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Ecological study has long been criticized for its vulnerability to confounding and its reliance on simple
group-level correlations. Here, this review introduces a structured methodological renewal that
operationalizes ecological inference through macro association analysis (MA-analysis) and its
formalized implementation, the Three Stars Global Macro Association-analysis (TSGMA) framework.
Leveraging large-scale harmonized population-level datasets and scalable computation, MA-analysis
reframes ecological study from isolated pairwise testing to staged, multi-variable, and temporally
evaluated network construction. Through TSGMA, associations are systematically screened using
predefined statistical thresholds, adjusted for representative macro-level confounders through
structured selection procedures, and validated for temporal coherence across population units. These
explicit criteria enable reproducible classification of associations into progressively stronger tiers and
provide a scalable pathway for constructing one-star, two-star, and three-star MA networks. By
situating ecological associations within a staged macro-analytic framework that integrates stability
evaluation, structured confounder adjustment, and temporal assessment, MA-analysis shifts
ecological inference from isolated pairwise interpretation toward macro-associative evaluation and
network-based construction across variables and domains. This reframing enables ecological study to
function as a structured macro-level mapping strategy, capable of organizing cross-domain

determinants of health, sustainability, and societal systems within a coherent analytical architecture.
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1. Introduction

An ecological study is an observational study in which the units of analysis are populations or groups,
rather than individuals[l. Historically, ecological studies played a foundational role in epidemiology,
particularly when individual-level data were scarce or unobtainablel2l. Landmark findings such as

national dietary patterns and population-level disease burdens emerged from such studies, shaping early

public health strategyﬁl.

However, the method fell out of favor. In the late 20th century, limited data availability, lack of statistical
standardization, and the absence of computational infrastructure undermined the reproducibility and
perceived rigor of ecological studies2l. As evidence-based medicine advanced, so too did the emphasis
on internal validity and individual-level inference. Increasing awareness of confounding and the
ecological fallacy, whereby group-level associations are erroneously inferred to hold at the individual

level, led to ecological studies being marginalized in the modern hierarchy of evidencel®l. Therefore,
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ecological studies, as a form of observational research, currently rank low on the evidence pyramid of
evidence-based medicine, that is to say, they are considered among the weakest forms of evidencelZI8],
Large-scale exploratory studies using population-level data became rare, and ecological designs were

frequently dismissed as outdated or methodologically fragile.

At the core of this marginalization lies a structural limitation: traditional ecological analyses were
typically restricted to isolated pairwise correlations with limited capacity to model multivariable context,
temporal dynamics, or cross-domain interactions. As a result, observed associations were vulnerable to

omitted-variable bias, misattribution of group-level effects, and instability across settings.

Yet the landscape has shifted dramatically. In the 21st century, the confluence of high-performance
computation, algorithmic advances, and standardized global data infrastructure has ushered in a new
eralAOIMIN2A3I04115] pyplic datasets from hundreds of countries, covering health, diet, agriculture,
policy, economics, and demography, are now openly available and increasingly harmonized across time
and space. Paradoxically, even as data for population level analysis have flourished, ecological study has
remained overlooked, constrained by historical stigma and by the absence of methodological

modernization.

It’s a missed opportunity. In the present era, however, the unprecedented availability of large-scale
datasets on population and group, together with the conceptual advance of macro associations (MA), has
given rise to an entirely new paradigm of ecological studyﬂ—(’l. Rather than relying on isolated bivariate
comparisons, MA-analysis embeds ecological associations within a staged, multi-layered macro-data
architecture that integrates cross-domain variables across spatial and temporal scales. Through the
Three Stars Global Macro Association-analysis (TSGMA), associations are screened, adjusted for
measured confounders, and assessed for temporal consistency, thereby directly addressing the principal

mechanisms underlying ecological fallacy and overinterpretation.

This paradigm leverages the simplest analytical approaches to interrogate the most complex systems:
assembling diverse datasets defined at the population level, applying ecological study designs to explore
broad patterns of potential associations, and systematically identifying novel linkages that may reshape
prevailing research frameworks. By structuring and interconnecting previously fragmented datasets into
MA networks, this approach enables the exploration of large-scale, high-dimensional associations and
the discovery of emergent regularities governing human health, environment, and societal development.
The robustness of this renewed ecological platform does not derive from eliminating confounding

entirely, but from distributing inference across multiple variables, units, and temporal dimensions,
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thereby increasing stability, reproducibility, and interpretive transparency relative to traditional pairwise
ecological models. In doing so, the meaning of ecological study is elevated from narrow and often
inaccurate pairwise correlation analyses to a comprehensive, scalable, and more reliable exploration of
macro level associations across disciplines, and ultimately across domains. Such a shift marks the
beginning of a new trajectory in which ecological study evolves into a critical tool for mapping the

interconnected dynamics of human survival and planetary sustainability.

