variance (2022); Li et
Survey stability in al. (2021); Li
(CHNS) multilevel data et al. (2024)
Korea KNHANES; Cross- 5,000— 10-30%  Improve Son et al
wearable sectional & 10,000 completeness (2022); Jang
datasets sensor data and predictive et al. (2020);
accuracy Lee et al
(2024)
India Sub-national Population- 769,290 15-30%  Adjust non- Chadha et al.
TB prevalence based surveys  registered screening bias (2019); Kalra
surveys; RWD and RWE (2025)
cohorts missingness
Japan MID-NET® Multi-hospital ~ ~4 million 5-20% Stability of Komamine et
database cohort effect estimates al. (2023);
across hospitals  Komamine et
al. (2021)
Multi- Healthcare Observational ~ Variable 5-35% Comparative Joel et al
country  RWD datasets  studies evaluation  of (2024); Gini
imputation et al. (2019)

techniques
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Figure 1: PRISMA 2020 flow diagram of study identification, screening, eligibility assessment, and
inclusion.

3.2 Missing Data and Methods Applied Distribution.

Among the studies that were included, the percentage of missing data was between 5 and more than 30,
depending on the type of variables and the specifics of the healthcare system. These effects were common
with categorical variables having item non-response and laboratory and screening variables being
structurally missing. They found a wide selection of imputation plans that comprise doubly robust
multilevel imputation, hybrid of hot-deck and regression, random-effects modelling, and multiple
imputation with fully conditional specification (Table 2). Figure 2 shows how the methods of imputation
are distributed across countries and the complexity of the data.
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Figure 2: Distribution of missing data mechanisms and imputation strategies across Asia-Pacific
real-world studies.

Table 2. Missing Data Patterns and Imputation Methods by Country

Primary . . .
I Variables Imputation Analytical
Country Missingness Affected Strategy Framework
Type
Doubly robust Butera et al.
China Item non- Clinical & multilevel Hierarchical (2022); Li et al.
response outcome variables imputation; modeling (2021); Li et al
regression-based Ml (2024)
Item & sensor- Survey items; Hot-deck; Multiple Son et al. (2022);
Korea level actigraphy; sleep regression; deep imputation; neural Jang et al. (2020);
missingness data learning models networks Lee et al. (2024)
Chadha et al.
India Structural B screening Random-effects—  Hierarchical (2019); Kalra
missingness outcomes based imputation  survey modeling (2025); Joel et al.
(2024)
Rearession Komamine et al.
Japan Intermittent Laboratory imgutation' full Multi-hospital (2023);
P missingness covariates putation, Y cohort analysis  Komamine et al.
conditional Ml

(2021)

Cross-  Mixed Clinical & Classical and ML- Comparative Joel et al. (2024);




Primary . . .
- Variables Imputation Analytical
Country _I}_/I;‘s)selngness Affected Strategy Framework

country  mechanisms administrative based imputation ~ benchmarking Gini et al. (2019)
data

3.3 China: Bias and Variance Performance.

The China Health and Nutrition Survey based studies were able to establish that the doubly robust
multilevel imputation system was able to always produce treatment effect estimates with less than 5
percent bias compared with complete-case standards. There were not more than 2 differences in variance
estimates that demonstrated high inferential stability. The detailed comparison of the complete-case
analysis with imputed models has been provided in Table and Figure 3 which reveals apparent benefits
of multilevel in hierarchical data.

Table 3: Bias and Variance Performance in Chinese Cohort Studies

Analysis Method Estimated Variance Difference vs Interpretation
Bias (%0) Complete Case (%)

Complete-case Reference Reference Loss of efficiency Li et al

analysis (2021)

Single imputation 8-12 +10-15 Underestimates Li et al
uncertainty (2021)

Multiple imputation  3-6 +3-5 Moderate bias control Li et al

(2024)

Doubly robust <5 <2 Optimal balance of bias Butera et

multilevel and variance al. (2022)

imputation

3.4 Korea

A sequential hot-deck and regression pipeline, which was then supplemented by multiple imputation,
boosted the effective sample size by 29 per cent (1891 to 2434 complete cases) in analyses based on the
Korea National Health and Nutrition Examination Survey. The standard errors decreased by 1525 percent
that resulted in a number of covariates acquiring statistical significance that were not significant as used
in complete-case analysis. These increases in precision and statistical power are summarized in Table 4.

Table 4: Sample Size and Precision Gains in Korean Studies

Metric Complete Post- %
Case Imputation Change

Effective sample size Reduced Increased +25-30%  Son et al. (2022)



Standard error Reference Reduced —15-25%  Son et al. (2022)
Predictive accuracy Lower Higher +10-20% Jang et al. (2020); Lee et al.
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Figure 3: Comparative bias and variance performance of missing data methods in Chinese
hierarchical cohort studies.

3.5 India:

Narrowing of the Coverage and Confidence Interval. The random-effects-based imputation was shown to
be effective in overcoming non-screening bias by Indian sub-national surveys on prevalence of
tuberculosis. The data on missing tuberculosis screening were imputed in all 100 per cent of the eligible
individuals and this gave a 22 per cent narrowing of the confidence interval in prevalence estimates and
Table 5 show the site-specific and pooled prevalence estimates before and after imputation with a better

geographic comparability.

