JUNE 2026 mem

FIV/NSTITUTE oot &2 COLUMBIA CLIMATE SCHOOL
Future Investment Initiative nstitate 07 HUMAMNILY NATIONAL CENTER FOR DISASTER PREPAREDNESS

ARTIFICIAL INTELLIGENCE
FOR CLIMATE RISK PREDICTION
AND ADAPTATION

RISK LEVEL
- [

LOW HIGH

Report writers

Thomas Chandler, PhD, Richard Hendra, PhD, &2 COLUMBIA CLIMATE SCHOOL

Joshua L. DeVincenzo, EdD, Shuyang Huang, MS, March CENTER FOR SUSTAINABLE DEVELOPMENT
Part of the “Al and Future of Work” Initiative

Under the leadership of Professor Yanis Ben Amor

Center for Sustainable Development,
Columbia University



Executive Summary

Many types of disasters are becoming more frequent
and intense due to climate change, putting a previously
unheard-of strain on governmental institutions, emergency
management systems, and vital infrastructure. In a world
where climate threats are cascading, traditional forecasting
and disaster-response models, which frequently rely
on past patterns and reactive tactics, are becoming less
effective. This report examines how artificial intelligence
(Al) can assist emergency managers, governments, and
the private sector in moving away from passive disaster
management and toward more proactive and resilience-
focused strategies. Al presents new opportunities to
enhance disaster preparedness, response, and long-
term recovery by quickly evaluating vast amounts of
environmental, infrastructure, and socioeconomic data,
much of which can now be analyzed in real-time.

Numerousinstances in which Al isalready showing practical
benefit are highlighted in this report. Flood forecasting,
wildfire detection,
humanitarian aid targeting, and real-time situational
awareness are all being improved by machine learning

housing damage assessments,

algorithms. While operating at lower computational
costs, advances in Al weather prediction are increasingly
competing with conventional forecasting techniques.
That said, this report does stress that technological
capability is not enough on its own. High-quality data,
reliable validation procedures, and human supervision
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are all critical components of Al systems. To ensure that
technology enhances rather than replaces expert judgment
and local knowledge, emergency managers must be able
to comprehend, assess, and operationalize Al-generated
insights.

The report’s main conclusion is that the data infrastructure
needed to assess, regulate, and expand Al models
responsibly may present the biggest long-term opportunity
for return on investment. Climate Al solutions are receiving
substantial funding, but data provenance, administrative
data linking, outcome measurement, and performance
verification have received far less attention. Governments
and investors cannot accurately assess whether Al systems
enhance public outcomes, lessen vulnerability, or distribute
resources fairly without these fundamental capabilities.
Governments, business, academia, and civil society must
make investments in open data platforms, workforce
development, transparent governance frameworks, and
locally appropriate implementation strategies to ensure
that Al does not exacerbate already-existing disparities.
The report concludes that while Al has the potential
to revolutionize climate resilience, its long-term worth
will ultimately depend on how well it supports equitable
adaptation outcomes, produces quantifiable societal
benefits, and stays firmly guided by human judgment and
public accountability.

“Munich Re estimated that global natural catastrophe losses
reached approximately US$32o0 billion in 2024, including US$140
billion in insured losses, making 2024 the third-costliest year for
insurers since 1980. Meanwhile, Swiss Re projected that insured
catastrophe losses would again exceed US$100 billion in 2025,
continuing a multi-year trend of escalating disaster costs.”
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Introduction

The operating environment of emergency management
agencies worldwide is being increasingly altered by
climate change. Rising temperatures and sea levels,
and the increasing frequency and intensity of extreme
weather events, are placing ever greater strain on physical
infrastructure and the ability of agencies to respond.
Traditional models for forecasting and disaster response,
largely developed around historical baselines and discrete
hazard events, are increasingly ineffective in the face of
simultaneous cascading climatological disasters and rapidly
changing environmental and risk conditions. Consequently,
governments and emergency management agencies are
under growing pressure to adopt more adaptive and
anticipatory approaches to climate risk governance.' This
report explores the application of artificial intelligence (Al)
for predicting and responding to climate risks, its potential
and limitations, the strategic implications for emergency
management, and considerations for achieving a more
effective return on investment in this sector.

Al, particularly machine learning, provides new
opportunities for emergency managers to anticipate and act
upon a plethora of hazards and threats, including wildfires,
extreme flooding, typhoons and hurricanes, droughts, and
heatwaves. Al developers are continually upgrading models
for forecasting, improving decision-making, and assisting in
resilience-building processes by instantaneously analyzing
massive datasets and providinginsights on emerging trends.?
Furthermore, Al use supports climate risk management
in moving from reactive to anticipatory governance. As
humanity experiences rapidly changing meteorological
events, traditional disaster management techniques—which
often rely on historical trends, unstructured data sets, and
post-event evaluations—become increasingly cumbersome
and inefficient. In contrast, emergency managers can now
simulate solutions before a disaster strikes by using Al-
driven models that often predict future scenarios under
an array of weather conditions.? By encouraging greater
proactive investments in infrastructure, land-use planning,
and community readiness, this forward-looking capability
has the potential to eventually lower long-term social and
economic costs.
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At the same time, the rise of Al in climate risk prediction
poses major questions around uncertainty, data quality,
adequate guardrails, and public trust. The climate system
is itself highly nonlinear and difficult to predict over long
time horizons, and Al systems fundamentally depend on
the quality and representativeness of the data on which
they are trained. A popular analogy about the challenges
of predicting weather phenomena is the “butterfly effect”
from the early work of the meteorologist Edward Lorenz,
which addresses how small differences in initial conditions
can lead to extremely divergent long-term outcomes.* In
practice, predictive reliability of Al for weather prediction
may also be undermined by incomplete monitoring systems,
uneven global data coverage, and historically biased
datasets, particularly in vulnerable regions with limited
technical infrastructure. As such, Al-generated forecasts
cannot be considered purely technical outputs detached
from institutional and local context. In the upcoming years,
effective climate adaptation will increasingly depend on
the successful integration of Al systems into the work of
climate scientists, emergency managers, private sector
stakeholders, and local communities who can interpret
and operationalize those insights into real-world decision
environments.®

Likewise, the larger relevance of Al for climate adaptation
needs to be understood within economic, political, and
societal frameworks rather than simply through the lens
of technological capacity. The success of Al-enabled
climate governance will hinge on whether these systems
are embedded in institutions that prioritize accountability,
transparency, and equitable access to information and
resources. The latter challenge is especially critical, as
those most vulnerable to climate-related disasters are
often those with the least access to advanced technological
infrastructure and decision-making capacity. Accordingly,
the value of Al for climate adaptation will depend not only
on predictive performance but also on its ability to improve
institutional coordination, foster public trust, and promote
more equitable resilience outcomes across communities
and regions.