2. The rise, decline, and rebirth of ecological study

Ecological study, defined by its use of population or group level units as the basis of analysis, emerged as
a pragmatic response to data scarcity in early epidemiology (Figure 1)L, During the 1940s and 1950s,
when individual-level surveillance systems were rare or nonexistent, researchers turned to national
aggregates to interrogate public health patternsiIl7II8] This era laid the theoretical groundwork for
population-level thinking, with early contributions such as Frost’s (1934) tuberculosis analyses and

Kuller’s proposal of “macro epidemiology” exemplifying the use of aggregate data to generate

population-wide insights@l@]@@@@.

The method flourished during the 1960s to 1980s, finding broad application in nutrition, environmental
health, chronic disease epidemiology, and social determinants of health[21[251126] gtydies linking dietary
fat to cardiovascular mortality or air pollution to respiratory disease provided compelling, although
tentative, evidence of macro level exposuresi2Zl281129] However, this period also marked the rise of
conceptual critiques. The “ecological fallacy,” formally articulated by Robinson in 1950, warned of the
dangers of misattributing group-level correlations to individual-level mechanisms©l. This was followed
by methodologically grounded concerns about uncontrolled confounding, effect modification, and the

misinterpretation of spatial autocorrelation, challenges that were difficult to address given the

computational and statistical tools available at the time[21(30]

By the 1990s and early 2000s, ecological study had undergone a clear decline in status[4l3LI32] The
ascendance of evidence-based medicine (EBM), bolstered by randomized trials and large cohort designs,
codified a new hierarchy of evidence in which ecological designs were demoted to a very low tier331341
331 This marginalization was reinforced by the rise of meta-analytic techniques and causal inference

frameworks that emphasized internal validityl22l. Despite the growing availability of national and global

statistics from agencies like WHO, FAO, and the World Bank, these were rarely leveraged systematically.
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As a result, ecological studies, although theoretically promising, remained methodologically fragmented,

inconsistently reported, and increasingly viewed as exploratory relics of a pre-modern data era.

The COVID-19 pandemic, however, disrupted this trajectory in meaningful ways. Unlike endemic or non-
communicable diseases, the effective control of a large-scale pandemic necessitates the acquisition and
synthesis of vast amounts of population-level data to monitor and mitigate transmission dynamics, a
task for which the ecological study design is inherently well-suited. Faced with a rapidly evolving global
crisis, policymakers and scientists turned to population-level data to generate real-time situational
awarenessB6lB37138] prom early cross-country comparisons of mortality and intervention timing to
global dashboards mapping testing and vaccination coverage, ecological logic, including aggregation,
comparison, and temporal mapping, re-entered the epidemiological mainstreamB3A40EL - yhile
limitations of such analyses were widely acknowledged, COVID-19 underscored the utility of rapid,
population-scale insight generation in the absence of granular cohort datal243l. Moreover, it accelerated

the institutional standardization of global health metrics, catalyzed open data infrastructures, and

validated the importance of population-level reasoning in times of uncertainty.

Recent post-2020 ecological analyses increasingly reflect this transformation in practice and illustrate
how the field is evolving toward a broader relational framework. For example, the World Health
Organization (WHO) now release annually updated cross-sectional datasets covering global cancer
incidence across numerous cancer types (Global Cancer Observatory, https://gco.iarc.fr). Building upon
these harmonized global data, one analysis constructed a global relational network of cancer incidence in
2020, identifying structured patterns of co-distribution among multiple cancer types at the global
scalel4l Rather than examining isolated cancer categories, this approach organized them within a
unified relational framework, revealing cross-type regularities that are not apparent in pairwise

comparisons.

A further extension linked a dietary component network to the cancer network, thereby constructing an
inter-domain association structure between nutritional patterns and cancer incidencel2l. This
integrative step moved beyond conventional correlation testing toward structured cross-domain
mapping. Although still preliminary, such analyses demonstrate how ecological study can transition
from isolated group-level correlations to network-based relational inference. In this sense, the rebirth of

ecological study is not merely theoretical; it is already emerging in contemporary global data practice.
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Today, a convergence of factors, including standardized longitudinal data, widespread open access, and
maturing computational methods, suggests that the conditions are in place for a renewed form of
ecological inquiry. Yet the question remains: can ecological study evolve beyond its historical limitations
to become a robust, reproducible, and scalable scientific framework? This is not only possible, but
necessary. Through the introduction of macro association analysis (MA-analysis), the use of TSGMA, and
the construction of MA networks, ecological study can be transformed from a loose design category into
a rigorous engine of exploratory discovery, capable of scanning structured macro-data for hypothesis

