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WHERE IS DATA NORMALLY SLOTTED IN THE DECISION-
MAKING PROCESS?
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DATA FOR DECISIONS

What you
need to

know about
the system

* Frame

* Trigger

* Alternatives

* Objective Weights
* Value of Additional

nformation " Are there other ;
ways decision- P

makers use data?
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THE CHALLENGE

CHAINSAWSUIT.COM

1've heacd the
rhetoric rom both
sides... hime to do
My own research on

the real truth

\
.\ﬁ

a USGS

science for a changing world

\

G()()gic “‘c"‘y debated topic ! C

Found 80,000 results

Literally the first link that
agrees with what you
already believe

Completely supports your viewpoint
without challenging it in any way

Another link

AT U RTI VLT R RPN

... jackpot
\

/

Kris Straub (2014), Chainsawsuit
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There are known knowns; there are
things we know we know. We also know
there are known unknowns; that is to
say we know there are some things we

do not know. But there are also
unknown unknowns - the ones we don't
know we don't know.

Denald Rumsteld
AZQUOTES

www.azquotes.com/quote /254214

SURVIVORSHIP BIAS

PeoPLE ARE BirsED TowAeD
\WHKT THEY SEE.

s Lems peirrce
WHRERE \SE SEE HALES .

AnD EASILY DISCARD WHAT
THEY Do WOT SEE.

l - ACTUALLY, LET'S

ReinFolcE WHERE
wWE Do PiT See Houes !
—

ADVENTURES |9 LIFE!
L 5P

https:/ /www.levelupfun.com/articles /survivorship-bias


https://chainsawsuit.krisstraub.com/20140916.shtml

OBSERVE

DELIVER UNDERSTAND

PREDICT

J IWS Basins: Observe, Understand, Predict, and Deliver | U.S. Geological Survey (usgs.gov

, PG

U.S. Geological Survey Water Science Strategy— .| Circular 1383-G ;{ —
Observing, Understanding, Predicting, and s & ¥ = S o
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https://www.usgs.gov/media/images/iws-basins-observe-understand-predict-and-deliver
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Wated-Quality Trends ia the Nation's Rivers and Streams.
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4 A Map layers can be toggled
8 uq".“n foll on or off from the Layers menu.
1 4 v g |«
o i Streams: Flow
View over 13,000 USGS feal-timé stream, lake, . i= Legend [@)
reservoir, precipitation, water quality, & @ 0 cubic feet per secc

groundwater stations in context with .

current weather & hazard conditions. ¥
Detailed map symbology is used _
Data are refreshed every minute. to quickly & clearly convey conditions. i

>0- 10 cubic feet per second

USGS | National Wi

(withdrawals, million gallons per day)

Thermoelectric 132,944
U.S. Water Use, 2015  [lrigation 118,131

Public supply 38,999

Other 16,808
14,788

 Industrial
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https://dashboard.waterdata.usgs.gov/app/nwd/en/?aoi=default
https://labs.waterdata.usgs.gov/visualizations/water-use-15/index.html

2009 SECURE Water Act

PL111-11 Section 9508

CONSENUS STUD REPORT TO evaluate:

sawaia » The status of water resources in

i PRIORITIES FOR -
s — S ¢ et | the United States

Directions for the

et « The quantity of water available

YOU BETTER
CSTART SWIMMIN’ » The quality of water available

OR YOU'LL SINK | L+ Long-term trends in water

LIKE A STONE ‘\ z availability

FOR THE TIMES e
THEY ARE A-CHANGIN And ultimately, to forecast water

808 DYLAN availability for fu.ture economic,
energy, and environmental uses
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7-day Forecast
Issued on Sep 30, 2023

Bridgeville

aquatic ecosystem U)n(,lllons erl

scientific models.

