


Friday, April 15
10:15 am.—11:45 a.m.

Session 10:
Predictive Modeling and Forecasting
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Day Three: Session 10

Implementing Predictive Models:
Practical Advice and New Tools

Adam Mednick, PhD
University of Wisconsin Sea Grant Institute

Abstract

Over the past 5 years, the practice of devel-
oping and implementing predictive models
at coastal beaches has increased several-fold,
particularly in the Great Lakes. During the first
3 years of the Great Lakes Restoration Initiative
(GLRI), the adoption of the U.S. Environmental
Protection Agency’s (EPA’s) Virtual Beach
decision-support software, among other
tools for implementing operational nowcasts,
expanded from a handful of sites to over 50
beaches. Whether this expansion will continue
in the absence of centralized model-building
services previously supported by GLRI remains
to be seen. At issue is whether a typical local
government (e.g., public health or parks depart-
ment) can develop, operate, and/or maintain
nowcast models without additional funding
or specialized staff. Based on past experience
and research, the presenter will argue that the
answer is a conditional “yes” and will provide
practical suggestions on how EPA and its state,
local, and academic partners can overcome both
real and perceived barriers, such as the lack of
adequate data, technical know-how;, clear deci-
sion criteria, managerial confidence, and time.
The presentation will highlight issues relevant
to marine beaches, where adoption to date
has been minimal, and will conclude with an
updated look at the suite of resources and tools
being developed to make the process easier and
more sustainable over time.

Biosketch

Dr. Adam Mednick is a postdoctoral fellow
at the University of Wisconsin (UW) Sea Grant
Institute. He received his bachelor of science
degree in natural resources from the University
of Minnesota, his master of forest science degree
from Yale University, and his doctorate in urban
and regional planning from UW-Madison.

Dr. Mednick has worked in conservation policy
and planning, spatial analysis, research, out-
reach, and education on a range of issues at the
state, local, and national levels. Prior to join-
ing UW Sea Grant in 2014, he worked for the
National Parks and Conservation Association in
Washington, DC; the New Jersey Conservation
Foundation in Far Hills, New Jersey; and the
Wisconsin Department of Natural Resources
in Madison. Dr. Mednick is an elected member
the Great Lakes Beach Association board of
directors, a founding cochair of the Wisconsin
Coastal Beaches Workgroup, and the manager
of the Virtual Beach Users” Group. His cur-
rent professional interests include how best to
develop and deploy environmental data and
modeling systems to the benefit of real-world
decision making; and, more generally, how to
make academic and government research more
useful through collaboration and cooperative
extension.
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U.S. EPA’s 2016 Recreational Waters Conference

UNIVERSITY OF WISCONSIN SEA GRANT INSTITUTE

Implementing Predictive Models:
Practical Advice and New Tools

Universily of in Swa Grant Instilule
Waters {New Orlcans, April 15, 2016)

Why Predictive Models (Nowcasts)?

2. To Increase the Frequency of Monitoring

[ 5-10%
:‘i I
b

10-15%
L ] b i !

Pct. Samples with £. Coff > 235 CFU
15-20%
20-25% /
Sampling Frequency:
= 1-2days/ wesk

L frurn EPA BEACON (2008-12)
>285%
« 3-5days/ week

[ <5%
o
» B 7 doys! week

Why Predictive Models (Nowcasts)?

1. 7o Reduce Unnecessary & Missed Advisories

Samy isories: Sampled Open: Sampled All:

All In-Errar All In-Errar All Total Errors

lllinois 1,107 709 (64%) 9,127 1,142(13%) 10,234 1,851 (18%)
Indiana 716 452(63%) 3,881 555 (14%) 4,597 1,007 (22%)
Michigan 201 137(88%) 7,020 528 (8%) 7,221 885 (9%)
Minnesota 74  58(78%) 1853 G0 (5%) 1,927 148 (8%)
New York 467 260 (56%) 2322  440(19%) 2789 700 (25%)
Ohia 636 434 (R8%) 4842 T70(16%) 5478 1,204 (22%)
Pennsylvania 72 59 (82%) 937 88 (9%) 1,000 147 (15%)
Wisconsin 1,775 243 (R9%) 9,868 951 (10%) 11,083 1,800 (16%)
Total 4498 2058 (A6%) 390,850 4564 (11%) 44348 7522 (17%)

Data from EPA BEACON (2008-'12)

Communities using Nowcasts

25 < ™ Communities using ‘Virtual Beach’ {VB)
Case Study Communities

20 | W Communities using Custom Meodeling Systems
B Communities using VB + Custom Systems

| I I
2006 2007 2008 200

9 2010 2011 2012 2013

)
Case Study Communities

* Community A (The “Innovator” — adopted 2009)

“The intent [is to] rely on Virtual Beach more fully, so we
don’t spend as much time and money on testing.”