generation and policy prioritization16l,
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Figure 1. The development of ecological study. Publication counts are based on a rough PubMed search using
“ecological study” as the title term. Since its introduction, the design has not generated a large volume of
publications. Although the number of studies has shown a steady increase since the 1990s, the overall output
has remained relatively modest. The emergence of COVID-19 prompted a surge of ecological studies that
relied on population-level data to examine the pandemic, yet this expansion was largely confined to COVID-19
related applications rather than reflecting a broader methodological adoption. Following the peak of the

pandemic, the number of publications has again shown a declining trend.
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3. Unprecedented foundations: data, computation, and the new

horizon for ecological study

3.1. Data explosion and infrastructural maturity

Data has always been the limiting substrate of ecological analysis. As a method relying on group-level
statistics, ecological study is fundamentally constrained by the availability, coverage, granularity, and
standardization of population-level data@®l. For decades, such data was sparse, fragmented, and
inconsistent across regions and time, which rendered ecological analysis narrow in scope and low in
reproducibility214],

The past decade, however, has witnessed a profound reversal. National statistical agencies, international

organizations, and open-science platforms have converged toward standardized, high-resolution,

longitudinal data systems. Massive, structured repositories, such as Our World in Data

(https:/lourworldindata.org/), FAOSTAT (https:/www.fao.org/statistics/en)), WHO Global Health

Observatory (https://wwwwho.int/data/gho), and the  World Bank Open Data

(https://databankworldbank.org/databases), now offer harmonized population-level variables across

domains: health, diet, economics, climate, education, agriculture, governance, and beyond.

Moreover, these data are no longer scattered across PDF reports or proprietary silos. APIs, bulk CSV
downloads, and machine-readable metadata have enabled automated, reproducible ingestion pipelines at
scale. For ecological study, this constitutes a foundational shift: what was once a data-starved method is
now data-rich. Yet paradoxically, most of these databases are limited to relatively simple displays of their
contents, with few offering built-in systematic analyses or dynamically updating their analytical
frameworks as new data are added. Only a small fraction is routinely analyzed, and even then, typically in
domain-specific silos. The potential for cross-domain, cross-national, time-aware macro analysis
remains largely untapped. This abundance of data alone does not guarantee analytic insight, but it does
make ecological study technically feasible, globally scalable, and potentially transformative if supported
by appropriate analytical frameworks. The previously described cancer relational network and the
subsequent linkage between cancer incidence and dietary component networks further illustrate this
point. Isolated analyses are limited to point-to-point associations and cannot reveal the broader
structural interdependencies embedded within large databases. In the absence of systematic analytical

integration, substantial relational information remains unobserved despite being readily extractable
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through relatively simple computational procedures. In this context, network construction allows these
datasets to be reorganized into more comprehensive relational structures, thereby enabling integrated

analysis of cancer distributions and their cross-domain connections with dietary patterns.

3.2. Computational and algorithmic advances

Historically, ecological analysis depended on basic bivariate correlation and linear regression, often with
minimal adjustment for confounding or structure(3121(23]46 1. This simplicity was both a strength, as it
permitted accessibility and interpretability, and a fatal weakness, as ecological studies were frequently

dismissed as crude, over confounded, and methodologically fragile214],

Today, that limitation is far less constraining. The computational landscape has been radically
transformed. With the rise of cloud computing, GPU acceleration, distributed storage, and scalable
statistical libraries, researchers can now process and analyze tens of thousands of variable pairs across
countries and timepoints in minutes rather than monthsZ148149) Within the TSGMA framework, such
scalability directly supports the one-star stage by enabling exhaustive pairwise screening across large
variable sets, as well as repeated bootstrapped estimation to assess the stability of preliminary
associations. This enables exhaustive screening, bootstrapped replication, rolling window validation, and

lag-aware testing at population scale.

Crucially, advances in compositional data analysis, such as the centered log-ratio (CLR) transformation,
allow variables that represent proportional components of a whole (for example, dietary shares or budget
allocations) to be analyzed without generating spurious correlations due to their constrained sum
structure29131), Together with robust estimation techniques, partial correlation networks, and causal
graph theory, these methods provide tools to address many of the classical limitations of ecological
study(22123)[341[53] 1 TSGMA, these techniques are most directly applied at the two-star stage, where
partial correlation structures and multivariable adjustment are used to attenuate the influence of
measured confounders and evaluate whether candidate associations persist under contextual control.
Mixed models, hierarchical regression, and Bayesian priors allow structured control of multilevel

[56]

confounding and regional heterogeneity'22.. Ecological analysis, once methodologically static, is now

technically modular, extensible, and statistically defensible.