Artificial Intelligence for Climate Risk Prediction and Adaptation
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Current Issues Regarding Climate Change
and Emergency Management

The stages of preparedness, response, and recovery
remain the guiding framework for emergency management
systems globally. But as communities attempt to build
back better and recover economically, many institutions
are still structured to respond in the short term rather
than to anticipate risk and plan for resilience. In practice,
limited forecasting capabilities, fragmented data systems,
and uneven resource distribution still constrain effective
disaster management efforts. Recovery processes also tend
to focus on a return to pre-disaster conditions, rather than
addressing the structural vulnerabilities that contributed to
the severity of impacts in the first place. This reactive stance
is increasingly difficult to sustain in the face of mounting
climate risks.

Another challenge is the growing mismatch between the
scale of new climate risks and institutions’ ability to respond.
Many emergency management organizations have focused
on discrete, localized disaster events rather than cascading
or compounding crises (e.g., simultaneous heatwaves
and droughts, sequential storms on already-damaged
infrastructure, or wildfire particulate matter reducing
air quality in major urban areas). These linkages create
operational demands that go beyond traditional sector-
based coordination models and highlight deficiencies in
logistics, communication, and intergovernmental planning.’
The growing frequency of such disasters also means that
emergency management systems may need to rely more
on integrated, systems-oriented approaches that can work
across multiple hazards, jurisdictions, and infrastructure
networks simultaneously.

Emergency response activities are further complicated by
the growing vulnerability of vital infrastructure systems to
the effects of climate change. During extreme disasters,
energy grids, transportation networks, water systems,
and healthcare facilities can all be disrupted. Failure of
these systems has repercussions that go beyond the

immediate danger, severely increasing societal and financial
damages. Prolonged power outages during heatwaves,
for instance, can increase the risk of death, and damaged
transportation networks can delay the delivery of supplies
and emergency services. Because infrastructure systems
are interdependent, a single point of failure can have
a domino effect, underscoring the need for resilience-
oriented planning. Disasters can also trigger a downward
economic spiral for more than a decade: population loss
and business closures can erode the local tax base, rising risk
can increase insurance costs or reduce coverage availability,
and weakened public finances can make recovery and future
resilience harder to sustain.®®

Artificial Intelligence in Emergency
Management

Al can be most useful in emergency management
through utilization of Al to provide a set of analytic tools.
Computer vision, forecasting, natural-language processing,
optimization, and anomaly detection can each help translate
complex hazard data into signals that support operational
decisions. Reviews of Al applications by the European
Resilience Management Guideline and the Sendai Framework
for Disaster Resilience Network have identified use cases
across hazard prediction, risk and vulnerability assessment,
early warning, event detection, damage assessment, search
and rescue, and resource allocation.™

For imagery-heavy tasks, object-detection models such
as You Only Look Once (YOLO) are useful because they
can rapidly scan streaming video or large image collections
and flag operationally relevant features, including damaged
buildings, blocked roads, vehicles, smoke, flood extent, or
other visible indicators of hazard impact."" This capability
is especially important when satellite images or unmanned
aerial vehicle (UAV) imagery must be reviewed quickly after
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XBD Dataset Sample: (top) Pre- and (bottom)
Post-Disaster Images.
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a disaster. A related post-disaster damage-assessment use
case is the xView2 challenge and xBD dataset, developed
by the U.S. Defense Innovation Unit (DIU) in collaboration
with Carnegie Mellon University’s Software Engineering
Institute (SEl), which helps automate building-damage
assessment from pre- and post-disaster satellite imagery
across hazards such as floods, wildfires, earthquakes,
tsunamis, storms, and volcanic eruptions. This type of
computer vision can triage large areas rapidly, identify
where human assessment should begin, and reduce first
responders’ exposure to unsafe structures. The main caveat
is that models trained on one geography or hazard may
generalize poorly elsewhere unless they are validated against
local ground truth.™ More broadly, deep neural networks
can learn complex relationships across satellite imagery,
UAV feeds, sensor measurements, weather records, and
socioeconomic data.” This allows emergency managers to
connect physical damage, environmental conditions, and
population vulnerability in a more integrated way.

This matters because emergency managers do not make
decisions from forecasts alone. They must combine hazard
predictions with what the infrastructure condition is, how
vulnerable the population is, how the field reports are
generated, and howavailable the resources are. In mitigation,
Al can help identify high-risk areas of the built environment
and detect immediate maintenance needs. In preparedness,
it can support early warning systems and training programs,
where learners can practice key concepts and participate
more meaningfully in planning scenarios. During response,
it can help optimize logistics and resource allocation, while
also identifying vulnerable populations in immediate need
of assistance. In recovery, it can support rapid damage
assessment and help agencies target inspections, debris
removal, and guide rebuilding efforts. Across these phases,
Al can assist agencies in moving from scattered information
to faster, more targeted action.

FIl Institute | Columbia Climate School
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Across all phases of disaster management of extreme weather, Al can assist agencies in

moving from scattered information to faster, more targeted action.

MITIGATION PREPAREDNESS m RECOVERY

Identify high-risk areas
of the built environment
and detect immediate
maintenance needs.

Conduct scenario
planning, evacuation
modeling with digital
twins, resource
allocation, and training
exercises.

Optimize logistics and
resource allocation,
while also identifying
vulnerable populations
in immediate need of
assistance.

Support rapid damage
assessment and

help agencies target
inspections, debris
removal, and guide
rebuilding efforts.

Flood forecasting is an example which shows how Al can
turn environmental data into more immediate and localized
warnings. Google’s Al-based flood forecasting work has
shown that machine-learning models can produce reliable
riverine flood forecasts for ungauged basins up to five
days ahead, with the operational Flood Hub providing free
forecasts in dozens of countries. For emergency managers,
the value of this modelingisimmediately practical. Earlierand
more spatially specific warnings can enable pre-positioning
of supplies, evacuation messaging, school closures, and
anticipatory cash or relief actions before rivers peak.™

Wildfire management is another example that shows how Al
can support both early detection and real-time fire-spread
modeling. Developed with CAL FIRE and UC San Diego
partners, ALERTCalifornia uses Al to scan images from a
statewide camera network and alert trained staff when
it detects signs of a possible new fire. Since September
2023, the tool has been available to all twenty-one CAL
FIRE 911 dispatch centers. A 2025 report found that in
2024, ALERTCalifornia cameras detected 1,668 fires, 38%
of which were detected before any 911 call. One reported
case near the city of Auburn, California shows the value of
this early-warning system: on July 6, 2024, an Al camera
posted an alert at 2:33 a.m. before anyone had called 911.
CAL FIRE verified the alert, sent engines, and crews put the
fire out before it spread beyond a 30-by-30-foot area.™

