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Overview

* AI2ES: Understanding and evaluating trust in Al forecasts
* What is trust and trustworthiness?

 Why do forecasters to trust Al guidance?
e Storm scale
* Global scale

* Trustworthy Al development lifecycle

* Brightband: Trustworthy forecast verification for global Al models
e Extreme Weather Bench




NSF Al Institute for Research on

Coastal Oceanography (AIZES)

AI2ES is developing novel, physically based Al techniques that are demonstrated to be

trustworthy, and will directly improve prediction, understanding, and communication of high-
impact weather and climate hazards, directly improving climate resiliency.
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(Re) Conceptualizing trustworthy Al: A
foundation for change

Publication

* 1 Wirz, C. D., Demuth, J. L, Bostrom, A, Cains, M. G,, Ebert-Uphoff, |, Gagne II, D. J.,
friian M Bt Schumacher, A, McGovern, A, & Madlambayan, D. (2025). (Re) Conceptualizing
PR R e trustworthy Al: A foundation for change. Artificial Intelligence, 104309.

E] e B https://doi.org/10.1016/j.artint.2025.104309
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“Trustworthy Al” has gained a lot of traction as a frame

Policy

e U.S. executive (Executive Order 14110,

2023; OSTP, 2022) and legislative (GAO,

2021, 2023) branches |
® Organisation for Economic Co-operation Artificial IntSliEREC

and Development (OECD, 2019)

® The High-level Expert Group on Artificial

Intelligence (HLEG, 2019), and the
European Parliament (European
Parliament, 2024)

—OECD.AI Policy. Observatory

Policies, data and analysis for trustworthy artificial intelligence'
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Executive Order 13960 of December 3, 2020

Promoting the Use of Trustworthy Artificial Intelligence in
the Federal Government
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Trustworthy and ethical Al

We invest in the development of Al that is
safe, secure, fair, transparent and
accountable, while ensuring privacy, civil
rights and civil liberties.

Resedrchers

Sousa et al. (2024)
Bostrom et al. (2023)
McGovern et al. (2022)
Jacovi et al. (2021)
Toreini et al. (2020)
Ashoori & Weisz (2019)
Etc.

TRUSTWORTHY. Al m

# Home » STRATEGIC PILLARS » ADVANCING

TRUSTWORTHY Al

ADVANCING TRUSTWORTHY Al

Private sector
(=) Deloitte

Services

Trustworthy AI™

Bridging the ethics gap surrounding Al

As more companies adopt Al, leaders grapple with ett
design and use. Global Al regulations will eventually a
until then the Deloitte Al Institute is working to bridge



“Trustworthy Al” has been used inconsistently and in
some cases problematically

(General) status quo for how “trustworthiness” is conceptualized

- Largely atheoretical ways that vary widely source to source

- Encompasses diverse, ranging set of subdimensions

- Emphasis on model performance but not precise discussions of it
- Tends to refer to “appropriate use”

One set of trust and trustworthiness definitions (of many)

Trust: In the presence of uncertainty, the degree to which someone does or
does not rely on, or put faith in, someone or something.

Trustworthiness: An assessment of whether, why, or to what degree
someone or something should or should not be trusted. (Wirz et al., 2022)




We synthesized different literatures on trust to clear up

the conceptual ambiguity around trustworthiness

Relationships among reviewed trust and trustworthiness literatures

Risk and Trust

Trust in people and institutions
involved in risk management
e.g., Earle & Cvetkovich (1995); Earle
& Siegrist (2008); Poortinga & Pidgeon

Interpersonal Trust (2006)Siegrist (2021)

Trust in other people or
groups of people
e.g., Lewicki et al. (1998); Mayer et al.