® Community B (The “Early Adopter” —adopted 2011}

“We [experimented with] it year-to-year [to see] how well it
performed... how many limes il fwas] right or wrong...”

= Community C (The “Early Majority” — adopted 2013}
“I went to my Administration and said... ‘There’s some guy
Jrom Madison who's really pushing it and I've heard

{another community] is using it’...

From Mednick (2014}

IINIVFRSITY NEWISEANSIN SFA GRANT INSTITITTE

Theoretical “Diffusion” of

Nowcast Models P
Based on Rogers (1962} 1"
rame
“Take-off” ”’ K - 5o
12) ey Adoptrs® /17 X 1=
{4 Innoveters* oW
s “Early “Late 5)

- | Maicrity” | Majority I'umr&' i -
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UNIVERSITY.OF WISCONSIN SEA GRANT INSTITUTE

Critical Question:

Can a typical local health
department develop, operate,
and maintain its own

Expanded Beach "Nowcast”

Modeling across Wisconsin

UNIVERSITY OF WISCONSIN SEA GRANT INSTITUTE

From Rockwell et al. {2014}:

‘Typical’ Health Departments

= In ncarly 40% of reporting depts,
interns responsible for over half

predictive model... the beach-related work.

* Among depts responsible for > 5
beaches, over 75% devole < 10% of
overall time to beach-related work.

H Without special funding?
Without specialized staff?
* Among primary staff responsible for

beaches, over 85% spend < 1/4 of
their time on beach-related work.

- Mednick & Watermolen {2014)

“Virtual Beach”

Other Perceived Barriers:

Lack of Data P e e P
B[l =
* 86% of beach managers said 1 E || e Lo ;1
location-specific, Weh-accessihle e am ‘
I fibr Baywsan kfo Grienon 1381068
data would be ‘very useful” or Aot ] | e ||| ress B
‘extremely useful’ (#1 out of 5) Lt ] T ||| 1ot 2 A
] e | i ]

Lack of Tools

¢ 86%... said improved predictive
modeling tools would be ‘helpful’
or ‘very helpful’ (#1 out of 9)

Reauts

IINIVFRSITY NEWISEANSIN SFA GRANT INSTITITTE

www.seagrant.wisc.edu/virtualbeach

oo I ®

TINNFRSTTY OF WASEONSIN SFA BRANT INSTITIITE.

www.seagrant.wisc.edu/virtualbeach

oo I ®

) o 1.) Lab Data + Sanitary Conditions
VirtiElBeton e 2.) Hydro-Meteorological Data

"Virtual Beach"is fro¢ dscision support softwrars for Windows that enables coastal Post-Doctoral Fellow: Deach [lealth
% wipriaad

N agemu’v.
. ‘potentialyrelated environmental condiions,

- Whattypo of b et (i an) to run ona given dax

wave height, uaterfoul, at... Depending on
‘the beach. manv if not all of these data will be

avsilzhle anline, farfrea

onm
‘Water Onality & Reach Conditians.
Historieal water quality e2n be downloaded
from the
E state beach wehsiteslstd belon:. Deending
The Great Lukes are the fargest TS Eegarihid il 3
froshwator systom on tarth,

i Peach Adsisory and Clasing Online Notification (REACONY

‘your advantage to upload them to your state’s I i
beach website. This will make building and sl ok el
‘maintaining VB models significantly easier.

About Virtual Beach

e sbmpaid by pose et iy b cam e
o gl e st e [ £]] t KiiuccR
iy e e e SR erat T N e K T
‘people visit bezches each year, Unforvanately, the types of

A Hast i ety o s v e e Al
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* Inshiana Beach Guiand Viewable Labies ol £ col dala. Single-tey Summmanes of semlary suvey resulls.

Virmal ing » alchigan seach Guarg

185




US EPA ARCHIVE DOCUMENT

U.S. EPA’s 2016 Recreational Waters Conference

UNIVERSITY OF WISCONSIN SEA GRANT INSTITUTE.

l uscs Home
Contact USGS
 Search USGS

oo e acaion | £x00T niormaten ]

/M USGS Time Series (NWIS) 5 1 r National Precisitation Grid Deints
I8 Groat | akec Coackal Faracacting Systam (GLOFS) e STORET OW (Water Ouality)