Natlonal Modeled Water Atlas

The National Modeled Water Atlas (NMWA) is a cengrali NA |
real-time data delivery syst er V‘ S

NOTHOR

| D\STR\BUT\ON OR C\TAE

Delaware River Basin Stream Temperature Forecasts

Using Artificial Intelligence to

Help Protect Trout and Drinking
Water Supplies | U.S.
Geological Survey (usgs.gov)

Hancock Lordville

(withdrawals, million gallons per day)

Thermoelectric 132,944

U.S. Water Use, 2015  [liffigation 18131
Public supply 38,999

Other 16,808

Stream Temperature Forecasts
for Sites in the Delaware River
< Estimated o o .
maximum Basin - Delaware River Basin
temperature
Stream Temperature Forecasts

90% CI
‘USgS.gOV[

Public Supply Withdrawals Water-Use Model

Overview
Data Access

Sector
Data from the most current model version can be accessed through the Data Download and Web Service URL Generation Tool via the button below. -
WATER USE

-
Release Information
T Release Status

Descri ption N O Formally published or released
Y S \ O N ate Frequency
Summary Q ( > Nual
This dataset centalns e arR r withdrawn for public supply each month overthe penod fro 0-2 rall Jo-digit EI Fk un fai ’
of Subwatersheds (HUC12) in the conterminous Unlted States (CONUS! @ this d set ol istorical information Originator
wa sumptlon

r: , geographic, and social variables. U.S. Geological Survey
License

and an array of different laclorslhal driy, d wal inc d|
Ultimate concepts wnll l eriel), wi
Technical Descn

Anational data-driven public supply water use model was developed using a complex array of driving factors that include hydroclimatic, demographic, Full Data Access
Open File Browser

INFO TO BE ADDED

economic, geographic, and social factors. The public supply water use model predicts annual and monthly public supply withdrawals. Historic water use data
was compiled for the period 2000-2020 and combined with explanatory factors at different temporal scales (annual, monthly, and daily) to train and validate a

national-scale machme Ieammg model. The water use model was developed usmg the XGBOOST machine leammg Ilbravy (Chen and Gues(nn 2016} and was Temporal Information
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https://www.usgs.gov/special-topics/year-of-open-science/news/using-artificial-intelligence-help-protect-trout-and
https://www.usgs.gov/special-topics/year-of-open-science/news/using-artificial-intelligence-help-protect-trout-and
https://www.usgs.gov/special-topics/year-of-open-science/news/using-artificial-intelligence-help-protect-trout-and
https://www.usgs.gov/special-topics/year-of-open-science/news/using-artificial-intelligence-help-protect-trout-and
https://labs.waterdata.usgs.gov/water-temperature-forecasts/DRB/2023/index.html
https://labs.waterdata.usgs.gov/water-temperature-forecasts/DRB/2023/index.html
https://labs.waterdata.usgs.gov/water-temperature-forecasts/DRB/2023/index.html
https://labs.waterdata.usgs.gov/water-temperature-forecasts/DRB/2023/index.html
https://labs.waterdata.usgs.gov/water-temperature-forecasts/DRB/2023/index.html

Al/ML COMPLIMENTS OTHER MODELING FRAMEWORKS

prediction,
or distillation
Project future
lake CO, emissions

https:/ /labs.waterdata.

usgs.gov/visualizations/

temperature-prediction

\V

Predict discharge
in ungaged basins
Training data
® 100%

0 01% Hindcast water

Forecast chlorophyll-a
temperature

concentrations

are Understood and Parameterized

Quantify lake ice Downscale
duration from satellites precipitation

Processes

Describe phenology

of ecosystem production
Forecast algal

) : Classify fish species
toxin production

- in photographs
Root mean square error (RMSE) : ANN + time + space + physics
Figures by H. Corson-Dosch; data from Jia et al. 2021 Data are Abundant