Al can also improve real-time situational awareness during
cascading events, when conditions change quickly and
information comes from many places at once. Crisis-
informatics tools are a prime example, helping agencies sort
these fast-moving information streams and detect emerging
needs, infrastructure disruption, evacuation bottlenecks, or
misinformation. Research datasets such as CrisisMMD show
how disaster-related posts can be classified into categories

such as infrastructure damage, injuries, missing persons,
and requests for assistance.’® PetaBencana.id in Indonesia
shows how this approach can be used operationally. Its
BencanaBot collects resident reports of hazards through
social media and messaging platforms, maps those reports
in real time, and shares the information with communities
and government responders."”
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A cellphone screenshot of reported flood waters rising in
Jakarta, Indonesia, from the PetaBencana.id platform.
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Al can also help agencies target emergency humanitarian

relief when response time matters. After Hurricane lan
devastated the U.S. state of Florida in 2022, GiveDirectly
and Google.org used the Delphi tool to combine Al-derived
building damage estimates from aerial imagery with poverty
and population data. This allowed staff to identify census
block groups with both severe damage and high poverty
and to prioritize them for emergency cash transfers.
GiveDirectly reported work that previously required weeks
of block-by-block assessment could be completed in hours.
Remote enrollment and payment through a benefits app
also allowed many recipients to receive funds within a day.®
This example strengthens the emergency-management
argument because it shows how Al outputs can inform a
concrete humanitarian decision: who should receive scarce
assistance first.
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Al can also support cooperation across agencies and
jurisdictions, especially during multi-hazard incidents where
local, regional, and national authorities and international
NGOs need to work with the same information. Shared
Al-enabled platforms can bring together weather data,
infrastructure conditions, field reports, resource locations,
and hazard models in one place. It reduces the risk
that different agencies act on incomplete or conflicting
information. A concrete example is UC San Diego’s
WIFIRE Firemap, a wildfire decision-support platform that
integrates data on weather, topography, vegetation and
fuels, fire ignitions, and real-time conditions to model fire
spread and visualize risks for emergency decision-makers.'
It gives responders a shared operating picture that can
guide evacuation planning, resource deployment, and cross-
agency coordination during fast-moving wildfire events.

The value of Al in emergency management depends on
whether the tools fit the way agencies actually work. Models
need to be simple enough to use in emergency settings and
accessible enough for incident commanders and emergency
managers to understand their recommendations. This is
the basic idea behind explainable Al: users should be able
to question the output, compare it with local knowledge,
and decide whether it makes sense. Al tools also need clear
interfaces, staff training, and procedures for when model
outputs should inform decisions. Even a technically strong
system can fail if it feels disconnected from real emergency
work. Al can help agencies move faster, but people still need
to decide what action should follow.

Challenges Between the Global North
and Global South

Although Al technologies have evolved at reduced cost and
are showing promise in the emergency management sector
internationally, access has not always been equitable across
Global South countries. Due to insufficient funding or limited
educational initiatives to promote Al innovation, many
nations that could benefit from it in disaster preparedness,
response, and recovery for climatological disasters are still
heavily reliant on analog systems that are extremely labor-
intensive.

FIl Institute | Columbia Climate School

The issue of data inequality poses another serious challenge.
Huge amounts of data are required to train contemporary Al
systems, yet they can either be nonexistent or insufficiently
available in many developing countries. Further, models
developed in the Global North may not be suitable
for other regions, leading to distorted directives and
recommendations. An additional barrier relates to external
control and dependence on technology. A considerable
number of Al technologies utilized in the Global South are
developed, managed, and owned by private or institutional
enterprises from the Global North. In such cases, decision
making can become externally controlled, thereby increasing
concerns of foreign influence.®

Additionally, thereis a discrepancy between the conventional
methods frequently incorporated into Al systems and locally
relevant knowledge. Al models may miss important context
or make disaster-response recommendations that are
unworkable or culturally insensitive if they do not account
for a multitude of cultural nuances. Participatory methods
that incorporate local knowledge into the development,
training, and deployment of Al systems are sorely needed
to close this gap.?#

Al companies’ development of open and interoperable
Al systems should be prioritized alongside these actions.
Shared platforms, robust climate data, and accessible
decision-support tools can improve knowledge-sharing,
reduce fragmentation, and support more effective
adaptation planning, especially where technical capacity is
limited. Evaluations of disaster relief efforts are often a good
starting point, due to their wide accessibility.® Moreover, Al
coding tools such as OpenAl Codex and Anthropic’s Claude
Code may lower the technical barriers to developing and
adapting open-source emergency-management tools by
helping local teams write, review, debug, and modify their
own code more efficiently.

Similarly, it is important for policymakers to foster the
institutionalization of Al education and training programs
to build the required expertise as climate risks grow more
pronounced. While training the next generation on data
science and machine learning algorithms is an imperative, it
is also necessary to develop the competency of emergency
managers, legislators, and community leaders in applying
the latest skills and concepts for successfully using Al
tools.?* This would ensure the proper use of such tools
by integrating Al literacy into professional degree and
workforce development programs.
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Fostering Return on Investment

Even when investments in climate tools incorporating
artificial intelligence are made, without additional
mechanisms to ensure proper monitoring, evaluation, and
accountability, these efforts may not be effective. The ability
to measure results is necessary not only to determine the
returnoninvestment butalsoto ensure that, overtime, these
systems remain focused on their primary public goals. An
adaptive evaluation strategy, such as formative assessment
techniques, enables governments and organizations to
detect emerging issues. This is especially crucial given that
Al solutions can have unforeseen consequences, one of
which is the exacerbation of inherent biases in data sets and
processes within organizational structures. In due course,
the measurement of results cannot be limited to technical
measures of success alone. Instead, an organization will
have to ensure its alignment with verified data by human
managers collected during onsite damage assessments.

The next major return-on-investment frontier is therefore
not only the Almodels themselves, but also the measurement
and datainfrastructure required to transform model outputs
into accountable, financeable, and operationally credible
decisions. The financial stakes are substantial. Munich Re
estimated that global natural catastrophe losses reached
approximately US$320 billion in 2024, including US$140
billion in insured losses, making 2024 the third-costliest
year for insurers since 1980. Meanwhile, Swiss Re projected
that insured catastrophe losses would again exceed US$100
billion in 2025, continuing a multi-year trend of escalating
disaster costs.”® Large portions of these losses remain
uninsured, underscoring the scale of the global protection
gap and increasing pressure on governments and financial
institutions to improve risk prediction, preparedness, and
recovery systems.