 USGS QW (Waler Quality)
searcn witnin 310 mile bounding box from selected project (click marker o Identry)

es | usesaw | storeraw | precpn

3 ( ° . . . - —
s| | rws
¢

% - . . : . . ;mr,,wJT‘,.TM.‘,i. |

% United States Stage 1V Quantitative P
- s 5 Available Precipitation Grid Points:
il Total Precipitati
sy Latitade| Longitude StariDate  Ead
i ° . 585:71343.890 |-87.890 |2002-01-01 | 201¢

2811744 45,230 |80z | ouz-uruL euse

502:714 (42,767 | 07.006 |2002

2016

- . .
583:714|43.804 |-87.870 |2002-01-01 | 201
584714 |43.841 |-67.854 |2002-01-01 | 201¢
. . * . 385:734 43.879 |-87.838 | 2002 201¢

5791728 13,611 |-wrmu2 |20

20

UNIVESSILY O WISUUNSIN SEA GRAN | INSHTUTE

Northern Gulf of Mexico OFS Currents Nowcast

forwcant evodyranmic el and sheue b comvidored s compoter-gane siud nowe et and forwciant gudance.

Curront

[N
>-28 >
e 2n »
3 re 2
SR >
- 10 >
- s
<03 >
= 3 &3
Valid ot 0100 (CAT) 04/04/16
TimerDate: U100 (CUI) 040416 V] [ prev | [ siop anmaton || next

Lurrents Noweast
‘This near surface currant velocity arimation was creatad from the tatast NGOF'S noweast for the Northern Gl of Mexico. The nowcast is of the most racent currant
valeeitis as simulated foreed by b nd produets.

TINIFASTTY O WISENSIN SFA RANT INSTITTE.

www.seagrant.wisc.edu/virtualbeach

Virtual Beach e
ednick
indons that ensbles coastal Post-Doctoral Fellow: Deach lealth
od rocesrehare i cfficantly
Mok

Communications Manager

About Virtual Beach

When unimpeired by poor water qualicy beaches can provide
ol e, soctal and health
BRGNS, AIONg A 115, LTeAT LIKS £03ST, an eSTimared & mAlian
‘pesple visit beaches each year. Unfortunztely, the

infoermation thal arecominiy user! 10 evaluele waler quality,

Virtual

NOAA Operational Forecast Systems

Phased Conversion to Finite Volume Coastal Ocean Model {T'VCOM)

osesnoarsoni Foros e s asans Crot e
I s evecpmere \
I oot W F = = o
[T LY ! i . § ; ]

FYi. 3r00rE, KECOTS, KHGTS

VS, 108 0,510 &-Lake e Uparodal

i, oumurs, o oLors )
ety

P

Fri T OGS, ECOFS, 0P8, WrGFS

From Zhang (2013)

UNIVERSH T UF WISUUNSIN SEA GRANINSH 1UIE
=

Access and Intearate Environmental Observations for Coastal Decision Support

e | createojct ocaton, | no0t nformason |

s Time series (nwis) # 5 1 Hr HATIOal precipiTaTIon Lrid vaints
S STORET QW (water Quality)

# Great Lakes Coastal Forecasting System (GLUF:
4 USGS QW (Water Quality)

Search withina 20 mile haunding hax fram selected project (cli

marker to identify)

Unchsek all
Property
Lemparanuce, water, degrees
Ceisiss vally rraximum
Temperatuce. water degrees 2004104
Celsins Daily Minimum
Temperatuse, water, degrees 2004-10-¢
; - . Gelsius Daly Hean
i 1003 10 (
- 5 o ‘ Gage height, feat Daily Mean 109311~
-, 3 5 | specnc conuucance, woter, 200410+t

INIERSITY NE WISEONSI SFA BRANT INSTITITE

o Eeporol | e e Goavie | ol
TEPA i et

leam the Tesmes  Sclence & Technology | aws & Regulations  About FPA. Search EPA.gOV a
Exposure Assessment Models.

You are here: EVR Home » XDOSUTE ASsessen Modds » WTual Beach 3.0/6 Download Pace

Virtual Beach 3.0.6 Download Page

Specifications
Current version: 206
Release Date: February 2016
Development Status: General Release:
Scieme Nules - dhanges and
Oparating Syctom ME Windows
Development Lanquage: (=3

1ext Hies
File Name File Description

VAt Beact: 3.0 Rezd Mes TXT Qe TmporEant instaliaun and ussge InfonaUon.