From Appling et al. 2022

Empirical, Artificial Neural

E-l/ﬂ’ Deterministic Networks
Design Discovery
a USGS

science for a changing world PRELIMINARY INFORMATION — SUBJECT TO REVISION. NOT FOR CITATION OR DISTRIBUTION From Appling et al. 2022
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https://www.sciencedirect.com/science/article/abs/pii/B9780128191668001213?via%3Dihub
https://labs.waterdata.usgs.gov/visualizations/temperature-prediction/index.html
https://labs.waterdata.usgs.gov/visualizations/temperature-prediction/index.html
https://labs.waterdata.usgs.gov/visualizations/temperature-prediction/index.html
https://www.sciencedirect.com/science/article/abs/pii/B9780128191668001213?via%3Dihub

istockphoto.com

a USGS
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3 KEY QUALITIES OF DECISION-AGNOSTIC DATA

1. RELIABLE

/ 2. USEFUL

3 ENHANCE

'S INER DR [ 6
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ENSURING BEST PRACTICES FROM DEVELOPMENT TO DELIf=

% USGS Celebrates the Year of Open Science

E Machine Learning (ML) Working Group

Machine Learning Best Practices Framework

Analyze ] Preserve ] Publish/Share ]

J J J J

Describe (metadata, documentation)

I Plan JI AcquirelI {Process

Manage quality

Backup and secure

We are organizing our best practices Into the data lifecycle categories.
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Theory-based Models

Use of Scientific Knowledge

systems unde

O

Learning Predictions of

Black box models ignore E 3
ctanding | Machine learning models

Process models often leave
information on the table PreC|p|tatlon

r'd

Process-guided Solar
Data Science Models radiation

Use of Data

Shade

https: //labs.waterdata.usgs.gov /visualizations /
temperature-prediction

N

Figures by H. Corson-Dosch; data from Jia et al. 2021

Test RMSE (°C)
w

Process-

D - i i
P Guided Deep Learning model “learns” physics

Lea rning Deep

Iy

/ Process-Guided Deep

Lake Water Temperature

Process-

Learning through pre-training with

- Read - 2019 - Water

Based

Resources Research -
Wiley Online Library

science for a changing world

thermodynamic model predictions

Process:
Based
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https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2019WR024922
https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2019WR024922
https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2019WR024922
https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2019WR024922
https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2019WR024922
https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2019WR024922
https://labs.waterdata.usgs.gov/visualizations/temperature-prediction/index.html
https://labs.waterdata.usgs.gov/visualizations/temperature-prediction/index.html
https://www.usgs.gov/mission-areas/water-resources/science/data-science-water-resources
https://www.usgs.gov/mission-areas/water-resources/science/data-science-water-resources
https://www.usgs.gov/mission-areas/water-resources/science/data-science-water-resources
https://www.usgs.gov/mission-areas/water-resources/science/data-science-water-resources
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Drought Pre
Water Availability

A Report on the

. 2022 USGS-NIDIS National

O Listening Session Series
"\

diction and

WHO NEEDS WHAT DATA IN WHAT FORMAT TO MAKE WHAT DEC, ‘

"JI’

Model Development Project J— - —.._ National Modeled Water Atlas Delivery ’

" User input on
modeled data
needs helps
modelers prioritize
development

£ Water %,
i Quality

User engagement and usability
testing inform functionality of
front-end platform and
necessary postprocessing steps

Data processing Data post- Front-end User
pipeline and data processing Platform (API, data
storage portal, interactive
- map)

Operational user needs inform architecture Py
for processing pipeline and data storage |

Model Application Project

JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION
AMERICAN WATER RESOURCES ASSOCIATION
Drought Prediction and Water

Availability: A Report on the 2022
USGS-NIDIS National Listening

Session Series | Drought.gov

Stakeholder Engagement to Guide Decision-Relevant Water Data Delivery

Diana L. Restrepo-Osorio (), Amanda D. Stoltz, and Nicole M. Herman-Mercer

Stakeholder Engagement to Guide Decision-Relevant Water Data Delivery (wiley.com)