(1995); Rotter & Stein (1971);
Rousseau et al., (1998)

Trust in Automation

Trust in an automated
technology

e.g., Dzindolet et al. (2003); Hoff &
Bashir (2015); Lee & See (2004 ); Muir
(1987)

Trustworthy Al

Al worthy of users’ trust

e.g., Ashoori & Weisz, (2019);
Glikson & Woolley (2020); Jacovi et
al. (2021); Toreini et al., 2020




Trust is relational and trustworthiness is perceptual

A B
A subjective evaluation »  Not an objective characteristic
Trustworthiness is the result of an individual’s subjective / |\ Trustworthiness is not an inherent trait of
evaluation and may differ across individuals, as well as ' a model that can be universally defined.
contexts

Al

Trustor not needed
Trustor for trustworthiness

Trustor perceives Trustee

TI‘US’[OI‘ trustworthiness of trustee

Trustee




Al is embedded in interrelated contexts that affect its
perceived trustworthiness

Considerations for use context
* What is the purpose or goal of the

model?
* Will the model provide information Considerations for
or make decis_ions._? _ Use Development development context
7 e e I pleste s . Context Context » What techniques are used?
associated with the model and its * \What data are used and how
?
i lé&:s are they processed?
: AI * How well does the model

perform and verify?
* |s the model interpretable?

Considerations for policy context

' 2

* How can effective standards, . Eiccplamable.
benchmarks, and regulations be Policy '
established for the development and

use of Al? Context

* What does enforcement of such
policies look like?
* Etc.




Conclusion — our reconceptualization of trustworthy Al

Reconceptualization
of Trustworthy Al

Development and
policy efforts that
focus both on Al Trustworthiness is
and its pOtentiql perceptual, the result

O of a trustor’s evaluation

trustors are more , Al

. Trustworthiness

likely to lead to Al Q Trustee
| Trustor

that is deemed ——— Trustworthiness is

context dependent Policy

trustworthy, Context
trUSted’ (o | nd used Perceived trustworthiness and contextual factors

may not be the same across groups or individuals

Use Development
Context Context
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Exploring NWS Forecasters’ Assessment of Al
Guidance Trustworthiness

Publication

¢ Cains, M. G, C. D. Wirz, J. L. Demuth, A. Bostrom, D. J. Gagne, A. McGovern, R. A.
o N PN XL Sobash, and D. Madlambayan, 2024: Exploring NWS Forecasters’ Assessment of
RLTOCL I 36 M LT B L DR 20 K Al Guidance Trustworthiness. Wea. Forecasting, 39, 1219-

@ e S 1241, https://doi.org/10.175/WAF-D-23-0180.1.
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National Weather Service (NWS) Forecasters’
perceptions of Al/ML and its use in operational

forecasting

Publication

R TR Wirz, C. D, Demuth, J. L, Cains, M. G, White, M., Radford, J., & Bostrom, A. (2024).
* National Weather Service (NWS) Forecasters’ Perceptions of Al/ML and Its Use in
R R e Operational Forecasting. Bulletin of the American Meteorological Society, 105(11),
@ E2194-E2215. https://doi.org/10.1175/BAMS-D-24-0044.]
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Interviews to develop fundamental understanding of human
behavior regarding expert decision making and risk assessment

A<§M|

N )

Decrease No impact Increase

e We completed 29 structured interviews with NWS
forecasters (generals, leads, and SOOs) from
around the U.S. October of 2021- July of 2023

e Two sets of interviews one focused on
severe weather (16 forecasters)and the other
on coastal fog (13 forecasters)

o Explored prototype Al/ML guidance for the
respective hazards (severe weather and
coastal fog)

e Two versions of each the interview: 17 mentioned
Al in the interview and 12 did not

Cains et al. (2024)



Despite a range of familiarity with Al/ML, forecasters
are open to using Al/ML tools operationally

SF12: From a standpoint of job security and those
types of things [it’s] kind of a scary thought. But

CF02: | think it's great. 'm glad. It's
obviously the next step in the

: also it's an exciting idea to think about how that
evolution of how we process data.

type of technology may be able to help us.