Download Tilcs
T

= File Name/Format/Size File Description
SO/ ISBINBI06 Ron 1] e e o s 90 VD e

w Iy 306 User Guile
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Virtual Beach 3.0.6
‘Gradient Boosting Machine’ (GBM) Method

— More efficient model-building {regression trees}

=

2. Direct connection
to ‘EnDDaT’

—BIG, Easy data:
River Discharge,
Waves, Currents, etc.
(Spatiotemporally-
matched/processed)

NIVEISIIT U WISUUNSIN SER GRAN | INSIIURE

= & & X iy GBM Model-building

ata Moial | Vbl Salarion

S predcion

[

| 0ata Manpuason | Vandsle Seecion | Vo= | Diognostics =
Model Evalton Thesnold

Deion Canion 1%

2% Fogutory Standard
Thveshoid ey b barsfomed: 20135 Hesudaory Sandards 200 N — Trcpmitve
9 Vobe irve negatres
O Logl0 rave) Ecofesmaer 25 ==

&) Loge feke) Bty Fredmas, 104 1
O Powerbbe) @0 1 Btoocecsl Sebwder 61 %

8035 Decsion Gleikn:
20

iy
e Cooen s - “H I

[ —— - o |
UMY L 11610 PSS com |7 100-

DOIVITEUD 1 MINIER 18116 ma caum
QUADHED RHANS] - s
cear iy a7

n

TENPav2e] ES 23
flcuncroomnnmiag e sein
Model Valcton
b Foln Pastue Folonbgasne Sooaity Smdity  hevienry
" " 0w 0w om ]
" Location | _Global Datasheet | PLS | WIR") GBM [ Prediction | |
frcject e Nome: CAZOL 5210 11_USGS Wiwerking_dvWerkshop Ustarbip Stotu

Other Perceived Barriers:

Limited Technical Know-How

* Over 60% said training on predictive
models would be ‘helpful” or ‘very
helpful’ (Rockwell et al. 2014)

Lack of Comprehensive Guidelines/
“Best Practices”
¢ Under Development (UW Sea Grant)

Lack of Confidence on the part of
Administrators and Decision-Makers

UNIVERSITY OF WISCONSIN SEA GRANT INSTITUTE
W ocmbion Gl itndred Mg | ME et

B9 Traditional (MLR) Model-building

Hoopaie 0ots
Hhon caess — el o
Vatabie S| Corre Optons | Wb Comenabns 185 goy e
o] [ =
Evpbution Ctern 2076827 1
7tte E
— e
B POLYMIA comp WOITWSE
208 1156 rocaiTEn  t3mizoe Tz oy
205580 QUADROOTICLDCY1E] o o1n
||| cmasaren aam <
peny ||| rouorsamsrinooses. e o
R ool o0 vas
(o] (S| || sausnencorcrenerz prey P

2% Foguatory Andd (Veuod) F = = =
Thrwbokd Tarsiom 013U ooy e Progess [ Remd | e v Obsorved | ROC v [ P

o tern Fod Frdier 2 ‘Genetic Aigorthm Dynamic Fitness Update
i Gtmnins. Fesmte. 61 - T
s Btemcooo, Sabvater 104 ™
Mearual|[Garetc Ao o
(@) 5o Soxd V. 1 i
0 gy T
Popuabon S, 1w
Fumbr f Gomastons. 100 S
Wtation Rt (1] - IR EEEE R EEE]
o = i | Pacent 1 Ganarstns Campits
= Loceben | _GiobatDutahect | 2, MR [ GoMA | Fredeion | =
Proiect Fie Name: C\2015.02.10-11 USGS- WIVB3 Trainina Workshap. Proiect GBM.A3p. Status:

UNIVERSILT U WISLUNSIN SEA GRAN NS 1 U1E
N Fredcon a

* ¢ € 4 9 e
bt et b saconsr ;«? ~w= Download data from EnDDaT

Wiintn Ohveriatins Cobioed. ot Sovere

wotetoats
Avaiablo Modols E00LI- QTASEASON « PRIE_JUNEZ] + JUNEZ1_JULY1S - JULYI6_AUGTO - POST_AUGIO - POLY(DOY. y

Model: 4
o — g i -
win

[T se—.

Threshold Transloan
§ 6 Moo ot i) ® e

Prediction i o
Prcsec Fieame: Cisert\medeind ekl Workdhop, Modelvkim St

IINIVFRSITY NEWISEANSIN SFA GRANT INSTITITTE

www.seagrant.wisc.edu/virtualbeach

Virtual Beach

*Virtual Boach s free docizion ¢u
haseh managers, oo
e

+ Whether to e (or!
- What type of lab toct (f any|
- Wheie sud luw o priviitise]

On s Pagy...
About Virtual Beach

FederEoimalc
About Virtual Beach i Learning Module Ii: Sections A- E
i : »
e e okl ks L 1] + Runelid
AT, AIOTg A L5, Lrear LAKeS o<, n pSrimared s millon

Imfortunately, the t7pes of
ser 10 evaliale weler qualty,

plete. Virmal Beach
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U.S. EPA’s 2016 Recreational Waters Conference

UNIVERSITY OF WISCONSIN SEA GRANT INSTITUTE

Virtual Beach Users’ Group

Virtual Beach Users

Users Group
“The Vartual Beach Users Group provides  torum for sharing best practices, trouble-
d i ing priori i ia the Vi

eded

‘is intended to foster communication and mutual
N Sea Girant and hosted

assiat m
ey the Creat Lalees Infornation Neswork (CLDY).

