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Abstract

Predictive climate machine learning is increasingly good at forecasting hazards, but hazard maps
alone do not decide what to do, where, when, for whom, and under which futures. We argue
that climate ML remains insufficient for adaptation unless interventions are treated as first-class,
versioned, and auditable objects. This matters because many climate digital twins still prioritize state
estimation and simulation, while adaptation requires intervention observability, counterfactual effect
estimation, and constrained portfolio choice. We propose PCA-OS (Planetary Climate Adaptation
Operating System), a decision-support operating abstraction that uses an intervention-aware global
causal knowledge graph and standardizes object schemas, versioned updates, query primitives, and
audit interfaces across three core system objects: (1) an ADAPTATION INTERVENTION LEDGER that
records measurable interventions with provenance and uncertainty; (2) a CAUSAL EFFECT ATLAS
that stores scenario-indexed, spillover-aware estimands, identification assumptions, diagnostics, and
sensitivity bounds; and (3) a ROBUST PORTFOLIO DECISION LAYER that optimizes intervention
portfolios under budget, equity, and no-harm constraints. We argue that foundation models and
intervention-aware world models should support, rather than replace, identification-aware causal
analysis by surfacing candidate confounders, mechanisms, and spillover pathways for human review.
Finally, we outline ADAPTBENCH, an evaluation suite in which systems can fail for inequitable or
maladaptive recommendations even when predictive accuracy is high. The result is a field-level
provocation: move climate ML from read-only hazard intelligence to auditable decision support for
adaptation.

Keywords: climate adaptation; world model; digital twins; global causal knowledge graph; continual
learning; causal inference; foundation models; robust optimization; decision support

1. Introduction & Provocation

The climate-ML stack is becoming spectacularly good at producing read-only futures. We can
forecast heat, flood, smoke, and drought at unprecedented spatiotemporal resolutions, even as climate
change shatters historical stationarity [1]. Yet adaptation is not won on hazard maps. It is won on
interventions: which roofs are cooled, which drainage networks are upgraded, and which communities
absorb spillovers. Without first-class, versioned representations of actions and their downstream
effects, many climate digital twins remain primarily observation and simulation platforms rather than
intervention systems.
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Figure 1. Conceptual infographic overview of PCA-OS. System overview of PCA-OS. Diverse evidence in-
puts—including Earth observation satellites, climate and weather models, in-situ sensors, infrastructure and
mobility systems, socioeconomic and vulnerability datasets, policy documents and plans, and community obser-
vations—feed into an intervention-aware world model. The world model combines a globe-scale representation,
city-scale digital twins, and a Global Causal Knowledge Graph linking infrastructure, communities, interventions,
rivers, and administrative boundaries with typed relations, provenance markers, and continuous update pulses.
Multimodal Al and foundation models align heterogeneous modalities, detect adaptation interventions, identify
confounders, suggest causal mechanisms, and trace spillover pathways. On top of this world model, three
auditable system objects are constructed: an Adaptation Intervention Ledger storing structured and versioned
intervention records; a Causal Effect Atlas providing scenario-indexed causal estimates with identification as-
sumptions, diagnostics, and counterfactual reasoning across regions; and a Robust Portfolio Decision Layer
performing constrained optimization under budget, equity, and no-harm constraints. The pipeline is governed by
transparency, participation, contestability, audit trails, human oversight, model versioning, data provenance, and
override mechanisms. The system produces adaptation outcomes such as cooler neighborhoods, reduced flood
risk, protected coastlines, greener districts, resilient infrastructure, and improved community wellbeing, while
continuously updating evidence through deployment and monitoring.

This is a structural blind spot in how the KDD community currently frames climate intelligence.
Adaptation evidence remains fragmented, highly context-dependent, and thin on causal outcomes
[2-8]. Interventions are often targeted where visibility or capacity is already high [9,10], can generate
spatial spillovers [11,12], and must survive deeply uncertain futures [13,14]. We have therefore
optimized hazard prediction while remaining under-instrumented for intervention choice. We argue
that adaptation should be framed as a continual learning and decision loop: measurement — causal
estimation — robust, equity-constrained optimization.