LR R i il PRELIMINARY INFORMATION — SUBJECT TO REVISION. NOT FOR CITATION OR DISTRIBUTION



https://www.drought.gov/documents/drought-prediction-and-water-availability-report-2022-usgs-nidis-national-listening
https://www.drought.gov/documents/drought-prediction-and-water-availability-report-2022-usgs-nidis-national-listening
https://www.drought.gov/documents/drought-prediction-and-water-availability-report-2022-usgs-nidis-national-listening
https://www.drought.gov/documents/drought-prediction-and-water-availability-report-2022-usgs-nidis-national-listening
https://onlinelibrary.wiley.com/doi/epdf/10.1111/1752-1688.13055
https://www.usgs.gov/nwc
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Science of The Total Environment
Volume 807, Part 3, 10 February 2022, 151065

MACHINE

Machine learning predictions of nitrate in s N o LEARNING
groundwater used for drinking supply in the . ¢ o
‘ conterminous United States

K.M. Ransom © © =, B.T. Nolan ®, PE. Stackelberg ©, K. Belitz 4 M.S. Fram °

4 185,547 \akes
with Aatren fov 1980 - 2020

N e learning predictions of nitrate in groundwater used for
- drinking supply in the conterminous United States - ScienceDirect

LIMNOLOGY AND OCEANOGRAPHY A s. n

LETTERS AsLo

Open Access

40NLILYT

Data Article = © OpenAccess (& @

Daily surface temperatures for 185,549 lakes in the
conterminous United States estimated using deep learning
(1980-2020)

ERA5/FLake LM observed surface temp Jared D. Willard 2% Jordan S. Read, Simon Topp, Gretchen J. A. Hansen, Vipin Kumar

\ (/‘ rve:lﬁd- Prowa 12,227 lakes First published: 17 March 2022 | https://doi.org/10.1002/1012.10249 | Citations: 5

N )

l comMpare ) g i i " 5

to dbservations Daily surface temperatures for 185,549 lakes in the conterminous United States estimated using deep

learning (1980—2020) - Willard - 2022 - Limnology and Oceanography Letters - Wiley Online Library

compare
to other madels

e continuous surface temp B

PRELIMINARY INFORMATION — SUBJECT TO REVISION. NOT FOR CITATION OR DISTRIBUTION



https://www.sciencedirect.com/science/article/pii/S004896972106143X?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S004896972106143X?via%3Dihub
https://aslopubs.onlinelibrary.wiley.com/doi/full/10.1002/lol2.10249
https://aslopubs.onlinelibrary.wiley.com/doi/full/10.1002/lol2.10249

USGSVizlab

water data visualizations

Counts of bottling facilitiesin Texas - by county
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Number of Lacibties v’.
J’ b S .

Water bottling across the Five droughts that What is streamflow
U.S. changed history drought?

o A8
v le

The Water Cycle

=l =3

https: / /labs.waterdata.usgs.gov/visualiations

ZUSGS
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https://labs.waterdata.usgs.gov/visualizations/index.html

INTERDISCIPLINARY APPROACHES TO COMPLEX SYSTEMS

Modeling
and
Machine
Learning

Hydrology

Information
Technology
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Population Drivers:
Population size, growth,
and urbanization

Economic Drivers:
Median household
income, water pricing
structures, poverty

Housing Drivers: Tenure,
tourism, household size,
age of home, outdoor
features

-

-

N <

Educational Drivers:
Educational attainment,
conservation education

o O

s

/o

Socio-Cultural Drivers:
Age, native language,
race /ethnicity,
institutional trust

From “Water-Use Data Ga

lllustration by

public-supply water-use category

Millie von Platen,
Vox 2023

Political Drivers: Political

affiliation, regulation

Figure 2. Socioeconomic drivers found in the data-gap analysis that may improve the assessment of the

Analysis,” USGS GeoNarrative

HISTICATED MODELING APPROACHES TO COMPLEX

Septembel’ 297 2023
Forecast day g

to see a graph of streamflow percentile for the last year.

o

- :
[ > E o °
.