Highly Open,
supportive * Highly supportive but...
Openness » Generally open
» Open, but...
D * Don’t know much
. : » Some but fuzzy
Don’'t Famlllarlty « Experienced dabbler Formal
ForecaSter » Formal training e o
know much training

CFO1I: | guess I'm just not exposed to it as CFO09: | happened to do machine

much. | don't know exactly what has been learning for my master's degree
machine learning. | really don't — | don't know. |l research. So, I'm relatively familiar with




Although forecasters outlined several potential
positives with Al/ML, they also had important concerns

Specific applications and implications of Al/ML that forecasters discussed

+ Positives - Negatives

e Better-performing and enhanced e Not being able to catch extreme or rare
guidance events given the lack of cases models are

e Bias correction trained on

e Limiting forecasters’ biases e Over-reliance on Al/ML products beyond

e Guidance that continually improves over | their application areas or training data
time as it ‘learns’ from more cases e Lack of hands-on experience

¢ Increased confidence in forecasts and e Might be too black-boxed for some to feel
improvements in their ability to message | confident using
that would come with better and more e Replacing or removing forecasters from
efficient guidance the forecasting process




Forecasters expressed a widespread and deep
commitment to the best possible forecasts and services

to uphold the agency mission

Commitment the to NWS mission
Providing the best possible forecasts and services

SF12: “The mission of the National Weather Service is to save lives and
protect property, and | think all of us who take that mission to heart, we
really do want to message our forecast with confidence, especially
leading up to these higher-impact events so that people will take
action.

So if there’s any advantage from new technology, with Al and others,
then certainly | am all in favor of that because we want the public to
be more confident in our forecast, not less confident. [..] And so with
that | say I'm all in favor of ways that we can improve, and Al seems to
be a very good possibility to get there.”



Forecasters are generally open to, and sometimes excited
about, using Al/ML guidance, if it helps them improve

products and services
Commitment the to NWS mission

Providing the best possible forecasts and services
Q « Don’t know much
1H - » Some but fuzzy
FOI'ecaSter Famlllarlty » Experienced dabbler

Formal training
Al/ML products are considered alongside other products as “another tool in the toolkit” that may guide their decision making

« Highly supportive

Openness Generally open

Open, buit...

Although some forecasters see Al/ML products as the Forecasters preferred “machine learning”
exciting cutting edge of science, others care little of il over “artificial intelligence” and that labeling

the development approach and more about how a product as being Al/ML did not hurt but
well the product verifies and helps them do their job. il made some more excited




When looking across all of the data (survey, interview, think aloud):

NWS forecasters’ development of
trust in Al guidance is a
deliberative, dynamic process.
Assessments of Al guidance
trustworthiness result from
iterative, intentional
engagements with the guidance.

We saw three phases in which forecasters
evaluate new guidance in different ways:

initial exposure and orientation to new
guidance,

2. further familiarization with new guidance
through non-operational information-
seeking and interrogation, and

3. operational experience through real-time
observation of guidance and potentially
use of it for forecasting.

Phases may overlap and are not necessarily
a linear progression; each a key part of how
forecasters assess trustworthiness.

w—
.



An Assessment of How Domain Experts
Evaluate Machine Learning in Operational
Meteorology

Publication

E;§§:::' : ¢ Harrison, D. R.,, A. McGovern, C. D. Karstens, A. Bostrom, J. L. Demuth, I. L. Jirak, and
U AL B . 8t P. T. Marsh, 2025: An Assessment of How Domain Experts Evaluate Machine

: E::-,,:-,::E, o3, Gegiitelt Learning in Operational Meteorology. Wea. Forecasting, 40, 393-
@ R I N 410, https:/[doi.org/10.1175/WAF-D-24-0144..
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An Assessment of How Domain Experts Evaluate
Machine Learning in Operational Meteorology

* Research questions:

* What factors influence a domain expert’s decision to trust and
implement new products and technologies in their daily
procedures?

* Do these factors differ between Al/ML-derived products and
products designed via more traditional methods?
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! No. of Percent of

Background respondents respondents (%)
A r 0 a C h Operational forecaster 36 34
p p Researcher 38 %
Academic faculty/staff 16 15

Survey of participants in the 2021 NOAA Sudents = 3
Hazardous Weather Testbed

* 133 forecasters, researchers, and students over

5 weeks
How frequently respondents utilize probabilistic How knowledgable respondents are about
(a) forecast products (b) ML techniques
60 90
B Never mm Not knowledgeable at all
B Once a week g0+ HEE Not very knowledgeable
504 -3 times a week mmm Somewhat knowledgeable
4.6 times a week 70, EEE Very knowledgeable
= mm Daily = mmm Extremely knowledgeable
— 40+ =~ 60
a o
c £
§ {% 50 1
& 30+ i
5 5 40
= =
1 w
& 201 £ 301
& a
20
101
10 1