Pilot projects across the world already demonstrate that
Al can improve disaster response capabilities, wildfire
detection, and post-disaster targeting of assistance.
However, these deployments do not yet consistently
demonstrate whether Al systems improve population-level
outcomes, distribute aid equitably at scale, or materially
reduce long-term vulnerability. Capability alone is insufficient
without accountability. Increasingly, the core challenge is
not whether Al systems can generate forecasts or automate
decisions, but whether governments and investors have the
institutional capacity to verify that these systems produce
measurable public benefit.

Artificial Intelligence for Climate Risk Prediction and Adaptation



This challenge is fundamentally a capital allocation issue
rather than a purely academic one. Public investment in
administrative data systems, exposure-outcome linkage,
audit capacity, and longitudinal monitoring of infrastructure
is becoming a prerequisite for large-scale private investment
in climate Al markets. While capital is rapidly flowing
toward Al-enabled climate forecasting, resilience analytics,
and disaster-risk products, the infrastructure needed to
independently verify performance and fairness remains
significantly underdeveloped. As a result, governments are
increasingly being asked to procure systems, and investors
are being asked to finance technologies, whose real-
world societal impacts cannot always be comprehensively
measured.

Recent advances in Al weather forecasting nevertheless
demonstrate that the technical capabilities of these systems
are improving rapidly. Models such as GraphCast* and
Pangu-Weather? have shown that data-driven forecasting
systems can rival or exceed traditional numerical weather
prediction methods at medium-range forecasting while
operating at substantially lower computational cost.
Benchmarking initiatives such as WeatherBench 2% have
also improved the ability to evaluate forecasting accuracy
across models. At the same time, recent comparative
studies show that performance still varies considerably
by geography, lead time, and hazard type, especially
during extreme weather events.?” This suggests that while
forecasting capability is becoming increasingly mature in
data-rich regions, the surrounding infrastructure required
for integration, operational decision-making, and outcome
evaluation remains unevenly developed.

The investment imbalance is increasingly clear. Most
current capital targets the model-development layer, where
competition is intensifying, and technical advantages may
erode relatively quickly. By contrast, the data infrastructure
layer, including data provenance, curation, linkage,
verification, and ground-truth monitoring, often offers more
durable and defensible long-term value. Administrative data
infrastructure is especially important because it determines
whether climate exposures can be connected to measurable
social and economic outcomes, including employment
disruption, health impacts, housing displacement, and
business continuity. Jurisdictions capable of linking these
datasets become environments where climate Al systems
can be properly evaluated, refined, financed, and scaled.
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CAREs is a working demonstration that exposure
data (from NOAA and DOE) can be linked to
disaster assistance data (from FEMA) and population
characteristics (from the U.S. Census), enabling direct
measurement of how disaster impacts translate into
recovery needs at the household level.

Jurisdictions lacking such infrastructure risk becoming
locations where pilot projects remain isolated experiments
without long-term institutional adoption.

The United States has already begun demonstrating what
this type of integrated infrastructure can look like in practice.
In 2025, the United States Census Bureau released the
Assessment, Recovery, and Evaluation Datasets (CAREs),
which links administrative data from agencies including
the U.S. Federal Emergency Management Agency, National
Oceanic and Atmospheric Administration, Department of
Energy, and Bureau of Labor Statistics to support disaster
impact analysis. By connecting climate exposure data with
assistance programs and demographic information, CAREs
demonstrate how governments can directly evaluate
how disasters affect households and communities, while
improving targeting and recovery planning. This type of
integrated administrative data architecture may become
foundational for future climate resilience investment
strategies.*

This matters for the investment case. Investors and
governments should treat data linkage infrastructure as a
foundational asset class. CAREs is a working demonstration
that exposure data (from NOAA and DOE) can be linked
to disaster assistance data (from FEMA) and population
characteristics (from the U.S. Census), enabling direct
measurement of how disaster impacts translate into
recovery needs at the household level. The methodological
literature on administrative data linkage, going back to
Harron et al. (2017),%" is well established, but its application
to climate disaster outcomes remains the exception rather
than the rule.

10
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The European Union has several of the same capabilities.
The EU’s Copernicus program provides continental Earth
observation through the Sentinel missions on an open data
policy. The governance is present: the EU Al Act sets data
quality and oversight requirements for high-risk systems.
What is currently missing is the integration layer and the
ability to link member-state administrative data (benefits,
health, employment) to environmental monitoring.*
Without this, it is difficult to determine whether forecasts
will reach the people who need them.

These disparities also expose an important structural
challenge for inclusive climate resilience. Al model
performance is often weakest in regions where vulnerability
is highest because training data reflects historical
underinvestment in monitoring systems and administrative
infrastructure. Research on satellite-based damage
assessment datasets has shown that models frequently
performlessaccuratelyin non-Westernorunderrepresented
regions, particularly in identifying isolated or rural damage
patterns. As a result, transferring Al systems from data-
rich countries to data-poor regions without investing in
underlying monitoring and validation infrastructure can
unintentionally reinforce existing inequalities. Inclusive
climate Al development, therefore, depends as much on
investment in foundational data systems as on advances in
algorithmic sophistication. The European Union has already
invested heavily in satellite-based disaster monitoring
through its Copernicus Programme, with climate adaptation
and early warning projects across Africa, the Caribbean,
and Pacific Island nations. Capacity building for national
meteorological agencies also has seen renewed emphasis in
2026.

For governments, this implies that longitudinal exposure-
outcome data systems should be funded alongside Al
model development itself. When considering return on
investment, firms specializing in data provenance, linkage,
verification, and monitoring infrastructure may represent
some of the most durable opportunities within the climate
Al ecosystem. Public-private partnerships will also become
increasingly important, particularly when structured to
preserve data sovereignty while supporting capability
transfer across jurisdictions. Ultimately, the Al-for-climate
market is unlikely to scale sustainably until its outcomes can
be systematically measured and verified. The jurisdictions
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that build this measurement capacity first are likely to shape
the standards, governance models, and investment flows
that define the next phase of Al-enabled climate resilience.

Return on Investment Strategies

Investments in Al for climate risk reduction and response are
likely to increase over the next five years. Uncovered losses
are rising, and both public- and private-sector leaders have
identified this gap internationally. The needed investments
span (1) climate data infrastructure, (2) predictive
analytics, (3) insurance technology, and (4) resilient
infrastructure. Returns are plausible across all four areas,
and the work aligns with ESG mandates without requiring a
values argument.

The fast-growing Al markets have created investment
conditions that in some ways are similar to earlier speculative
technology cycles, such as the dot-com era. With increasing
investor demand for Al-related products and services, many
firms have sought to position themselves in the sector
regardless of the maturity or credibility of their underlying
capabilities. This environment makes thorough due
diligence all the more important. The quality of a company’s
data infrastructure is one of the most important measures
of long-term viability and is a competitive advantage,
particularly for data sets that are found to be timely,
geographically relevant, interoperable, and operationally
reliable, rather than simply large in volume. Thus, investors
should distinguish between companies with robust data
integration and validation processes and those that cannot
document such capabilities.