In this framing, the primary scientific object is no longer the hazard map—it is the intervention
object. To make hazard prediction actionable, it must be linked to measurable interventions, counter-
factual effects, and portfolio trade-offs. PCA-OS directly answers this need by organizing planetary
adaptation around three shared infrastructural artifacts: (1) an ADAPTATION INTERVENTION LEDGER
that records where and when interventions occur, together with provenance and uncertainty; (2) a
CAUSAL EFFECT ATLAS that stores scenario-indexed, spillover-aware causal estimates together with
estimands, identification assumptions, diagnostics, and sensitivity bounds; and (3) a ROBUST PORT-
FOLIO DECISION LAYER that turns those estimates into intervention portfolios under explicit budget,
equity, and no-harm constraints. Together, these artifacts turn climate intelligence from descriptive
monitoring into auditable decision support. Put differently, PCA-OS is an operating abstraction
because it standardizes the shared objects, schemas, versioned update rules, query primitives, and
audit interfaces through which adaptation evidence becomes intervention decisions.

Terminology. A climate digital twin provides state-estimation and simulation; an intervention-aware
world model is its internal representation, here realized as a global causal knowledge graph over entities,
relations, provenance, and updates; and an adaptation operating system coordinates interventions, effect
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objects, portfolio decisions, and audits through shared schemas, versioning, update semantics, and
query interfaces. PCA-OS builds on the first two, but its core contribution is this OS layer.

Scope. PCA-OS is a decision-support operating abstraction, not a claim of fully autonomous inter-
vention control; its purpose is to standardize how evidence, assumptions, and recommendations are
updated, queried, and audited.

Contributions. This paper introduces PCA-OS, an operating abstraction for climate adaptation in
which interventions become first-class, versioned, and contestable objects within climate ML systems.
We argue that hazard-centric climate intelligence is structurally insufficient for adaptation unless
interventions, their causal effects, and resulting decisions are jointly represented and auditable. To
ground this vision, we outline a minimum viable PCA-OS at city scale: detecting parcel-level cool-
roof retrofits from Earth observation and permit data, estimating tract-level avoided heat exposure
and peak-demand impacts with neighborhood spillovers, and optimizing subsidy rollout under
budget, equity-floor, and bounded-harm constraints. This narrow loop operationalizes the coupled
measurement—causality—decision stack. Why Blue Sky, why KDD, why now. We position this work as
a Blue Sky agenda for KDD, enabled by advances in foundation models, planetary-scale data systems,
and causal decision methods that make auditable, intervention-centered adaptation science feasible.

2. Related Work & Positioning

Adaptation tracking already shows why the status quo is inadequate. Prior work argues that
adaptation evidence must be consistent, comparable, comprehensive, and coherent [7]; national and
global assessments track plans and reported actions [5,10]; and systematic stocktakes show that out-
come evidence remains sparse and heterogeneous [6]. Big-data approaches were proposed to improve
adaptation monitoring [8], but most existing pipelines still terminate at inventories, dashboards, or
hazard forecasts. PCA-OS advances by making interventions themselves measurable, versioned, and
causally queryable.

Climate digital twins show that planetary state estimation is increasingly feasible, but intervention
choice is rarely the primary object. Table 1 summarizes the intended distinction. Climate twin
efforts such as Destination Earth emphasize environmental states, simulations, and climate services
[15,16]. PCA-OS is complementary but higher-level: it can build on climate twin infrastructure, yet
adaptation additionally requires intervention ledgers, causal effect objects, and auditable portfolio
decisions under equity and safety constraints. The ingredients already exist but remain disconnected:
foundation models and geospatial data systems improve planetary measurement [17-24]; multimodal
and language-grounded models align heterogeneous evidence [25-29]; causal inference supplies
identification-aware estimators under confounding and spillovers [30-38]; and robust optimization
plus fairness-aware learning formalize stress-tested action selection [39-45]. Here, we fuse these lines
into one intervention-centered operating abstraction.

Table 1. Comparison of PCA-OS among climate-ML systems, in terms of degree of intervention modeling, causal
effect estimation, decision support, and auditability.