All Forecasters Researchers Academics Other . All Forecasters Researchers Academics Other



Q4 - Relative Importance When Evaluating a New Forecast Product
The UNIVERSITY of OKLAHOMA

Knowledge of the product’s Mean = 4.40
limitations and possible failure 4 Median = 4.0
conditions
Wh | [ h
e n eva u a t I n g OW Timeliness and ava“ab]llty of the | Mean = 4.16
product Median = 4.0
I Statistical verification of the | Mean = 4.00
product Median = 4.0
might be to your
Performance of the product in case | Mean = 3.81
I f t e studies Median = 4.0
e Knowledge of how the probabilistic | Mean = 3.79
process how im portant
. How closely the variables used as
input to the product align with | Mean = 3.62
are each of the followin
knowledge
? Mean = 3.38
a C O rs ° Use by other experts in your field Median = 3.0
How closely the probabilistic Mean = 3.21
output aligns with human-generated Median = 3.0
forecasts
Previous experience evaluating Mean = 3.03
experimental versions oL thr-i Median = 3.0
produc
Previous experience with the Mean = 2.45
developers of the product Median = 2.0

[
[
[ =

3 4
Less Important  More Important
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How does this
change for ML versus
traditional products?

(a)

— All Participants —

Enowledge of the product™s
limitations and possible failure 1
conditions

Timeeliness and availability of the |
pradust

Seatestical wenfic yieon of fhe

m Hon-ML
L

product

Performance of the product in case

sbipdies

Knowiledge of how the probabilistc |
aulpt is derived

How closely the varables used as
input ta the prodisct align with |
tradificnal metecralogical
knowledge:

Use by other experts in your field

o clotily the probabilicts
olput algns with human-generated
forecasts

Previous expernience svaluating
eaperimental versions of the

product

Preswious experience with the
dewvelopers of the product

Hon-HL Hean = 4480
ML Mean = 448

Mon-Hil, Haan = 415
ML Mean = 4.0%

Hon-HL Hean = 300
ML Masn = 4,13

Man-L Hean = 381
ML Mepan = .08

Hon-HL Haan = 1.T9
ML Mean = 3. 84

Hon-HiL Heomn = 362
ML Mgan = 3,64

Hen-kL Hesn = 350
ML Mean = 5.2%

Haon-HL, Hasn = 171
ML Mean = 3.3

Hon-HL Maan = 3.0
ML Mesn = },07

Heon-L Hean = 245
ML Mean = 7,54

i
Less Important

LA o

More bmpartant
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Perceptions and Performance of
Global Al Models in the 2024

Hazardous Weather Testbed

Maria Madsen'-2, David Harrison?#>, Michael Baldwin*>, Adam Clark>®,
Joseph Ripberger?, Sean Ernst**, Amy McGovern!-?, and Aaron Hill!-?

INSF AI Institute for Research on Trustworthy Al in Weather, Climate, and Coastal Oceanography, University of Oklahoma
2School of Meteorology, University of Oklahoma
3University of Oklahoma Institute for Public Policy Research and Analysis
4Cooperative Institute for Severe and High-Impact Weather Research and Operations, University of Oklahoma
SNOAA/NWS/Storm Prediction Center
NOAA/OAR/National Severe Storms Laboratory
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Background

* Interested in measuring accuracy, reliability, and gaps in model
performance versus perception of global Al models

Research Questions:

1. Can global Al models provide value at medium-range timescales?

2. Isthere a gap between Al model performance and the perception of
performance by end users?

3. Isthere a difference in perception between operational forecasters and
researchers/model developers?

4. What aspects do users find most important for global Al models?



HWT 2024 Design

2024 HWT Spring Forecasting
Experiment held April 29-May 31

* New participants each week

e Each Al model run experimentally at
the Cooperative Institute for Research
in the Atmosphere (CIRA)

* GraphCast
* PanguWeather
* FourCastNet v2

* |nitialized using GFS initial conditions

HOME ABOUT HWT FORECAST PROGRAM WARNING PROGRAM PUBLICAT

Al models compared against GFS

2024 Home Model Comparisons Experimental Outlooks File Status Plans and Reports



HWT 2024 Design
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* Projected fields for day 7 (F156-180)
for previous day evaluation
* 500 mb wind & geopotential heights
* 850 mb wind & geopotential heights