(" File-shanng
The tirtu Beach,

pically 5 i epecific
data and the model(s), as well ‘metrics
d graphics, and the ictions. Request an account.

Onlinc Data

| . Tamckans

e To developa VB model, one needs historical data on water quality
o, 13b , together wit

Best Practices (DRAFT)

* Sampling Frequency

v' 2 or more Samples per Week

v’ Less Frequent (?) for Year-Round heaches
* Validation Frequency

v Every 1-2 Months

v’ Don't over-validate (3x/week)
* Validation Metrics (Francy et al. 2013)

v 50% ‘sensitivity’ (correct advisories)
and 90% ‘specificity’ (correct heach-open)

Managerial Confidence

Traditional Monitoring |
RRw )
Sampling Day Nowcast ‘

14,400
3 Off-Day Nowcast
s 4,225
4
SRR Unncessary
H .: Advisories &
H
H =
= ] 10 3 .

H s =

T

. g 5
14 1!’ *
=4 1 .« *
1 b wissed =L
4l Advisories
1
5 235 55,225
Today's E. coli

Best Practices (DRAFT)

* Model Operation
¥ Daily, preferably between 8:30-10:30 am EDT
¥ Operate in conjunction with regular data reporting
v Report ‘Model’ as the reason for beach actions

* Minimum Field Data (required in Wisconsin)
v ‘Clarity’ (categories) ¥ Cloud Cover (categories)
+ Turbidity (NTUs/ Secchicm) ¥ Algae in water {(categories)
v Waler Temperalure

v Wave Height

v Algae heach (caregories)

¥ Gulls (estimated number)

Best Practices (DRAFT)

* Model Building (re-calibration} Frequency:
¥ Annual (preferred) or every 2 years (minimum).

* Reasons for Overriding Model Predictions:
¥’ Swimmer Safety (NWS dangerous current forecasts)
v Professional Judgment

* Observations in the field « Weather « Rapid qPCR
¢ Recent Model Performance (i.e., validation)

* When Nowcast Model cannot be run...
— Default to “Persistence” (i.e., mast recent lab results)

1INIVERSITY NFWISCONSIN SFA GRANT INSTITITTE
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Day Three: Session 10

California Beach Water Quality

Nowcasting

Leslie Griffin
Heal the Bay

Abstract

Traditional beach management that uses
concentrations of cultivatable fecal indicator
bacteria (FIB) may lead to delayed notification
of unsafe swimming conditions. Predictive,
“Nowcast” models of beach water quality may
help reduce beach management errors and
enhance protection of public health. This study
compared the performances of five different
types of statistical, data-driven predictive mod-
els—multiple linear regression model, binary
logistic regression model, partial least-squares
regression model, artificial neural network, and
classification tree—in predicting health advi-
sories due to FIB contamination at 25 beaches
along the California coastline. In total, over
700 models were developed and evaluated.
Multiple linear regression with threshold tun-
ing performed well, along with binary logistic
regression with threshold tuning and classifica-
tion trees. On average, models outperformed the
current method based on day-old FIB concentra-
tions by capturing 25% more poor water quality
days while maintaining equivalent false nega-
tive results. Beaches with well-performing mod-
els usually have a rainfall/flow-related dominat-
ing factor affecting beach water quality, while
beaches having a deteriorating water quality
trend or low FIB exceedance rates are less likely
to have a well-performing model. Based on the
results of this study, we carried out a pilot study
at three Californian beaches with beach man-
agers in the summer of 2015 to use daily now-
casting for public notification of beach water
quality. Due to the success of the pilot program,
the State of California has funded the develop-
ment of a Nowcasting system to provide daily

information to local beach managers in an effort
to help inform public notification decisions for
up to 25 separate beach locations over the next
3 years.