A major consideration is scalability across geographies and
use cases. Climate risks differ by region, and Al solutions
need to be flexible to different environmental, regulatory,
and economic contexts. Investors should assess whether
a company’s technology can address different hazard
types, such as floods, wildfires, and extreme heat, without
requiring a complete system redesign. Such systems are
usually built on Amazon Web Services or Microsoft Azure
infrastructure and feature modular architectures or cloud-
based delivery models, enabling more efficient scaling and
broader market reach.

Artificial Intelligence for Climate Risk Prediction and Adaptation
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Investment decisions must also be based on risk
management and transparency. Al models are increasingly
being used for climate forecasting and adaptation planning,
but they need to be interpretable and auditable, especially
when used to support government-led financial or policy
decisions. Investors should look for companies that are
working on robust validation processes, and compliance
with new regulatory standards. Participation in international
standards such as those promoted by the Task Force
on Climate-related Financial Disclosures can serve as a
signal of a company’s commitment to transparency and
preparedness for new disclosure standards.*

Recent industry analysis suggests that infrastructure
resilience itself is becoming a major global investment
category as the economic value of infrastructure assets
continues to expand worldwide. Deloitte estimates that
global infrastructure value could approach US$390 trillion
by 2050, while annual losses from natural hazards may rise
to approximately US$460 billion per year.** These trends
are driving increased demand for Al-enabled technologies
capable of improving prevention, response, and recovery
capabilities across infrastructure systems. As governments
and industries seek to protect increasingly interconnected
physical and digital assets, Al applications such as predictive
maintenance, digital twins, and intelligent early warning
systems are emerging as attractive long-term infrastructure
investment opportunities.

There is also growing investment interest in Al systems that
can reduce infrastructure downtime and operational losses
using predictive maintenance capabilities, thus reducing
repair costs and improving operational continuity. In sectors
such as offshore wind energy, Al-enabled maintenance
systems have shown the ability to reduce downtime, boost
annual revenue and increase long-term asset reliability.®
Similar strategies are being applied to power grids, water
systems and transportation infrastructure, where investors
are increasingly viewing resilient technologies as a way to
reduce risk and improve operational efficiency.

Digital twin technologies are similarly gaining attention for
their ability to simulate infrastructure performance under
future climate conditions and stress-test resilience strategies
before physical investments are made. The literature
has noted instances from Portugal, Singapore, India, and
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the United States, where digital twins have been used to
enhance flood resilience, optimize waste management
systems, and model urban heat adaptation strategies.*® This
technology not only increases the efficiency of planning, but
can also provide measurable economic benefits through
avoided damages, reduced emissions, and more efficient
infrastructure operations. For investors, digital twins offer
an Al-powered platform that can be scaled and deployed
in urban planning, utilities, transportation, and emergency
management.

Financial institutions and insurers are also expected to play
an increasing role in accelerating investment in Al-enabled
resilience. Innovative financing mechanisms, such as
resilience bonds and Al-linked credit instruments, as well as
public-private partnerships, can help move beyond the long
payback periods of traditional infrastructure modernization
projects. Insurers are also incorporating Al for underwriting,
risk modeling and resilience incentive programs, such as
premium discounts for infrastructure systems that employ
trusted resilience technologies. With financial markets
increasingly incorporating climate and infrastructure risk
into their investment decisions, Al-enabled resilience
capabilities could be a key differentiator for infrastructure
operators and investors alike.

Finally, investors should evaluate the long-term adaptability
of Al solutions to a rapidly changing climate landscape. The
most effective platforms will be those that continually learn
from new data and improve their predictive accuracy over
time. This iterative capability enhances not just performance
but also defensible competitive advantages. The companies
that invest in continuous model training, feedback loops,
and integration with real-time monitoring systems are
more likely to remain relevant as climate conditions evolve.
Innovation, scalability, and governance are the keys to
unlocking both the financial upside and the broader societal
impact of Al-driven climate resilience.®”
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Conclusion

The scale and complexity of climate-related disasters are
outstripping the current capabilities of many emergency
management systems. More extreme climatological
disasters are increasing pressure on institutions tasked with
preparedness, response, and recovery.® At the same time,
climate risk is shaped not only by environmental hazards
themselves, but also by underlying social, economic, and
political vulnerabilities that determine the severity of
impact on different populations. Communities with poor
infrastructure, limited access to resources, or histories of
institutional neglect often face disproportionate impacts
for several years after a disaster, underscoring the growing
interconnectedness of climate exposure and societal
vulnerability.* Al has the potential to transform climate
risk prediction and emergency management. However, its
benefits depend on equitable access, ethical governance,
and effective integration into existing systems. By addressing
current challenges and investing in necessary solutions, Al
can play a critical role in building resilience and adapting to
the impacts of climate change.®

Looking ahead, continued cross-industry and cross-
scale cooperation will be necessary for the effective
integration of Al into climate risk management. To co-
develop technologically sound and socially responsive tools,
governments, academic institutions, the private sector,
and civil society must collaborate. Such cooperation can
better ensure that Al systems are grounded in practical
requirements, informed by a variety of viewpoints, and
flexible enough to adapt to diverse institutional and
geographic settings. Al risks being dispersed or underutilized
in tackling complex climate challenges in the absence of this
coordinated effort.

PART 3

Human society is currently in the early stages of Al
development, but the emerging pattern is clear. Al is most
powerful combined with human judgment. Emergency
managers and the communities they serve hold knowledge
that does not appear in any training set: which intersections
flood first, which households need help evacuating, which
past projections from outside experts didn’t pan out. Hybrid
approaches that keep humans driving the technology, not
just “in the loop,” produce better results everywhere and
are nonnegotiable in communities with good reason to
distrust technological solutions. Community engagement
produces better forecasts. Adoption follows from that.

Climate change is an unprecedented risk, and Al is an
unprecedented technology. If we want Al's benefits to
mitigate climate-driven disasters, we need to ensure it
narrows inequities rather than widens them. So far, the
benefits have mostly gone to wealthy countries in the Global
North. The next five years will show whether Al’s benefits
reach all countries or stay concentrated where they are
now. Expanding access requires three things: goals that
specify who benefits, investment that flows to the countries
currently outside the Al economy, and measurement that
tracks distribution alongside performance.