* 2-m temperature
* 6-h QPF (GraphCast only)

 Participants focused on area of severe
weather


https://hwt.nssl.noaa.gov/sfe_viewer/2024/ai/

Subjective Results

Compared to GFS Analysis at Day

7 lead times:

e GFS rated the highest on average

* GraphCast rated statistically similar
to GFS (at 95% confidence interval)

e Pangu and FourCastNet v2 rated
statistically lower than GFS

Subjective Score (Higher is Better)

10

00z Day 7 Al-Generated Global NWP Emulators

ount = 143 Co = 143 Co = 144
=6 475 = 5. 818 = 5. 403
di M dl M dl

= 144
= 5.104
ldi =5.0

zZn
3
B¢

Qm

GFS GraphCast FourCastNet V2




Subjective Results

00z Day 7 Al-Generated NWS Emulators

 GFS rated the best model on 11 of - gs;:@st
20 dayS 101 B FourCastNet V2
mmm GFS

* GraphCast rated the best on 4 days

* No clear winner among Al models

Number of Places

* Pangu rated the worst model less
often than the other Al models

First Second Third Fourth



00z Day 7 Al-Generated Global NWP Emulators

I Forecasters (62)
B Researchers (82)

Forecasters Mean = 6.46

Researchers Mean = 6.50

Subjective Results

e GFS rated the best model &
GraphCast the best Al model
for both forecasters & non-
forecasters

Forecasters Mean = 5.85

GraphCast -
Researchers Mean = 5.82

* Slight differences in Pangu
and FourCastNet v2 rangy
between the two groups

Forecasters Mean = 5.31

Forecasters Mean = 4.90

FourCastNet V2
Researchers Mean = 5.26

5 6 7 8 9 10
Subjective Score (Higher is Better)

1 2 3 4



Factors that Impact Trust in Global Al Models

for other factors

I Forecasters
5.01 [T Researchers
e Recommendation was more N
important for researchers &
model developers 401
3.51
* Knowing the developers was £
least important for both
groups
2.0 1
1.51
* Similar levels of importance
1.0
(\8}\0(\ \)ob\éo ‘{\\o&v Q'}é@eb Q,+Q\°& \\éoq'b@

() Q R < o ()
& $ N & < Q
ES & © N & &

Q@Q < Q/\\Q’Q &
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Global Al Model Trust Conclusions

* Although the GFS was rated the highest among participants, GraphCast had the
highest Al model subjective rating

* The “best” Al model varied considerably from day-to-day
* Al models showed less run-to-run and day-to-day consistency than the GFS

* Subjective ratings preferred GFS more often than objective ratings
* Participants likely prefer more realistic detail in GFS

* The least important factor for Al trust was knowing developers, whereas the
other factors were similarly important

* Participants impressed by current state of models, but indicated there’s still work
to do before they’re ready for operations
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’f Storm
Prediction

Center

Norman, Okiahoma

Leveraging Co-Production to Bridge
Research and Operations in Operational

Meteorology

Harrison, D. R., A. McGovern, C. D. Karstens, A. Bostrom, I. L. Jirak, and P. T. Marsh,
2025: Leveraging Co-Production to Bridge Research and Operations in
Operational Meteorology. To appear in Weather and Forecasting,
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Development is Non-linear

* Existing R20 procedures assume development is linear
 Modern development cycles are recursive

* Products may occupy multiple readiness levels simultaneously
* This non-linearity is difficult to define in existing processes

* Revisiting an earlier stage of development may be viewed as
backwards or negative progress — potentially disincentivizes iterative
development
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A New R20 Model

* Adapted from NOAA’s RLs, Hoffman’s
Practitioner’s Cycles, and modern co-
production philosophies

* Main goals:

* Allow for and encourage iterative
product development

* Require coordination and collaboration
with end users throughout the
development cycle

* Project maturity is defined by what goals
have been met, rather than what tasks
are currently being performed

Identify additional
collaborators

Production reveals
new challenges

Evaluation reveals
issues in how the
product is presented
to end users

Imtlatmg Phase
Is co-production the best strategy?