Biosketch

Ms. Leslie Griffin is the beach water
quality scientist at the Los Angeles-based
environmental organization, Heal the Bay.
Native to the East Coast, she relocated across
country to receive her bachelor and master
of science degrees in environmental science
with an emphasis in water quality from Loyola
Marymount University. She worked on passive
sampling of PAHs for 2 years while obtaining
her master’s degree. While pursuing her educa-
tion, Ms. Griffin interned at Heal the Bay as an
aquarist and a watershed educator. In 2015, she
began working full time with the organization
as the data analyst for the Beach Report Card
program. Currently, Ms. Griffin manages the
Beach Report Card program—working to ensure
accurate and timely dissemination of weekly
beach water quality info for over 600 locations
along the West Coast, as well as implementing
a daily predictive modeling—or “nowcasting”—
program for five beaches in Southern California.
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U.S. EPA’s 2016 Recreational Waters Conference

CALIFORNIA BEACH Project Goal

WATER QUALITY

PREDICTIVE

MODELING PROJECT To study the feasibility of using predictive models

as a public notitication tool at California beaches

Why do we need predictive
models in California?

* Our current menitoring and public notification (M&PN)
programs leave the public at risk:

24-48 hours from sample to posting

: i . Rapid detection methods stll take hours
e lII: Program Implementation

£ mode]

)0 beaches monitored in
per week
er week

>400 vuly vive per week

Phase I: Proof of Concept Phase I: Conclusions

Northern
califaraiz

® Completed 2012-2014 at 25 be ; ® Models can improve sensitivity while maintaining a reasonable
s of historical data
* Input factors: rain, tide, wind, solar radiation. etc.
* 5 model types
peer-reviewed scientific papers were published b
* 3 TIB, 2 scasuns Phae Lresult
as sults
®* NSummer(S) 11l to Oefoher

* Winter (W) November to March

* Over 700 models developed and tested
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010) and validation (201 1-2012)
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Day Three: Session 10

Phase I1: Pilot at Three Beaches

mpleted 201

® Feasibility of using
wodels w/in M&PN
programs at CA
beaches

Current Monitoring and Public
Notification at Pilot Beaches

Public

s Notification E Peas
eney SLOTELY rrtnen
Agency L

Monitoring Monitoring Fusting

County Lag Time

Poston
SBCEHS SBCEHS 1/per week Single
sanple

Arroyo Burro Santa
Beach Barbara

Pustun
Doheny State Single
2/per week o
Beach Sample or
Geo Mean

Post on 1/Total and
$anta Monica -
PSNN (05 Angeles  1ADPH.FMD TADPH 5/per waek Single Faral;
sample 2/ Entero

Pilot Design

® Prediction tool: optimized MLR model in

an Excel spreadsheet
¢ Prediction of post/no-post daily by 10 am

* Study period: Memarial Day to [.abor Day

SBCEHS Arroyo Burro

Posting Predictive Model
Results Online

Heal the Ray Main Wehpag: Orange Connty Website

® Obtaining FIR data

* Collect onling
environmental data

® Kun each F1B model

® Cross-check between
with agencics, HtB,
and Stanford

*® Posting results online

Posting Predictive Model
Results Online

s Bt B 4t g B otk

Apradictvemodal i ban tosted at the beach.
GDOD WATER QUALITY ks redicted today based on

water aentast. Ghals hera e mers infermation
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Doheny State Results e D o s

Number of sample
Number of predi
Observed exceedane
Maeadel captured: 3 vs 2 (current) =it g s 3 ion to beach-goers in the morning
Falsc alarms: 1 vs 3 (currcnt) T = - A v including weekends
g participated & donated [—

stalliesou ves tu the pilut

® Madels can he s ctinlly infegrated info

ENT concartration
(MPNASOTL]

Benefits of Predictive Models Phase II1: Develop CA
Nowcast System

California
Improved accuracy in public notification over current method ;

Improved understanding of FIB pollution at the beach and how to * SWRCB grant to build permanent CA
Beach Nowcast system;

* Heal (he Bay, Stanford. and UCLA
Easy and flexible model implementation ean be run by the health * 3 year roll-out

mitigate sources

agencies or a third party (Heal the Bay) * 20 summer AB-411 beaches 22:2:;:

*® 5 winter surf heaches

B

s

Phase 111: Develop CA Acknowledgements
Nowecast System

Santa Barbara County Environmental Health Services (SBCEHS)

Orange County Health Care Agency (OCHCA)
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Want more info?