Table 5: Tuberculosis Prevalence Estimates in India Before and After Imputation

Estimate Type Before After Imputation % CI Width
Imputation Reduction
Site-specific PTB 150.2-460.3 170.8-528.4 18-25% Chadha et al.
prevalence (per 100,000) (2019)
Pooled bacteriologically 310.4 (95% CI: 350.0 (95% CI. 22% Chadha et al.

positive PTB

230.6-490.8)

260.7-439.0)

(2019)



Overall TB prevalence 270.1 300.7 20% Chadha et al.

(all types) (2019)

Missing screening Partial 100% — Chadha et al.

coverage (2019); Kalra
(2025)

3.6 Japan

Sturdiness of Effect Estimates. Both single regression imputation and multiple imputation gave adjusted
hazard ratios within 5% agreement methods and hospitals in large pharmacoepidemiology cohorts of the
Japan Medical Information Database Network (MID-NET®) as shown in Table 6. These methods
performed better than complete-case analyses which were more unstable and lost precision.

Table 6: Stability of Effect Estimates Across Missing Data Methods in Japanese Multi-Hospital

Cohorts
Analysis  Data Source Outcome Adjusted  Variability  Precision
Method Measure Effect Across of
Estimate Hospitals Estimates
(HR,
Approx.)
Complete- MID-NET® Time-to- Reference High inter- Reduced Komamine
case multi- event hospital precision; et al.
analysis hospital outcomes variability wider Cls  (2021)
database
Single MID-NET®  Time-to-  Within Moderate Improved  Komamine
regression  multi- event 5% of M1 variability precision et al.
imputation  hospital outcomes  estimates VS (2021);
database complete  Komamine
case et al.
(2023)
Multiple MID-NET®  Time-to-  Within Low High Komamine
imputation  multi- event 5% variability precision; et al.
(FCS) hospital outcomes agreement stable Cls  (2023)
database across
hospitals
Cross- Multi- Adjusted  Consistent  Minimal Robust Komamine
method hospital hazard direction heterogeneity inferential et al.
comparison observational ratios and stability (2023);
cohorts magnitude Gini et al.
(2019)

3.6 Cross-Country Synthesis

Taken together, the findings reveal that data completeness, bias control, and inferential validity are highly
enhanced through tailored imputation strategies that are consistent with data structure and analytical
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goals, using APAC real-world datasets. The relative efficiency of methodologies in different countries
highlights the relevance of the context-dependent methodological choice in global Generativity Center-
driven evidence production.

4.Discussions

This review has shown that context-specific imputation methods can significantly enhance the validity
and interpretability on the real-world evidence (RWE) that is produced in Asia-Pacific datasets and more
so in Global Capability Centers (GCCs). In line with recent methodological advice, with the help of
multiple imputation, bias can be reduced, but still, statistically significant results can be obtained even in
the situation when a large share of the data is lost (Junaid et al., 2025). Regression-based and multiple
imputation methods achieved better results compared to complete-case analyses across countries, which is
consistent with simulation evidence indicating better results of both classical and machine-learning-based
methods in analyzing dichotomous and longitudinal variables (Ge et al., 2023; Kawabata et al., 2024).
The above-mentioned increases in accuracy, reduction in confidence intervals, and stability of effects
estimates can be explained by more recent benchmarking and systematic reviews that show the usefulness
of hybrid and data-adaptive imputation plans in complex healthcare and time-series data (Toye et al.,
2025; Porte et al., 2025). In addition, the results of registry-based and patient-reported outcome researches
demonstrate that poor management of missing data can change the results of research significantly, which
is why it is crucial to implement transparent and well-grounded imputation strategies (Thomassen et al.,
2025; Zhan et al., 2026). There are a number of limitations that need to be mentioned. The narrative
synthesis technique did not allow gquantitative pooling as datasets and performance measures were
heterogeneous. Also, the rapid review design and the screening of the artificial intelligence tools, even
when these are used fully and under human supervision, can lead to residual selection bias. Lastly, the
generalizability can differ depending on settings that have different missing-data mechanisms and
governance structures.

5.Conclusion

This review shows that proper management of the missing data is a decisive factor of validity, accuracy
and credibility of the real-world evidence that is produced as a result of the Asia-Pacific datasets. In a
variety of national surveys and observational databases, customized imputation plans invariably
outperform complete-case analysis in minimizing bias and enhancing sample completeness and
stabilizing estimates of effect sizes. These results highlight that there is no universally best imputation
method since methodological decisions should be informed by the structure of the data, the mechanics of
data missingness, the analytic goals, and the operational constraints. In the context of Global Capability
Center, it is important to balance the statistical rigor and scalability, reproducibility and regulatory
acceptability. Doubly robust multilevel imputation, hybrid hot-deck and regression as well as use of
random-effects based imputation are practical and more robust in addressing complex real-world data as
is common in APAC situations. Notably, the absence of clarity in reporting on missing data assumptions
as well as sensitivity to possible bias should also be reported so that people can have confidence in the
downstream decision-making. Further empirical studies in the future would be more interested in standard
reporting of data missing trends, comparing the use of a methodological standard across different methods
and providing a better understanding of the methodology selection criterion. These practices should be
reinforced to improve the credibility of real-world evidence and its growing importance in regulatory,
clinical, and policy making in the Asia-Pacific region.
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