* Who are the end users?

» Developers familiarize with end users’ procedures

* Developers collaborate with end users to identify
their requirements and desirements

* Developers and end users identify potential
collaboration limitations and possible workarounds

Design Phase

* Developers and end users collaboratively identify
solutions to desirements that are compatible with
requirements

» Developers and end users collaboratively plan what
features will be included

Producnon Phase
* Developers perform research and programming to
realize project designs

* End users provide feedback and domain expertise

during production

Distribution Phase

» How will the product be presented to end users?

* Developers collaborate with end users to integrate
mto existing systems

* Developers implement intuitive interfaces

» Developers and end users participate in testbeds
* Developers train end users on new features

Evaluation Phase

* End users assess performance and usability of
product or system

* Developers assess statistical performance metrics
and computational resource performance

* End users identify if project goals have been met

within requirements

Deployment Phase
* Developers optimize operation costs

* Developers create technical documentation in
preparation for handoff to operational agency

» Developers and end users collaborate to develop
training material

» Developers and end users promote the new product

and assist in its deployment within the operational
agency

Evaluation reveals new
problems, challenges, and
feature requests
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1. Initiating Phase

* Co-production: A collaborative process that Initiating Phase
provides a service or product via an equal, + Ts co-production the best strategy?
reciprocal relationship between developers . Who f‘;;;rh;fgﬁ;;;gfjwim end users” procedues
dan d en d users » Developers collaborate with end users to identify

their requirements and desirements

* End user should be an ally and resource of  Developers and end users identify potential

t h e d eve I 0O p ment p rocess collaboration limitations and possible workarounds
Identify additional

e Co-production may not always be the best  collaborators v

st rategy Design Phase

* Research that challenges operational norms
may benefit from first deveI0||oing proof of
concepts and testing an initial prototype before
engaging with operational end users

* Security requirements, data accessibility, and
technical limitations may reduce the
effectiveness of collaboration
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1. Initiating Phase

* Developers should become familiar with
operational workflows and procedures (shadow
a shift, take forecaster training, etc.)

* Forecasters should use this opportunity to
describe what the proposed project must do to
be useful (requirements) and what they would
like it to do if possible (desirements).

 |deally, one or two forecasters could sponsor a
research project and commit to providin
regular feedback throughout the project’s
development

 Finally, identify any limitations to the
collaborative development and begin looking
for possible workarounds

Identify additional
collaborators

Initiating Phase

» Is co-production the best strategy?

» Who are the end users?

» Developers familiarize with end users’ procedures

» Developers collaborate with end users to identify
their requirements and desirements

» Developers and end users identify potential
collaboration limitations and possible workarounds

v

Design Phase
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2. Design Phase

Imtlatmg Phase
Is co-production the best strategy?
: D eve | 0 p €rsan d fo reca Ste rs wor k : gﬁfif;;;iele?mdﬂ?;;f;with end users’ procedures
togEt h er tO d Efl ne t h e goa | S Of t h e » Developers collaborate with end users to identify
heir requirements and desirements
d eve | (0) p me nt an d d rou g h p | dan Of h ow . ;)evelogers and :,nd users identif; potential
1 collaboration limitations and possible workarounds
to accompl ISh them Identify additional
* Goals should incorporate as many collaborators \
forecaster desirements as possible, but Design Phase
requirements must be given priority D e e
. . . _ requirements
° Th IS p rocess IS recurs |Ve’ an d ad d d Itiona | . ngeloperfs and end users collaboratively plan what
requirements and desirements will be ;. cionreveats featuves willbe Included
identified as development progresses. e challenges 4

Project goals and development plans Production Phase
should update accordingly.
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3. Production Phase

* Developers produce a mockup,
prototype, or deployable system.

* Generally less collaboration required at ;. ion revets

this stage, but regular progress updates new challenges
are recommended

* Developers may use this phase to
familiarize forecasters with
development techniques (e.g.,
machine learning)

* Forecasters may also guide or lead
research activities that fall within
their domain expertise as time and
resources allow

\

Design Phase

Developers and end users collaboratively identify
solutions to desirements that are compatible with
requirements

» Developers and end users collaboratively plan what
features will be included

Production Phase

» Developers perform research and programming to
realize project designs

* End users provide feedback and domain expertise

during production

Distribution Phase
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Built-in Recursion

* Developers and forecasters may decide
they need additional domain expertise
during the design phase.