Email: LGriffin@healthebay.org
FAQ:
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U.S. EPA’s 2016 Recreational Waters Conference

Predictive Modeling and Forecasting of
Water Quality at Recreational Beaches
along Gulf of Mexico Coast

Zhiqiang Deng
Louisiana State University

Abstract

A series of predictive models has been
developed by Louisiana State University for rec-
reational beaches that have experienced frequent
advisories over the past 10 years. The beaches
used in the project, which was funded by the
National Aeronautics and Space Administration
(NASA), were Siesta Key Beach and Venice Beach
in Florida, Orange Street Pier/Park Beach in
Alabama, Harrison County Beach in Mississippi,
Holly Beach in Louisiana, and Galveston Bay
Beach and Corpus Christi Bay Beach in Texas.
The models were constructed using an artificial
neural networks toolbox in the MATLAB pro-
gram and can predict either daily enterococci
levels in beach waters or risks of water quality
standard violations at a beach site as long as
daily data are available for the environmental
parameters (e.g,, rainfall, salinity, temperature,
wind, tide [or gage height], and solar radiation).
Some models require less data and some of the
data can be replaced with NASA satellite data.
The models were able to explain 70-86% of the
variations in observed enterococci levels or rec-
reational water quality advisories issued by state
beach monitoring programs. User manuals for
state beach monitoring personnel explain how to
use the models for real-time monitoring of recre-
ational water quality. This presentation will pro-
vide an overview of the models and their perfor-
mance in predicting water quality at the beaches.
It is expected that the adoption and sustained
use of the models will significantly improve the
effectiveness of recreational water programs and
provide better protection of public health in the
Gulf of Mexico states and the nation.

Biosketch

Dr. Zhigiang Deng is a professor of water
resources engineering at Louisiana State
University. He specializes in predicting and
preventing the contamination of water bodies
with high public health and economic impacts
(primarily recreational beach waters, oyster
harvesting waters, and rivers) through sensor
network-based monitoring, watershed-based
modeling, and sustainability-based mitigation.
Dr. Deng has published over 50 refereed journal
papers in those areas.
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Using Probabilities of Enterococci Exceedance
and Logistic Regression to Evaluate Long-Term
Weekly Beach Monitoring Data

Jay Fleisher, PhD
Nova Southeastern University

Abstract

Recreational water quality surveillance
involves comparing bacterial levels to set
threshold values to determine beach closure.
Bacterial levels can be predicted through mod-
els which are traditionally based on multiple
linear regression. The objective of this study
was to evaluate exceedance probabilities—as
opposed to bacterial levels—as an alternate
method to express beach risk. Data were incor-
porated into a logistic regression to identify
environmental parameters most closely cor-
related with exceedance probabilities. The
analysis was based on 7422 historical sample
data points from the years 2000-2010 for 15
beach sample sites in south Florida. Probability
analyses showed which beaches in the data set
were most susceptible to exceedances. No yearly
trends were observed nor were any relation-
ships to monthly rainfall or hurricanes appar-
ent. Results from logistic regression analyses
found that among the environmental param-
eters evaluated, tide was most closely associ-
ated with exceedances, with exceedances 2.475
times more likely to occur at high tide than at
low tide. The logistic regression methodology
proved useful for predicting future exceedances
at a beach location in terms of probability and
modeling water quality environmental param-
eters with dependence on a binary response.
Beach managers can use this methodology for
allocating resources when sampling more than
one beach.

Biosketch

Dr. Jay Fleisher received his bachelor of
science degree in environmental health science
and master of science degree in environmental
science from the City University of New York,
his master of science degree in epidemiology
from Columbia University’s School of Public
Health, and his doctorate in environmental
epidemiology/biostatistics from the Institute of
Environmental Medicine, New York University.
Dr. Fleisher holds faculty positions at Florida’s
Nova Southeastern University and University
of Miami. Dr. Fleisher’s research interests are in
the fields of chronic and infectious illnesses. He
has focused his research efforts on the health
effects of exposure to waters contaminated with
domestic sewage, indicator organism variabil-
ity, indicator organism-pathogen relationships,
risk assessment, statistical water quality sam-
pling protocols, assessing compliance, setting
of microbial water quality standards, popula-
tion health burden assessment, risk perception,
and risk vs. current standards. Dr. Fleisher
has advised numerous international commit-
tees, organizations, and government agencies
on various aspects of these recreational water
quality issues. In addition, he has authored over
70 peer-reviewed publications and six book
chapters.
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METHODS:

868 samples were utilized in this analysis. 10 msjor environmentsal
variables and several FIO's were collected on each sample date. Both
types of models were run on these data.

Multiple Least Squares Linear Regression Vs. Multiple Log

A Comparison

Results Least Squares Model
> pH
> Salmity Watar
> Waser T Variable Estimate Error S8 FValue Pr>F
> Tidal Suge
> Tarbidity “Iesarcapt -0.23651 036244 02437 062 04296
> Amoust of Rainfall in the praceding § hours prior o sampling “Tumpararura 007583 001320 1231371 32%% 000!
> A of Rainfall in the X fing 24 | o Al “Tids 105945 012993 26001050 6649 0001
> Wind Directi *Rain 24 Hr Prior 002254  0.00428 1085001 27.72 <0001
*Wind diecton  0.00133 Q0003545 561027 1433 00002
::‘?:’m ‘Wind Sposd 011523 001280 3170014 3088 <0001
2 +Solar radiation -0.00108 O/(0L'634 1474839 €313 <D00l
*All Environmental Variables entered in Both Models and Backward Selection Pracedure used in all models R R