Perhaps most transformative is the incorporation of Artificial Intelligence (AI)-driven workflows.

Although current Al systems remain subject to limitations, including automation bias, model opacity, and
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the potential amplification of underlying data biases2Zl581159] Jarge language models and automated
code synthesis now accelerate data wrangling, documentation, and sensitivity analysis[(’—ol@l[(’—zﬂ(ﬁl. In
practice, LLM-assisted workflows can standardize variable harmonization across datasets, automate
reproducible pipeline generation, and facilitate systematic sensitivity testing across model specifications,
thereby reducing implementation error in the construction of MA networks. AutoML platforms and
explainable Al can prioritize association candidates, detect non-linear structures, and expose latent
interaction patterns, while at the same time preserving interpretability constraints that are critical for
ecological reasoning@l@l. Within the three-star stage, these tools can assist in identifying lag
structures and non-linear temporal dependencies that may not be detectable through predefined

parametric models alone, while still requiring human validation.

The combination of scalable computation and intelligent automation does not merely improve existing
ecological methods; it operationalizes the staged logic of TSGMA. Specifically, computation enables
breadth at the one-star level, structured adjustment at the two-star level, and temporal validation at the
three-star level. In this context, the barrier to performing macro scale, high dimensional, and robust
ecological analysis is no longer technical but conceptual. What is needed is a clear framework that
governs discovery without overstating causality. This is the role assigned to TSGMA and MA networks,

which are introduced in the next section.
4. The MA-analysis, MA networks, and ecological study

4.1. Conceptual foundations of MA-analysis and MA network architecture

Recently, a methodological innovation has been proposed that fundamentally reshapes the analytical
paradigm of ecological study: the MA-analysis!’®). MA-analysis is an analytical framework that
incorporates as many cross-domain variables as feasible into structured correlation analysis, with the
aim of constructing macro-associative networks (Figure 2). In essence, MA-analysis seeks to incorporate,
to the greatest extent feasible, all measurable and computationally accessible macro-level variables
relevant to a defined analytical scope into a unified relational network, thereby enabling association
analysis from a comprehensive and system-wide perspective. By organizing associations across diverse
domains within a unified relational architecture, MA-analysis enables the identification of both known
and previously unrecognized patterns of interconnection. Through systematic examination of these

macro-level structures, the framework supports retrospective understanding of developmental
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trajectories as well as informed exploration of potential future dynamics across domains. This approach
is centered on incorporating as many variables as possible in order to perform large-scale, cross-field
exploratory analyses and to detect potential association networks at a macro scale (Figure 3). Its primary
goal is to construct networks of associations within and across domains, to uncover hidden linkages, and
to provide a broad framework that can guide future research and disciplinary development. Ultimately,
MA-analysis aims to build MA networks and even pan-domain MA networks, connecting macro-level
events across diverse dimensions of human society, the environment, and the economy, thereby enabling

a deeper understanding of both societal progress and planetary evolution.

By complementing variables across dimensions, MA-analysis helps overcome one of the most persistent
limitations of traditional ecological study: the distortion of results by unmeasured or dominant
confounders in point-to-point analyses“3130] Constructing single-domain MA networks transforms
ecological study from the analysis of simple linear associations into multidimensional mapping within a
domain. Extending this framework to cross-domain MA networks elevates ecological study from two-
dimensional surfaces to multidimensional structures, fundamentally altering its scope and significance.

For ecological study to achieve true conceptual breakthroughs, it must be integrated with the perspective

of MA, thereby situating findings within higher-dimensional contexts.

The conceptual reach of MA-analysis should extend beyond population-level data. At a theoretical level,
one may draw an analogy to other domains of large-scale relational modeling, for example by
quantifying associations between the human genome and planetary ecology or between species level
genomes and ecosystem development. By building such comprehensive relational networks, MA-analysis
could ultimately support the creation of a “virtual Earth system”, analogous to the concept of a “virtual
cell,” where diverse events are computationally integrated to reveal emergent laws of interaction[621661167]
[68] By analogy, just as genomics has enabled massively complex computations to quantify patterns
across billions of bases, an Earth-scale MA framework could quantify virtually all recorded events,
including human health, ecological, economic, and social data, and compute their interdependencies. The
resulting networks would not only allow retrospective insights into human and planetary history, but
also provide a foundation for forecasting future trajectories. Such a framework would represent a long-
term theoretical aspiration rather than an immediately implementable system. If progressively
developed, relational networks of this kind might enhance retrospective understanding of global