Artificial Intelligence for Climate Risk Prediction and Adaptation
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APPENDIX

Appendix: Recommended Public Data
Sources for AI Weather Prediction

Reliable observational data is abundant for Al weather
prediction, and modern forecasting systems depend on it.
The publicly available datasets listed below are very useful,

ERA5

European Centre for
Medium-Range Weather
Forecasts

as they allow researchers, governments and startups to
validate Al models, replicate results, and reduce reliance on

proprietary sources.

Global weather and
climate reanalysis

Considered the gold
standard training dataset
for many Al weather
models. Provides
consistent historical
atmospheric conditions
worldwide.

Copernicus Climate
Data Store

European Commission
and European Centre for
Medium-Range Weather
Forecasts

Climate and
environmental data

Provides open access

to petabytes of
atmospheric, oceanic,
and land-surface data for
Al model development.

Global Forecast System
(GFS)

National Oceanic
and Atmospheric
Administration

Operational global
forecasting

One of the world’s
most widely used public
forecast datasets and
benchmark sources

for Al forecasting
comparisons.

National Centers
for Environmental
Prediction Reanalysis

National Oceanic
and Atmospheric
Administration

Long-term weather
archives

Valuable for training Al
systems on historical
weather patterns and
extreme events.

GOES-R Satellite

National Oceanic

Real-time storm

Provides high-frequency

Program and Atmospheric monitoring satellite imagery crucial
Administration for deep-learning-
based severe weather
prediction.
JPSS National Oceanic Global atmospheric Supplies temperature,
and Atmospheric observations moisture, cloud, and
Administration and ocean measurements
National Aeronautics and used in Al forecasting
Space Administration systems.
14 FIl Institute | Columbia Climate School

EUMETSAT Satellite
Network

EUMETSAT

Europe, Africa, Middle
East satellite coverage

APPENDIX

Critical source of cloud,
storm, and atmospheric
observations over
regions often
underrepresented in
datasets.

Meteosat Third
Generation

EUMETSAT

Rapid-update severe
weather monitoring

Provides advanced
imagery supporting Al
nowcasting and storm
prediction.

NASA EarthData

National Aeronautics and
Space Administration

Earth system
observations

Offers open access to
atmospheric, ocean,
cryosphere, and land
data used in Al climate-
weather models.

MODIS

National Aeronautics and
Space Administration

Land surface, vegetation,
wildfire monitoring

Important for integrating
weather prediction with
drought, wildfire, and
climate risk forecasting.

Sentinel Missions

European Space Agency

Earth observation
and environmental
monitoring

High-resolution imagery
improves Al models for
floods, droughts, and
severe weather impacts.

Global Precipitation
Measurement

National Aeronautics and
Space Administration
and Japan Aerospace
Exploration Agency

Rainfall estimation

Essential for flood
forecasting and
precipitation-focused Al
systems.

Integrated Multi-
satellite Retrievals for
GPM

National Aeronautics and
Space Administration

Global precipitation
archives

Frequently used to train
machine-learning flood
prediction models.

World Meteorological
Organization
Information System

World Meteorological
Organization

International weather
exchange

Enables standardized
global sharing of
meteorological
observations needed for
robust Al training.

Global
Telecommunications
System

World Meteorological
Organization

Real-time observations

Provides worldwide
weather station, buoy,
aircraft, and upper-air
data feeding forecasting
systems.

Artificial Intelligence for Climate Risk Prediction and Adaptation
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Integrated Surface
Database

National Centers
for Environmental
Information

Ground weather
observations

APPENDIX

Supplies decades of
station observations for
model validation and bias
correction.

Argo Program

Argo Program

Ocean temperature and
salinity

Ocean conditions drive
weather prediction;
Argo is indispensable
for coupled Al weather-
ocean models.

Copernicus Marine

European Commission

Ocean forecasting

Supports Al prediction

Service of hurricanes, marine
heatwaves, and coastal
hazards.

MERRA-2 National Aeronautics and Climate and atmospheric Widely used for climate-

Space Administration

reanalysis

risk Al and long-term
forecasting applications.

Open-METEO Data
Hub

Multiple public sources

Data integration and
APIs

Simplifies Al model
development by
aggregating numerous
public meteorological
datasets.

16

FIl Institute | Columbia Climate School

APPENDIX

References

10.

11.

12.

13.

14,

15.

16.

Intergovernmental Panel on Climate Change (IPCC). Climate Change 2022: Impacts, Adaptation and Vulnerability.
Contribution of Working Group Il to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change.
Geneva: IPCC, 2022. https://www.ipcc.ch/report/aré/wg2/

David Rolnick, Priya L. Donti, Lynn H. Kaack, Kelly Kochanski, Alexandre Lacoste, Kris Sankaran, et al. “Tackling Climate
Change with Machine Learning.” ACM Computing Surveys 55, no. 2 (2022): 1-96. https://doi.org/10.1145/3485128

Markus Reichstein, Gustau Camps-Valls, Bjorn Stevens, Martin Jung, Joachim Denzler, Nuno Carvalhais, and Prabhat.
“Deep Learning and Process Understanding for Data-Driven Earth System Science.” Nature 566, no. 7743 (2019): 195-
204. https://doi.org/10.1038/s41586-019-0912-1

Edward N. Lorenz. “Deterministic Nonperiodic Flow.” Journal of the Atmospheric Sciences 20, no. 2 (1963): 130-41.
Dirk Helbing. “Globally Networked Risks and How to Respond.” Nature 577 (2020): 44-49.

United Nations Office for Disaster Risk Reduction (UNDRR). Sendai Framework for Disaster Risk Reduction 2015-2030.
Geneva: United Nations, 2015. https://www.undrr.org/publication/sendai-framework-disaster-risk-reduction-2015-2030

Huadong Guo, Long Wang, Fei Chen, and Deren Liang. “Scientific Big Data and Digital Earth.” Chinese Science Bulletin
65 (2020): 143-52.

Rebecca Jerch, Matthew E. Kahn, and Gary C. Lin. “Local Public Finance Dynamics and Hurricane Shocks.” Journal of
Urban Economics 134 (2023): 103516. https://doi.org/10.1016/j.jue.2022.103516

Congressional Budget Office. Climate Change, Disaster Risk,and Homeowners’ Insurance. Washington, DC: Congressional
Budget Office, 2024. https://www.cbo.gov/publication/60512

Wei Sun, Paolo Bocchini, and Brian D. Davison. “Applications of Artificial Intelligence for Disaster Management.” Natural
Hazards 103 (2020): 2631-89. https://doi.org/10.1007/s11069-020-04124-3

Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali Farhadi. “You Only Look Once: Unified, Real-Time Object
Detection.” In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 779-88. Las
Vegas, NV, 2016. https://doi.org/10.1109/CVPR.2016.91

Rohit Gupta, Brian Goodman, Nirav Patel, et al. “Creating xBD: A Dataset for Assessing Building Damage from Satellite
Imagery.” arXiv preprint arXiv:1911.09296 (2019). https://arxiv.org/abs/1911.09296