System Interv.  Effects Decision Auditability
Hazard /Weather forecasting [19,20] no no no limited
Adaptation tracking/assessment [5,10]  partial no no limited
Climate digital twins [15,16] partial  partial rare partial
PCA-OS (this work) core core core core

3. PCA-OS: From Architecture to Paradigm Shift

PCA-OS is not merely a simulator. It maintains an intervention-aware world model, implemented
as a global causal knowledge graph, with auditable intervention, effect, decision, and governance
objects as conditions evolve. By OS, we mean a coordinating layer that manages these shared objects
across the measurement — causal estimation — portfolio selection loop through explicit schemas,
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versioning rules, update semantics, query primitives, and audit trails. At minimum, this means typed
ledger, atlas, and portfolio objects with stable identifiers, provenance links, revision histories, and
queryable dependency pointers, so both algorithms and human reviewers can inspect what changed,
why it changed, which assumptions were used, and which decisions were affected.

The system follows four design commitments. First, decision-first: the primary outputs are
intervention, effect, and portfolio objects rather than hazard maps alone. Second, interventions as first-
class objects: actions are versioned, geolocated, uncertain, and causally queryable. Third, uncertainty-
forward: measurement, identification, and climate-scenario uncertainty must propagate into the
decision layer. Fourth, normative constraints as infrastructure: equity, no-harm, and contestability
cannot be post-hoc commentary; they must be encoded inside the optimization and the interface.
Operationally, this agenda can be bootstrapped from open geospatial standards and cloud-native
planetary data planes built around STAC catalogs, NASA HLS, ERA5, the Planetary Computer,
OpenStreetMap, and WorldPop [21-24,46,47].

3.1. An Intervention-Aware World Model

We instantiate the underlying world model maintained by PCA-OS at time ¢ as a dynamic global
causal knowledge graph (KG):
Ki=(Vi, Et, R, Xt), ey

where X; collects time-varying node and edge attributes, including uncertainty metadata. This is a
systems abstraction: a global causal knowledge graph in which intervention, exposure, mechanism,
and outcome semantics are represented explicitly, but not every stored edge is itself an identified
causal effect. The graph stores entities, relations, topology changes, provenance, uncertainty, and
typed causal semantics; identified causal claims are represented separately in atlas entries that attach
estimands, assumptions, diagnostics, and sensitivity to selected intervention—outcome relations. This
separation keeps the world model updatable without conflating storage with identification.

Nodes can represent spatial units, infrastructure assets, interventions, institutions, communities,
and governing documents; edges instantiate relation types such as hydrologic connectivity, ecological
adjacency, mobility, service access, ownership, administrative jurisdiction, and intervention—-exposure
pathways. Recent sustainability knowledge-graph efforts suggest a practical foundation for domain-
grounded, updatable global causal knowledge graphs at scale [48-50]. Each node u € V; has an
available modality set M, ; C M and carries multimodal observations

Out = {mikt) tke My}, 2)

where the open modality registry M can include EO, climate reanalyses, sensors, text or administrative
records, mobility, infrastructure telemetry, and damage or loss signals. A multimodal encoder then
produces an adaptation-relevant state embedding z, s = fg(0,,+). Modality-agnostic architectures and
aligned representation learning are essential because the relevant evidence is rarely fully paired [25,26].
Interventions can alter not only node features but also graph topology: a levee attenuates hydrologic
edges, urban greening creates ecological corridors, a cooling center creates accessibility edges, and
zoning decisions activate governance relations.
We therefore require explicit update operators

K1 = Up(Kt, Op1, DL 1, MG 11), 3)

where Oy, is the batch of new observations arriving between f and f + 1, AL, is the set of new or
revised ledger entries, and AG;. is the set of governance or policy updates. These update operators
are part of the OS semantics: they specify how new evidence mutates shared state, when revised entries
supersede prior versions, and how downstream atlas or portfolio objects are marked for re-estimation
or re-optimization. This gives the research community a sharper target: mine, update, and reason over
a global causal KG with intervention-aware topologies rather than static hazard layers.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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3.2. The Adaptation Intervention Ledger

A planetary adaptation science cannot exist without intervention observability. PCA-OS therefore
introduces an Adaptation Intervention Ledger £ that records where interventions occurred, when
they changed, how intense they were, and what evidence supports those claims. A ledger entry is

¢ = (loc, [ttt tend] type, intensity, footprint, p,, provenance), 4)

where loc denotes the affected spatial unit or geometry, and p, is a joint uncertainty object over type,
timing, geometry, and intensity. Each ledger entry should carry a stable identifier, schema-validated
fields, and a revision history so downstream atlas and portfolio objects can resolve exactly which
intervention state they consumed.