Drought conditions at PARIA RIVER
AT LEES FERRY, AZ

New

Streamtlow Percentile

Intothe future  @aalinaa

‘)..%WB'. "

Interactive Map of Colorado River Basin Drought—Forecasts

o
Lo o -

You are viewing a map of the streamflow percentile for Friday, September 29, 2023. This is a placeholder for drought forecasts. You can click on a point below

Current Drought Status

© Not in drought

© Moderate Drought

® Severe Drought
o ® Extreme Drought

Colorado River Basin Drought Forecasts - Interactive Map of Colorado River Basin

Drought Forecasts (usgs.gov), Internal Only

Overall Vulnerability

CDC Socidl
Vulnerability

Socioeconomic
Status

Household
Characteristics

Racial & Ethnic
Minority Status

U

Housing Type &
Transportation

Index, 2020
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Below 150% Poverty
Unemployed
Housing Cost Burden
No High School Diploma
No Health Insurance

Aged 65 & Older
Aged 17 & Younger
Civilian with a Disability
Single-Parent Households

ey P

guage ¥

Hispanic or Latino (of any race)
Black or African American, Not Hispanic or Latino
Asian, Not Hispanic or Latino
American Indian or Alaska Native, Not Hispanic or Latino
Native Hawaiian or Pacific Islander, Not Hispanic or Latino
Two or More Races, Not Hispanic or Latino
Other Races, Not Hispanic or Latino

Multi-Unit Structures
Mobile Homes
Crowding
No Vehicle
Group Quarters


https://www.vox.com/the-highlight/23658977/colorado-river-drought-lake-mead-wildlife-fish-birds
https://geonarrative.usgs.gov/waterusedatagapanalysis/

Cassie Kozyrkov,
Decision Scientist

New pathways to understanding
made possible by machine learning

Observe —— ——————— Predict

|

\
\
\

Traditional ~ \ ' | Traditional \
pathways to \ pathways to \
understanding, S understanding, A
with or without \\\ ~~ Distill with or without \\\ _~Distill
machine learning machine learning

Understand Understand
Figures from Appling et al. 2022
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https://linkinghub.elsevier.com/retrieve/pii/B9780128191668001213
https://www.kozyr.com/about

Al/ML IS NOT “ONE-SIZE-FITS-ALL”
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Preprocessing -\

Inference |

d by Becris for Flatlcon.com

. | Forecasting

Icon designed by Parzival’ 1997 for Flatlcon.com
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From Appling et al. 2022


https://linkinghub.elsevier.com/retrieve/pii/B9780128191668001213
flaticon.com
https://viso.ai/deep-learning/data-preprocessing-techniques-for-machine-learning-with-python/
https://viso.ai/deep-learning/data-preprocessing-techniques-for-machine-learning-with-python/
https://www.flaticon.com/free-icon/prediction_5564445?term=prediction&page=1&position=2&origin=search&related_id=5564445
https://en.wikipedia.org/wiki/Self-organizing_map
https://www.flaticon.com/free-icon/deep-learning_2103787?related_id=2103832&origin=search

“As a society, we've been
through technological advances
before. And they’ve all

promised a utopian life without
the drudgery, but the reality is

they come for our

jobs...Whether it’s globalization
or industrialization or now

artificial intelligence, the way of
life that you are accustomed to
is no match for the promise of
more profits and new
markets...at least those other
disruptions took place over a
century or decades. Al is gonna

be ready to take over by

“With t
TP e Thursday...” 0
great I'espon5| 1 Ity.

Spider-Man (2002) Jon Stewart
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THANK YOU!
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Google

can artificial intelligence X 4

)

can artificial intelligence

can artificial intelligence be dangerous

can artificial intelligence be dangerous explain with evidence
can artificial intelligence replace human intelligence

can artificial intelligence take over the world

can artificial intelligence lie

can artificial intelligence replace humans debate

can artificial intelligence become self aware

can artificial intelligence write a book

can artificial intelligence write code

Google Search I'm Feeling Lucky

Report inappropriate predictions

QUESTIONS?

~ Katrina Alger
‘Water Mission Area
Integrated Information
Dissemination Division

kalger@usgs.gov
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