patterns and potentially support structured forecasting.
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Figure 2. Conceptual workflow of MA-analysis. MA-analysis begins from pre-existing latent relational
structures embedded across domains of health, environment, economy, and society. Through systematic
acquisition and integration of harmonized multi-domain data, variables are organized within a unified
macro-level analytical space. Correlation analysis is then performed to estimate inter-variable associations
and construct MA networks. The resulting network structure enables the identification of macro-associative

patterns, revealing structured regularities that may not be apparent in isolated analyses. Created with
BioRender.
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Figure 3. From traditional ecological study to MA-analysis. Conventional ecological studies, typically limited
to pairwise associations, can be progressively extended to multivariable and multivariate analyses that
capture multiple associations simultaneously, and further to the construction of small-scale local networks.
In MA-analysis, these steps are organized within a structured macro-variable space in which associations are
evaluated under predefined statistical thresholds and stability criteria rather than interpreted in isolation.
When these localized analyses are expanded to encompass an entire disciplinary domain, they form the basis
for single-domain MA networks. With further integration of harmonized variables across domains, such
frameworks can evolve into cross-domain MA networks that span multiple fields, and ultimately into pan-
domain MA networks that capture associations across broader layers of knowledge. At each stage of this
progression, the constructed networks can be revisited under expanded contextual structures, allowing
earlier associations to be re-examined through additional variable integration, confounder adjustment, and
temporal evaluation, thereby strengthening interpretability without discarding prior results. Created with

BioRender.

4.2. The operational framework and statistical implementation of TSGMA

Moreover, the development of the TSGMA framework provides ecological study with a structured and

reproducible procedure for conducting MA-analysis. Each “star” represents a defined stage of evaluation
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with explicit criteria for advancement, allowing the framework to function independently without

reliance on unpublished materialsl6144].

One-star analysis begins with standardized pairwise association testing across variables defined at a
comparable unit of analysis. In population-based applications, this typically involves harmonized
population-level indicators. Correlation coefficients are calculated across population units at a specified
spatial resolution. Statistical significance can be evaluated using two-sided tests or other appropriate
inferential procedures, with adjustment for multiple comparisons when warranted. To ensure
robustness, associations are further subjected to stability checks, such as resampling procedures or
sensitivity analyses that assess whether results remain consistent when subsets of units are removed.
Associations meeting predefined thresholds for statistical significance and stability are classified as one-

star.

Two-star analysis introduces structured confounder adjustment. The transition from one-star to two-
star follows a defined protocol in which a limited set of representative confounders is first identified.
Confounder selection combines theoretical grounding with empirical evaluation. Variables that are
widely recognized as macro-level contextual determinants, such as economic development, demographic
composition, or healthcare capacity, are selected based on established literature and domain knowledge.
In parallel, additional candidate variables are examined empirically and retained only if they demonstrate
meaningful associations with both the exposure and the outcome, indicating potential confounding
influence. To avoid over-adjustment and loss of interpretability, the number of retained confounders is
deliberately restricted to those that capture broad contextual structure rather than every available
variable. After confounder selection, partial correlation or multivariable regression analysis is performed.
An association is promoted to two-star only if it remains statistically significant, maintains directional
consistency, and does not exhibit excessive attenuation after adjustment. This ensures that the observed

relationship cannot be fully explained by the selected macro-contextual variables.

Three-star analysis incorporates temporal validation. Using longitudinal or repeated cross-sectional
data, temporal dynamics are evaluated within population units. Associations are examined to determine
whether changes in one variable are consistently accompanied by changes in another over time, and
whether plausible lead-lag patterns are observed. Promotion to three-star requires that the association
demonstrate consistent temporal coherence across multiple units, not merely cross-sectional alignment
at a single time point. In practice, this requires statistically supported temporal association within a

predefined proportion of units and directional consistency across time windows. This stage strengthens
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interpretability by reducing the likelihood that associations are driven by static structural differences

alone.