Yann LeCun, Yoshua Bengio, and Geoffrey Hinton. “Deep Learning.” Nature 521, no. 7553 (2015): 436-44. https://doi.
org/10.1038/nature14539

Grey S. Nearing, Daniel Cohen, Vincent Dubé, et al. “Global Prediction of Extreme Floods in Ungauged Watersheds.”
Nature 627 (2024): 559-63. https://doi.org/10.1038/s41586-024-07145-1

Paul Rogers. “Over 1,000 Al Cameras Help Spot California Wildfires Before the First 911 Call.” FireRescue1, September
2025. https://www.firerescuel.com/artificial-intelligence/over-1-000-ai-cameras-help-spot-calif-wildfires-before-the-
first-911-call

Firoj Alam, Ferda Ofli, and Muhammad Imran. “CrisisMMD: Multimodal Twitter Datasets from Natural Disasters.”
Proceedings of the International AAAI Conference on Web and Social Media 12, no. 1 (2018). https://doi.org/10.1609/
icwsm.v12i1.14983

Artificial Intelligence for Climate Risk Prediction and Adaptation 17


https://www.ipcc.ch/report/ar6/wg2/
https://doi.org/10.1145/3485128
https://doi.org/10.1038/s41586-019-0912-1
https://www.undrr.org/publication/sendai-framework-disaster-risk-reduction-2015-2030
https://doi.org/10.1016/j.jue.2022.103516
https://www.cbo.gov/publication/60512
https://doi.org/10.1007/s11069-020-04124-3
https://doi.org/10.1109/CVPR.2016.91
https://arxiv.org/abs/1911.09296
https://doi.org/10.1038/nature14539
https://doi.org/10.1038/nature14539
https://doi.org/10.1038/s41586-024-07145-1
https://www.firerescue1.com/artificial-intelligence/over-1-000-ai-cameras-help-spot-calif-wildfires-before-the-first-911-call
https://www.firerescue1.com/artificial-intelligence/over-1-000-ai-cameras-help-spot-calif-wildfires-before-the-first-911-call
https://doi.org/10.1609/icwsm.v12i1.14983
https://doi.org/10.1609/icwsm.v12i1.14983

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

APPENDIX

OECD Al Policy Observatory. “PetaBencana.id Bot.” Catalogue of Tools and Metrics for Trustworthy Al. May 14, 2025.
https://oecd.ai/en/catalogue/tools/petabencanaid-bot

GiveDirectly. “How Al Helped 6x Our Disaster Response Speed.” March 21, 2023. https://www.givedirectly.org/hurricane-
relief-2022

UC San Diego Today. “UC San Diego’s WIFIRE Program Provides Real-Time Information to Wildfire Responders.” April
6, 2025.

Ricardo Vinuesa, Hossein Azizpour, lolanda Leite, Madeline Balaam, Virginia Dignum, Stefan Domisch, et al. “The Role of
Al in Achieving the Sustainable Development Goals.” Nature Communications 11 (2020): 233. https://doi.org/10.1038/
s41467-019-14108-y

Abeba Birhane. “Algorithmic Injustice: A Relational Ethics Approach.” Patterns 2, no. 2 (2021): 100205. https://doi.
org/10.1016/j.patter.2021.100205

Alicia Sasser Hayes. ““Conversing’ with Qualitative Data: Enhancing Qualitative Research Through Large Language Models
(LLMs).” International Journal of Qualitative Methods 24 (2025).

European Commission. Forging a Climate-Resilient Europe: The New EU Strategy on Adaptation to Climate Change.
COM(2021) 82 final. Brussels: European Commission, 2021.

Erik Brynjolfsson and Andrew McAfee. “The Business of Artificial Intelligence.” Harvard Business Review, July 18, 2017.
https:/hbr.org/2017/07/the-business-of-artificial-intelligence

Munich Re. “Climate Change Is Showing Its Claws: The World Is Getting Hotter, Resulting in Severe Hurricanes,
Thunderstorms and Floods.” January 9, 2025. https:/www.munichre.com/en/company/media-relations/media-
information-and-corporate-news/media-information/2025/natural-disaster-figures-2024.html; Swiss Re Institute. Sigma
1/2025: Natural Catastrophes—Insured Losses on Trend to USD 145 Billion in 2025. Zurich: Swiss Re Institute, April
29, 2025. https://www.swissre.com/institute/research/sigma-research/sigma-2025-01-natural-catastrophes-trend.html;
Swiss Re Institute. “2025 Marks Sixth Year Insured Natural Catastrophe Losses Exceed USD 100 Billion.” December 16,
2025.

Rémi Lam, Alvaro Sanchez-Gonzalez, Matthew Willson, et al. “Learning Skillful Medium-Range Global Weather
Forecasting.” Science 382, no. 6677 (2023): 1416-21. https://doi.org/10.1126/science.adi2336

Kaifeng Bi, Lingxi Xie, Hengheng Zhang, Xin Chen, Xinlong Gu, and Qi Tian. “Accurate Medium-Range Global Weather
Forecasting with 3D Neural Networks.” Nature 619, no. 7970 (2023): 533-38. https:/doi.org/10.1038/s41586-023-
06185-3

Stephan Rasp, Peter Dueben, Peter Watson, et al. “WeatherBench 2: A Benchmark for the Next Generation of Data-
Driven Global Weather Models.” Journal of Advances in Modeling Earth Systems 16 (2024): e2023MS004019. https://
doi.org/10.1029/2023MS004019

Andrew J. Charlton-Perez et al. “Do Al Models Produce Better Weather Forecasts Than Physics-Based Models? A
Quantitative Evaluation Case Study of Storm Ciardn.” npj Climate and Atmospheric Science 7 (2024): 93. https://doi.
org/10.1038/s41612-024-00638-w; Cheng-Chin Liu et al. “Evaluation of Five Global Al Models for Predicting Weather
in Eastern Asia and the Western Pacific.” npj Climate and Atmospheric Science 7 (2024): 221. https://doi.org/10.1038/
541612-024-00769-0

U.S. Census Bureau. Understanding Disasters Through Federal Data. SEHSD Working Paper 2025-15. Washington, DC:
U.S. Census Bureau, September 22, 2025.

18

FIl Institute | Columbia Climate School

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

APPENDIX

Katie Harron, Chris Dibben, James Boyd, et al. “Challenges in Administrative Data Linkage for Research.” Big Data &
Society 4, no. 2 (2017). https://doi.org/10.1177/2053951717745678

European Commission. Communication on Managing Climate Risks: Protecting People and Prosperity. COM(2024) 91
final. Strasbourg: European Commission, March 12, 2024.