The ledger fuses four evidence streams: (1) EO change signals such as albedo shifts, shoreline
changes, vegetation dynamics, or impervious-surface updates; (2) SAR and event-response evidence
for flood-related interventions and outcomes; (3) text exhaust such as permits, council minutes, engi-
neering standards, procurement records, and adaptation plans; and (4) operational or participatory
traces such as maintenance logs, sensor anomalies, and community reports. Because many interven-
tions are informal, partially documented, or politically invisible, the ledger must preserve uncertainty,
missingness, and multi-view disagreement rather than forcing premature certainty.

A Ledger entry { € £ measurable & versioned
where/when: geo_id, geometry, start/end

what: type, intensity, footprint

uncertainty: p(type), p(timing), EO-text disagreement

provenance: STAC asset ids, document ids, validator trace

|<intervention becomes evidence)'
B Atlas entry T causal & auditable
estimand: intervention effect under scenario s
design: DiD / SC / DML + spillover mapping
diagnostics: balance, pre-trends, falsification
output: intervals, sensitivity bounds, transfer score

|<effect becomes decision>|

C Portfolio object 7 robust & constrained

inputs: budget B, scenarios S, equity and no-harm rules
outputs: prioritized map/list; robust regret; bounded-harm checks
audit: assumptions panel, data/model versions, overrides history

Figure 2. The PCA-OS object flow: interventions become ledger objects, then effect objects, then decision objects;
uncertainty, provenance, and assumptions are carried forward. Three stacked rounded boxes connected by
arrows illustrate the PCA-OS object flow. The top box is a ledger entry with where and when fields, what fields,
uncertainty, and provenance. The middle box is an atlas entry with an estimand, a causal design, diagnostics,
and outputs such as intervals and sensitivity bounds. The bottom box is a portfolio object with budget, scenarios,
equity and no-harm inputs, prioritized outputs, and audit information. Labels indicate the progression from
measurable and versioned, to causal and auditable, to robust and constrained.

3.3. The Causal Effect Atlas

Because adaptation placement is non-random, prediction alone is biased. PCA-OS therefore
maintains a Causal Effect Atlas whose entries are explicit objects: scenario-indexed, design-annotated,
spillover-aware estimates with diagnostics and sensitivity bounds. Atlas entries are queryable by
intervention family, geography, outcome, climate scenario, estimand, and design, making causal
evidence a reusable system object rather than a one-off appendix table. Potential outcomes must admit
interference:

Yii(ais eip,s), e =g(aj:j€N(3i)), ®)

r(s). Distributed under a Creative Commons CC BY license.
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where a; ; is local action, ¢; ; is neighbor exposure, and s € S indexes climate scenarios. Each atlas entry
stores an estimand, identification strategy, interference model, diagnostics, transportability warning,
and the limitations of the outcome proxy. Relevant estimation tools include staggered DiD, synthetic
control, heterogeneous treatment effect estimation, double/debiased ML, and off-policy evaluation
[32-34,37,38]. Foundation models and the world model act here as assistive hypothesis engines: they
can surface candidate confounders, mechanisms, and spillover pathways for human review, but causal
validity still rests on explicit identification assumptions and diagnostics [27-29].

3.4. The Robust Portfolio Decision Layer

The decision layer chooses portfolios of interventions rather than isolated actions. Let Z index
decision locations, let 71 = (a;);c7 denote a portfolio with a; € A;, let J index protected or potentially
harmed groups or locations, let e;(77) denote spillover exposure at location i, let ?i(s) (a;,e;(7)) be the
estimated normalized benefit under scenario s € S, and let w; > 0 encode policy weights such as
vulnerability or priority. Define the scenario-specific welfare of a portfolio as

Vi(m) = Y ;7 (@, e1(70)). (6)

i€l

The robust portfolio decision then solves

max min Vs ()
n€lliez A SES
st. ) costi(a;) <B, Equity(s>(7r) >a, Vs €S, (7)
i€l

ARisk{”) () <¢;, Ve, €S

Here, Equity(s)(rt) denotes an auditable group-level equity functional under scenario s, and
ARisk](S)(n) denotes the incremental risk imposed on protected location j relative to a no-action
baseline. The equity floor « and bounded-harm thresholds J; are policy inputs chosen through
stakeholder and governance processes, not values discovered by the model. To propagate effect-
estimation uncertainty into decision making, the atlas can supply conservative lower-confidence
values or ambiguity sets for ?i(s)
uncertainty. The robust-feasible set is therefore I = ;< s Ils. Each portfolio object should retain