* Technical or scientific limitations may arise
during the production phase that requires
changes to project goals established in the
design phase

e Forecasters and developers may identify
interface or dataflow issues during
evaluation that require modifications to
how the product is presented

* Evaluation reveals performance issues, new
desirements, and new requirements which
are addressed in the next product iteration

Initiating Phase

» Is co-production the best strategy?

* Who are the end users?

» Developers familiarize with end users’ procedures
* Developers collaborate with end users to identify

Identify additional
collaborators

their requirements and desirements
lopers and end users identify potential

collaByation limitations and possible workarounds

) g

Degsigh Phase

* Developers and end users collaboratively identify
solutions to desirements that are compatible with
requirements

Production reveals
new challenges

elopers and end users collaboratively plan what
fea will be included

ProgdafCtion Phase

evelopers perform research and programming to

realize project designs
* End users provide feedback and domain expertise

™~

/

during production

Evaluation reveals new
problems, challenges, and

Distribution Phase

» How will the product be presented to end users?

* Developers collaborate with end users to integrate
mto existing systems

Evaluation reveals
issues in how the
product is presented
to end users

» Developers implement intuitive interfaces
lopers and end users participate in testbeds

* DeveNers train end users on new features

feature requests y

) ¥

Mwion Phase
End users assess performance and usability of

product or system

* Developers assess statistical performance metrics
and computational resource performance

* End users identify if project goals have been met

within requirements

Deployment Phase

* Developers optimize operation costs

* Developers create technical documentation in
preparation for handoff to operational agency

» Developers and end users collaborate to develop
training material

» Developers and end users promote the new product

and assist in its deployment within the operational
agency
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Overview

* AI2ES: Understanding and evaluating trust in Al forecasts
* What is trust and trustworthiness?

 Why do forecasters to trust Al guidance?
e Storm scale
* Global scale

* Trustworthy Al development lifecycle

 Brightband: Trustworthy forecast verification for global Al models
* Extreme Weather Bench




Extreme Weather Bench

Amy McGovern

Daniel Rothenberg

Taylor Mandelbaum
Nicholas Loveday, BoM
Linus Magnusson, ECMWEF
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Brightband Mission

Make Al weather forecasting tools available to all, to
help humanity adapt to increasingly extreme weather

.Building an end-to-end probabilistic forecasting system

Open-sourcing benchmark datasets, models and metrics to
spur innovation in Al weather forecasting

.AI weather forecasting tools to all



Extreme Weather Bench (EWB)

 Standardized set of global high-impact weather events, data, metrics
and code
e Evaluate both across events and dive deeply into an event or set of events

* EWB provides
* Information about the event
» Data (observations if available)
e Standard impact-based metrics

* Community driven
* We want community input, feedback, new data, case studies, and metrics!



EWB Case Studies

ExtremeWeatherBench Heat Wave, Freeze, and Severe Convective Cases
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Coming soon: Tropical cyclones and atmospheric rivers



EWB observations (heat/cold only)

Global Distribution of Weather Stations by Case ID
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Example: ERA-5 versus point observations
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Temperature (C)

EWB Example: 2021 Pacific Northwest
(PNW) Heat Wave

Heatwave Event vs 85th Percentile Climatology Event ID 1: 2m Temperature, 2021-06-29 00z
|
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EWB Example: 2021 PNW Heat Wave

2021 PNW Event: Regional RMSE
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Pangu FCN v2

GC-Op

EWB Example: 2021 PNW Heat Wave

PNW 2021 Event: MAE of Maximum Temperature (°C)
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EWB Example: 2021 PNW Heat Wave

PNW 2021 Event: MAE of Highest Minimum Temperature (°C)
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Al for Weather is Transformational

We need a strong focus on ensuring the Al we
create for weather is trustworthy, ethical, and
responsible.

This material is based upon work supported by
the U.S. National Science Foundation under P\ e
Grant No. RISE-2019758. \

Publication QR codes:
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