Michael Armbrust, Armando Fox, Rean Griffith, Anthony D. Joseph, Randy Katz, Andy Konwinski, et al. “A View of Cloud
Computing.” Communications of the ACM 53, no. 4 (2010): 50-58. https://doi.org/10.1145/1721654.1721672

Deloitte, Al for Infrastructure Resilience, June, 2025. https:/www.deloitte.com/content/dam/assets-shared/docs/
about/2025/ai-for-infrastructure-resilience.pdf

Lei, Yaguo, Naipeng Li, Liang Guo, Ningbo Li, Tao Yan, and Jing Lin. “Machinery Health Prognostics: A Systematic Review
from Data Acquisition to RUL Prediction.” Mechanical Systems and Signal Processing 104 (2018): 799-834. https://doi.
org/10.1016/j.ymssp.2017.11.016.

Louis-Martin Losier, Rodrigo Fernandes, Paulo Tabarro, and Frank Braunschweig, The Importance of Digital Twins for
Resilient Infrastructure (white paper, Bentley Systems, November 2019

Task Force on Climate-related Financial Disclosures. Recommendations of the Task Force on Climate-related Financial
Disclosures. Basel: Financial Stability Board, 2017. https://www.fsb-tcfd.org/publications/

United Nations Office for Disaster Risk Reduction (UNDRR). Global Assessment Report on Disaster Risk Reduction
2025. Geneva: United Nations Office for Disaster Risk Reduction, 2025.

Susan L. Cutter, Kevin D. Ash, and Christopher T. Emrich. “The Geographies of Community Disaster Resilience.” Global
Environmental Change 65 (2014): https:/doi.org/10.1016/j.gloenvcha.2014.08.005 Get rights and content

David Rolnick and Priya L. Donti. “Al for Climate Change: Opportunities and Challenges.” Nature Climate Change 12
(2022): 518-27. https://doi.org/10.1038/s41558-022-01376-7

Artificial Intelligence for Climate Risk Prediction and Adaptation 19


https://oecd.ai/en/catalogue/tools/petabencanaid-bot
https://www.givedirectly.org/hurricane-relief-2022
https://www.givedirectly.org/hurricane-relief-2022
https://doi.org/10.1038/s41467-019-14108-y
https://doi.org/10.1038/s41467-019-14108-y
https://doi.org/10.1016/j.patter.2021.100205
https://doi.org/10.1016/j.patter.2021.100205
https://hbr.org/2017/07/the-business-of-artificial-intelligence
https://www.munichre.com/en/company/media-relations/media-information-and-corporate-news/media-information/2025/natural-disaster-figures-2024.html
https://www.munichre.com/en/company/media-relations/media-information-and-corporate-news/media-information/2025/natural-disaster-figures-2024.html
https://www.swissre.com/institute/research/sigma-research/sigma-2025-01-natural-catastrophes-trend.html
https://doi.org/10.1126/science.adi2336
https://doi.org/10.1038/s41586-023-06185-3
https://doi.org/10.1038/s41586-023-06185-3
https://doi.org/10.1029/2023MS004019
https://doi.org/10.1029/2023MS004019
https://doi.org/10.1038/s41612-024-00769-0
https://doi.org/10.1038/s41612-024-00769-0
https://doi.org/10.1177/2053951717745678
https://doi.org/10.1145/1721654.1721672
https://www.deloitte.com/content/dam/assets-shared/docs/about/2025/ai-for-infrastructure-resilience.pdf
https://www.deloitte.com/content/dam/assets-shared/docs/about/2025/ai-for-infrastructure-resilience.pdf
https://doi.org/10.1016/j.ymssp.2017.11.016
https://doi.org/10.1016/j.ymssp.2017.11.016
https://www.fsb-tcfd.org/publications/
https://doi.org/10.1016/j.gloenvcha.2014.08.005
https://doi.org/10.1038/s41558-022-01376-7

FUTURE INVESTMENT INITIATIVE (FII) INSTITUTE
e is a global non-profit foundation with an investment

arm and one agenda: Impact on Humanity. Globally
inclusive and driven by data, we foster great minds from around
the world and turn ideas into tangible solutions and actions in four
critical areas: Artificial Intelligence (Al) and Robotics, Education,
Healthcare and Sustainability. We are in the right place at the right
time, when decision-makers, investors and an engaged generation
of youth come together in aspiration, energized and ready for
change.

We harness that energy into three pillars: THINK, XCHANGE,
ACT. Our THINK pillar empowers the world’s brightest minds to
identify technological solutions to the most pressing issues facing
humanity. Our XCHANGE pillar builds inclusive platforms for
international dialogue, knowledge-sharing and partnership. Our
ACT pillar curates and invests directly in the technologies of the
future to secure sustainable real-world solutions. Join us to own,
cocreate and actualize a brighter, more sustainable future for
humanity.

JUNE 2026

THE FIl INSTITUTE

is guided in all it does
by a strong purpose,
vision and mission.

PURPOSE

@ Enabling a brighter
future for humanity

VISION

Bringing together the brightest
& minds and most promising
solutions to serve humanity

MISSION

# Creating a purposeful

present, promising future

FUTURE INVESTMENT INITIATIVE INSTITUTE

PUBLISHER

Future Investment Initiative Institute

3884 Alakheel
District Unit 9

Riyadh 12382 - 6613 Kingdom of Saudi Arabia

CONTACT
For clarifications

and inquiries, kindly email: info@fii-institute.org

FIl Institute | Columbia Climate School




For details on how to become
a member, please visit

fii-institute.org/membership

POWERED BY FOUNDING PARTNER VISION PARTNERS

) Impact itwMl arlig xtx -
F;' AINSTITUTE meect PIF Jliiadi ahg Qramco £/ ADES

STRATEGIC PARTNERS

!w‘a ALAT ay=ijbal ﬁ] % BARCIAYS Brookfield DIRIYAH = EFGHermes ;fa -eﬂlﬁ EMAAR XX BiVASH kLN

gfhoo  cussEnem @ (XIS,  HUMAIN  JINGDONG KAFD  KSIA 48 —~— MARA mineva  mizwio
@ agallasadl O\ walill L iy '.\ RIYADH AIR 5—1%2 el B SE e SAulay

(') MUFG o P Red Sea Global %\\\% Riyad Bank L Sl ol sboydconan ROYAL COMMISSION FOR ALULA 2abia
NEOM 0545 NEW MURABBA Premium Residency ROSHNGROUP. -

o 5 ~ . o > st Y 1STON
odi_liU_u ‘vé # SMBC SNB  SoftBank Vision Fund ‘ § Ee =HREr StC 2, S VEM VISA visioN

f gl 55
uuuuuuuuuu Soudah Development.