In network construction, these three levels correspond to one-star, two-star, and three-star MA
networks. For relatively modest sets of variables, such as those confined to a specific field with less
variables, TSGMA provides accurate results and robust inference. However, as the dimensionality of MA-
analysis expands to encompass entire single-domain or cross domains (for example, complete lifestyle
profiles against all disease groups), applying full TSGMA at scale becomes computationally prohibitive.
Thus, in practice, MA-analysis and TSGMA must be applied in a complementary and staged manner.
When the primary aim is to determine accurate associations for a limited number of variables, TSGMA is
appropriate. Conversely, when constructing large-scale MA networks, initial analyses may rely primarily
on one-star TSGMA to build the preliminary network framework. Such a network, though exploratory, is
meaningful at the macro level and inherently complementary across variables. Higher-order refinements
can then be introduced gradually by incorporating two-star and three-star analyses, rather than

attempting to complete full TSGMA prior to network construction (Figure 4).

However, the staged application of TSGMA requires explicit safeguards to avoid the risk that large MA
networks become opaque structures built primarily on exploratory one-star correlations. To prevent
methodological opacity, quality control and reproducibility are embedded at multiple levels of the MA
workflow. First, one-star networks are constructed under predefined statistical thresholds, with
documented criteria for significance, multiplicity control, and stability testing. All parameter settings,
data preprocessing steps, and exclusion rules are fixed prior to network construction and fully recorded
to ensure replicability. Second, the process of selective refinement from one-star to higher-tier validation
is rule-based rather than discretionary. Subsets prioritized for two-star or three-star evaluation are
determined through transparent criteria, such as effect size ranking, cross-unit consistency, or network
centrality measures, rather than ad hoc selection. Third, iterative refinement is version-controlled. Each
stage of network development generates a documented and shareable network state, allowing
comparison across iterations and enabling independent replication, external validation, and open
scrutiny. Fourth, network-level diagnostics are applied to detect structural instability, including
sensitivity analyses under variable removal, threshold variation, or alternative confounder specifications.
Associations that are highly sensitive to minor analytical perturbations are flagged rather than treated as
stable links. In this framework, scalability does not imply relaxation of standards. Instead, breadth at the

exploratory stage is balanced by progressive validation and explicit documentation. The iterative
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expansion of MA networks is therefore designed to enhance transparency and reproducibility, rather

than to obscure analytical uncertainty.

The resulting preliminary MA networks provide a foundational scaffold encompassing all variables. Any
subset of this network can subsequently be extracted for more targeted TSGMA or for domain-specific,
fine-grained investigations. In this way, MA-analysis and TSGMA together offer a scalable, iterative
pathway: from broad exploratory mapping of MA to progressively refined, confounder-adjusted, and

temporally validated networks.
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Figure 4. Construction and iterative refinement of MA networks. Using one-star TSGMA under predefined
statistical significance and stability criteria, MA networks can be constructed across scales ranging from
single-domain to pan-domain. These initial networks provide a comprehensive structural scaffold across
variables. Once established, either specific target variables or the full network structure can be extracted for
subsequent evaluation. After extracting a subnetwork centered on a target variable, the contextual structure
of that subnetwork is examined to identify representative confounding factors influencing its associations.
Confounder identification is conducted through a structured combination of domain-informed selection and
empirical multivariate assessment, such as correlation structure evaluation, dimensionality reduction
techniques including principal component analysis, or other diagnostics suited to the data architecture. Only
a parsimonious subset of influential contextual variables is retained to preserve interpretability and prevent
over-adjustment. Two-star TSGMA is then applied with structured confounder adjustment. Further
application of three-star TSGMA incorporates temporal validation using repeated observations to assess
cross-unit consistency and directional coherence over time. Associations that satisfy these higher-tier
criteria are subsequently reintegrated into the broader MA network. This iterative refinement process
constitutes the MA cycle, in which extraction, validation, and reintegration occur under explicit evaluation
rules and documented parameter settings. Through repeated cycles, MA networks progressively transition
from exploratory one-star structures toward higher-confidence two- and three-star configurations,
ultimately consolidating into a stable and reproducible framework of macro associations. Created with

BioRender.
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5. Challenges in ecological study and MA network construction

As outlined above, confounding remains one of the most intractable limitations of ecological study and is
a key factor constraining its development. Even in the two-star and three-star tiers of TSGMA,
confounders can only be partially controlled. As an example, drawn from prior applications of TSGMA,
analyses examining dietary components and non-high-density lipoprotein cholesterol (non-HDL-C)
levels provide a useful illustration. The inverse association between vegetable intake and non-HDL-C is
well established in epidemiological researchl®70l However, when dietary composition variables were
evaluated within the TSGMA framework, a positive association between vegetable intake and non-HDL-C
levels persisted across one-star and two-star analysesml,This finding likely reflects residual or
unmeasured confounding rather than a direct biological relationship. In particular, collinearity among
dietary components may play an important role, as populations with high vegetable consumption may
also exhibit concurrent intake patterns of other foods associated with elevated non-HDL-C levels. Such
structural interdependencies among dietary variables cannot be fully eliminated within the TSGMA
framework alone. Notably, subsequent multivariable regression analyses conducted in a related study
attenuated this association, supporting the interpretation that it was driven by compositional and
contextual confounding rather than causal effect. In conventional epidemiology as well, complete control
of confounders is rarely feasible; most studies adjust only for a limited set of general covariates such as
body mass index, smoking, alcohol consumption, or educational level, while many latent confounders