, so the portfolio layer is robust to both climate scenarios and causal

pointers to the exact ledger versions, atlas versions, constraints, and any human overrides from which
it was derived. A decision-facing score is ROBUST DECISION REGRET:

RDR(77) :max(max Vs () —Vs(n)), (8)
seS \n'ellg

where I1; is the set of portfolios that satisfy the budget, equity, and no-harm constraints under scenario

s. Lower is better, and RDR(7r) > 0 by construction [39-45].

3.5. Foundation Models in PCA-OS

EO models can improve intervention detection and outcome proxies such as albedo, heat, and
hydrologic context [17,18]. Weather and climate models provide scenario backbones for effect transport
and stress testing [19,20]. Language-grounded models align permits, plans, procurement records, and
operations text with geospatial evidence [27-29]. The open problem is not only representation quality
but also binding them to explicit intervention semantics, identification assumptions, and auditable
decision objects [51,52].

4. Human Interfaces, Governance, & Auditing

Because adaptation is inherently political, PCA-OS must be challengeable by design. Governance
has four technical pillars. Transparency: causal estimands, identification choices, diagnostics, and sen-

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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sitivity analyses must be inspectable rather than buried in appendices [30]. Participation: stakeholders
should be able to dispute detections, annotate local constraints, and force explicit handling of missing
or contested evidence. Safety: optimization must obey no-harm and bounded-harm constraints using
safe decision-making principles [53,54]. Traceability: users should be able to inspect what changed,
why it changed, and whether recommendation shifts were driven by data, assumptions, or scenario
updates. Datasheets and model cards are therefore not peripheral documentation; they are core
infrastructure joined to the intervention and audit graph [55,56]. The same governance stack would
also be essential for future high-spillover interventions, including geoengineering proposals, where
detection, transboundary spillovers, and provenance would be indispensable [57,58].

5. Running Exemplars

Minimum viable deployment: cool roofs for extreme heat. The smallest falsifiable PCA-OS need not
be fully planetary. A first deployment can be city-scale: detect parcel-level cool-roof retrofits from EO
albedo/thermal signals and permit text, write them to the ledger, estimate tract-level avoided heat
exposure and peak-demand effects with neighborhood spillovers, and optimize subsidy rollout under
budget, equity-floor, and bounded-harm rules (Figure 3). This loop is narrow enough for near-term
benchmarking and deployment while still exercising the full measurement—causality—decision stack
[59-61]. Flood defenses with spillovers. Levees, drainage retrofits, and shoreline protection constitute
a canonical stress test for interference-aware causal inference because the intervention can redirect
water and externalize harm [11]. Urban greening and nature-based solutions. Greening can reduce
heat and improve resilience, yet it can also trigger green gentrification and unequal benefit capture,
forcing joint modeling of cooling, amenity spillovers, and distributive outcomes [12,62].

6. Research Agenda: Three Pillars

Pillar I: Planetary Observability. P1. Measure interventions, not only hazards, across heterogeneous
sensors and jurisdictions. P2. Build minimal interoperable ledger schemas for type, intensity, mecha-
nism, uncertainty, and provenance aligned with STAC [21]. P3. Quantify what the ledger systematically
misses, especially informal or politically invisible adaptation. Pillar II: Causal Topologies and Trans-
fer. P4. Use foundation-model representations without hiding identifying assumptions or opening
new confounding pathways [30]. P5. Estimate spillover-aware effects at scale when interventions
reshape risk across space or networks [35,36]. P6. Propagate measurement, identification, and scenario
uncertainty into transportable effect objects rather than single-number treatment effects [13,14]. P7.
Develop LLM/VLMs as assistive causal-hypothesis engines, with human review and diagnostics kept
central. Pillar ITI: Normative Optimization and Governance. P8. Support multiple legitimate equity
objectives with explicit trade-offs [43—45]. P9. Optimize intervention portfolios that remain defensible
under climate uncertainty and model misspecification [39-42]. P10. Build benchmarks and governance
that can fail maladaptation, privacy violations, climate gentrification, and bounded-harm breaches.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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; 3 measure )
A Detect candidate cool-roof retrofits
signals: EO albedo/thermal change + permit text + parcel linkage
output: candidate roofs in tract i with uncertainty
J
Y
. )
B Ledger object ¢; record
fields: location, start/end time, type = cool roof, area/intensity
provenance: imagery ids, permit ids, validator trace
J
Y
2(s) estimate )
C Atlas object T;
estimand: avoided heat exposure / peak demand under scenario s
design: neighborhood DiD / DML + spillover mapping
J
Y
D Portfolio recommendation 7 decide