remain unknown[ZU72I731(74] Although these standard variables may capture a large portion of
confounding, they cannot fully eliminate biasZU72], Nevertheless, as systematic one-star MA networks
are constructed and iteratively refined through the MA cycle, confounding may be progressively
attenuated as additional variables provide proxy adjustment, redundancy, and opportunities for cross-
checking. Empirically, high-dimensional covariate strategies can improve confounding control compared
with adjustment limited to a small, predefined set, and modern high-dimensional inference frameworks
can further enhance robustness through orthogonalization and resampling-based stability checks[721[76]

771 Accordingly, in large-scale MA settings, expanding the variable space may increase the stability and

reproducibility of identified relationships, rather than guaranteeing universally higher accuracy.

As noted earlier, ecological study is also vulnerable to spurious associations driven by collinearity and

other structural factorsil3l. Yet an exclusive focus on direct associations may obscure the value of these

spurious links. Even apparent false associations can signal underlying, meaningful processes; they
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represent connections between variables that, while not directly causal, may still point to latent common
determinants. By aggregating both true and spurious associations into large-scale networks, events can
be grouped into meaningful clusters and examined collectively. Further internal analysis can then reveal
which linkages are artifacts and which reflect genuine causal relationships. Importantly, once a
sufficiently large one-star MA network is assembled, it begins to exhibit a self-correcting property:
through clustering and internal comparisons, the network itself can help identify the factors responsible

for spurious associations, highlight candidate causal pathways, and iteratively refine its own structure.

Because the construction of MA networks involves enormous data volumes, computational demands, and
disciplinary breadth, it constitutes a major undertaking requiring extensive collaboration across fields
and substantial investment of human and financial resources. Yet advances in computer science, the
growing availability of open data, and the inherent simplicity of MA-analysis make this endeavor feasible.
With the support of artificial intelligence, both the labor and cost required for such large-scale
integration can be markedly reduced. At the same time, decisions regarding how special variables are
defined, quantified, and incorporated into these networks, as well as how molecular level data will
eventually be linked with macro level data, require systematic planning and standardization. Population
units can also be progressively refined: from national or regional aggregates down to subnational units or
even villages, enabling subgroup and diversity analyses. Such finer-grained stratification increases the
number of groups, the diversity of comparisons, and the potential for nuanced inference, but it also

requires balancing subgroup size against the precision and stability of results.

Beyond technical feasibility, the development of MA networks requires careful attention to ethical and
governance frameworks. Issues of data sovereignty, especially in cross-national integration, must be
addressed to ensure that countries and communities retain appropriate control over how their data are
aggregated and interpreted. Equitable access to data infrastructures and analytical capacity is equally
important, as large-scale computational systems risk reinforcing existing global asymmetries in
knowledge production. Transparency in model construction, documentation of variable definitions, and
reproducibility standards are essential to maintain scientific accountability. Furthermore, as analyses
move toward finer-grained population units, safeguards for privacy protection and responsible data use
become increasingly critical. Without such governance mechanisms, technical scalability alone cannot

ensure legitimacy or societal trust.

Within the TSGMA framework itself, further challenges arise. In two-star analyses, the identification of

confounders must be precise. In the context of large MA networks, there will inevitably be numerous
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correlated potential confounders. Simply including all of them indiscriminately would obscure the
original associationsHel[781(791(801(81] Instead, it is necessary to identify the small subset of variables that
exert the greatest influence and account for the majority of confounding. Some variables may display
atypical patterns, appearing uncorrelated under one-star analysis but becoming associated after proper
adjustment, which highlights the need to reconsider how such variables are analyzed and incorporated.
Without this nuance, traditional TSGMA could overlook variables that are intrinsically related to the
outcomes of interest. In three-star analyses, additional complexity arises from time-series effects,
unpredictable fluctuations, and subtle lagged responses. Because each population unit requires its own
time-series computation, the computational burden can be substantial. Developing rapid and accurate
time series matching methods, potentially supported by artificial intelligence, will therefore be essential

for scaling TSGMA to the three-star level.

In addition to the expansion in data availability noted in Section 3.1, important limitations remain
regarding the scope, comparability, and quality of external data platforms. First, a trade-off often exists
between breadth and depth. For example, databases such as Our World in Data cover a wide range of
thematic domains, yet within each domain the number of variables may be limited and the granularity of
measurement relatively coarse. Some indicators are available only for a small subset of countries or years,
resulting in limited sample coverage and reduced statistical reliability. Second, the definition and
operationalization of variables are critical. In MA-analysis, each event must be precisely defined and
quantified using valid and comparable indicators. Ambiguity in variable definition, inconsistent
measurement standards, or reliance on proxy metrics can introduce structural distortion into network
construction and downstream inference. Third, data accuracy and completeness vary across regions.
Systematic data collection at the population level remains challenging, and in some contexts, estimates
are derived from modeling or extrapolation rather than direct reporting. As a result, uncertainty in
underlying measurements may affect downstream analyses. Fourth, issues of standardization,
accessibility, and data formatting influence usability. Harmonized variable definitions, transparent
metadata, and machine-readable bulk download options are essential for reproducible large-scale
analysis. In particular, under an MA-analytic framework, the ability to retrieve comprehensive datasets
efficiently is critical. Finally, not all databases provide fully open access, and restrictions on data
availability can limit cross-platform integration and independent validation. These considerations

underscore that while global data infrastructures have expanded substantially, careful evaluation of
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variable definition, coverage, comparability, and accessibility remains necessary when conducting large-

scale ecological analyses.

6. Future directions of ecological study

When ecological study is reconsidered through the lens of MA networks, it can, for the first time, become
truly “ecological” Just as ecosystems are composed of populations yet operate not through isolated
events but through interlinked processes that together sustain system dynamics, so too should ecological
study move beyond the analysis of single associations. Instead, it should be conceived as the study of

interconnected networks of events that collectively shape population- and planetary-level outcomes.

Only when the number of variables and associations reaches a sufficiently large scale can ecological
study genuinely reflect the complexity implied by its name. The future of ecological study, therefore, lies
in its transformation: from simple analyses of isolated associations, or its use as a subsidiary component
within other study designs, toward systematic MA-analysis within specific domains; from there, to
integrative frameworks spanning multiple domains; and ultimately, to the construction of pan-domain
networks. At its core, the ultimate goal of MA-analysis and MA networks is to quantify the
interconnections among all events in the world, from the molecular level to humanity and even the
planetary scale, thereby revealing the full spectrum of linkages and constructing a comprehensive

network of all events.

To translate this vision into concrete scientific practice, we are currently undertaking two near-term
initiatives. First, we are constructing the first open-source, single-domain MA network in the field of
cancer research. This network integrates cross-national data on cancer incidence, mortality, treatment
indicators, and related contextual variables, and is being developed with an interactive visualization
interface to enable transparent exploration of association structures. Second, building upon the Our
World in Data platform, we are developing a cross-domain MA network that systematically maps

associations across health, economic, environmental, and policy variables.

In subsequent phases, these two networks will be dynamically linked to facilitate structured exploration
of potential cancer-related determinants across domains. Rather than aspiring immediately to a
comprehensive “virtual Earth system,” this staged approach emphasizes reproducibility, openness, and
incremental expansion. By beginning with domain-specific networks and progressively integrating

them, MA-analysis can evolve through demonstrable, collaborative milestones.
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Such networks hold the potential not only to illuminate the pathways by which human societies and
ecosystems have developed, but also to provide a framework for anticipating future trajectories, thereby

helping us to understand both where we come from and where we may be heading.

7. Conclusion

Ecological study, once marginalized as a method of limited precision, is now poised for a profound
transformation. The convergence of standardized macro-level datasets, advances in computation, and
the conceptual innovation of MA-analysis together provide the foundation for a new era. By scaling from
one-star exploratory associations to multi-tiered, confounder-adjusted, and temporally validated
networks, ecological study can evolve from simple pairwise comparisons into a robust framework for
mapping the interconnected systems that shape human societies and the planet. The construction of
single-domain or cross-domain MA networks, and ultimately pan-domain MA networks, offers not only
a means of revisiting long-standing scientific questions with unprecedented depth but also a platform for
identifying the key determinants of collective health, sustainability, and resilience. In practical terms,
such structured association mapping could support public health surveillance by identifying emerging
risk constellations, informing prioritization of preventive interventions, and guiding resource allocation
across populations. In doing so, ecological study regains its relevance as a truly ecological science: one
capable of integrating diverse layers of information, from molecular to planetary, into a coherent

architecture for understanding both our past and our possible futures.
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