decision: prioritize tracts for subsidies or deployment under budget B
ships with: equity floor, bounded-harm checks, stress tests, audit trace

Figure 3. Mini-walkthrough of a viable PCA-OS deployment for urban heat. EO and permit evidence become
a cool-roof ledger object, then a scenario-indexed causal effect estimate, then a budgeted and auditable rollout
recommendation. A four-step vertical workflow for a cool-roof deployment. The top box detects candidate
cool-roof retrofits from Earth observation albedo and thermal changes, permit text, and parcel linkage. The next
box stores a ledger object with location, time, type, area or intensity, and provenance. The third box stores a
scenario-indexed atlas object for avoided heat exposure or peak demand using a neighborhood causal design with
spillover mapping. The bottom box outputs a portfolio recommendation that prioritizes tracts under a budget
and includes equity, bounded-harm, stress-test, and audit information.

7. Benchmarks & Evaluation: ADAPTBENCH

We propose ADAPTBENCH as the gauntlet for PCA-OS. It should evaluate the full measurement-
causality—decision loop rather than isolated predictors. A first release can contain three task families:
(1) intervention mapping, where systems produce calibrated ledger entries with uncertainty and
provenance from EO, text, and operational signals; (2) causal estimation, where systems recover
known or semi-synthetic effects under confounding, targeted rollout, and interference while exposing
estimands, identification notes, and diagnostics; and (3) portfolio choice, where systems select inter-
ventions under budgets, equity floors, and no-harm constraints and are scored by robust regret across
scenario ensembles. Baselines should span EO segmentation or retrieval and document extraction for
mapping, DiD/SC/DML for effect estimation, and robust or fairness-aware optimization for decisions.

The design principle is simple: a model can fail ADAPTBENCH even if its predictive accuracy is

excellent. A system that predicts floods perfectly but recommends a defense portfolio that shifts water
into poorer downstream tiles should fail; so should a system that identifies cooling opportunities but
concentrates benefits in already advantaged neighborhoods. Evaluation should stress generalization
across space (held-out regions), time (future periods), and policy regimes (different rollout logics, budgets,
and governance conditions). Because dense labels are rare, the suite should combine real retrospective
tasks, semi-synthetic interventions on realistic EO backdrops, and known-mechanism decision tasks.
Metrics include ledger calibration, interval coverage, spillover error, RDR, inequity gaps, and bounded-
harm violation rates. Existing efforts like GEO-Bench [63] demonstrate the value of shared geospatial
tasks. Furthermore, domain-specific sustainability benchmarks like ESGenius/ MMESGBench [51,52]
operationalize multimodal reasoning, but stop short of testing the full intervention—causality—decision
loop. ADAPTBENCH extends this logic by making causal validity and decision quality the main
scoreboard.
What success would look like. Within a few benchmark cycles, success would include a public ledger
schema and reference dataset for at least one intervention family (e.g., cool roofs); atlas tasks requiring
estimands, diagnostics, and sensitivity rather than point effects alone; portfolio baselines evaluated on
robust regret, inequity gaps, and bounded-harm violations; and KDD papers rewarded for auditable
intervention quality.
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8. Conclusion

PCA-OS is a claim about the next decade of climate adaptation research. Hazard maps are
necessary, but they are not the scientific endpoint for climate adaptation. The field needs shared, au-
ditable intervention objects; scenario-indexed causal effect knowledge; and robust, equity-constrained
decision layers that can be challenged in public. The payoff is not just better climate analytics. It is a
transition from read-only climate intelligence to auditable systems that help societies decide what to
do, where, when, for whom, and under deep uncertainty.
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