Multiple Linear Least Squares Regression

Multiple Linear Least Squares Regression

Actual Vs, Predicated Enterococci Densities

Actual Vs, Predicated Enterococci Densities
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Actual Enterococci Densities V's. Predicted 9596 Confidence Limits
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Multiple Logistic Regression

Results Logistic Regression Above or
Below Single Sample Criteria

Standard Wald
Parameter DF Estimate Error Chi-Square Pr> ChiSq

Iztercopt 1 -19.1244 49439 14,9637 0.0001
Salmity 1 0.3526 0.1170 9.0784 0.0026
Temperazars 1 01886 0.0663 51041 0.0044
Tide 1 28824 0.7643 14.2163 0.0002
Solas radiaticn 1 -0.00330 0.000360 38.0501 <0001

Our Best Multiple Least Squares Regression was computed with a R Square value
0f 0.26, while the Multiple Logistic Regression Model yielded 2 maximum
Sensitivity of 72.9% and a maximum Specificity of 65.9% ata cut point =0.1. A
backward selection routine was used in both the Logistic and Least Squares
Model.

ENVIRONMENTAL VARIABLES

>
> Salimity Water

» Water Tomnparatae

> Tidal Stage

> Twtidiy

» Amoust of Rainfall in the preceding § hours prior to sampling
» Amouxt of Ramfall in the p ding 24 bowrs of
> Wind Direction

> TWizd Spesd
> Soler Radistion

*All Envirenmental Variables entered in Both Models and Backward Selection Procedure used in all madels

Odds Ratio Estimates

Point 959 Wald

Effect Estmae  Coaidence Limics
Sumy 1428 s 1%
Teparstars 1208 108 137
Tide 1458 3591 79908
Solar radimicn. 983 0895 om

ﬁ,

. ; ! ‘

Predicated Probabilities with 959 Confidence Limits

Sensitivity of 72.9% and a maximum Specificity of 65.9% at a cut point = 0.1

CONCLUSIONS

Sece the Lugite regresion i 1 moch ke cbuln prodcs of Gt
vt coupld withth oct that th Beach Masagersdeciion i+
dchitimonssac, mare stratnnshosid be pid ta rescarch g the

Mgl Loginic Madcl [t sbold s be oot tha the prociion of the
Lot Moded soms btter than bt the LeantSqearcs Modelapproach
and e actun Caltariag of Enicrocscn
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Application of Logistic Regression to
Historical Data

he FDOH Healthy Beaches Program, beach name. and GPS

ED I Y
H N il o4
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Figure 4. Moniily historical exceedance cowits
(bars) and thetr probability (diamonds) for ten

years of excoedance count data

Figure 3. South Florida Water Management
District (SFWMD) Dade County Average rainfall
from 2000 to 2010 vs. probability and mamber of
excoedance counts in each month Grey area
represents wet season and white area represents
dry season.

Used Different Data than Previous

« 7,422 Samples analyzed
« Data from 2000-2010
- Data from 13 South Florida Beaches
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Figure 2. Historical DOH beach sampling from June 2000- December 2010 (n = 7,422)

Gray line delineates any samples above the 104 CFU EPA exceedance level.
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Figure 6. Histortcal excoadance cownts (bars) and thetr probability (diamonds) by year

The probabilities were connected to show the variability between the years.
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Figure 3b. Mistorical exceedance counts (bars)
Figure 3a Historical exceedance counts (bars) ’ oo o e 4
and their probability (diamonds) by beach s S prabsiy Sy s
cography The northern most site. Golden beack
Beaches are sorted from greatest 1o least Seography " o
- stars a he It and moves 1 the Southern most
Figure 7. Sample site enterococci levels pre and post Hurricane Karrina and Hurricane Wilma. R ) gt ot
sie, Masheson boach (righe)

0Odds Ratio Estimates
Effect Point Estimate 95% Wald
Analysis identified which beaches were most susceptible to exceedances Confidence Limits
» Logistic regression proved useful for predicting the probability of an exceedance
* Tide was most closely associated with exceedance Tiddl Conditions: 1:¥43 2y AL 36%
Results can be used to allocated beach sampling resources Tidal Conditions 2 vs 3 1252 0866 1811

Table 1: Odds ratio estumates between tidal conditions as computed from Logistic Regression. Tidal

conditions as reported by the FDOH are coded as 1 =High Tide, 2 = Slack Tide, and 3 = Low Tide
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Development of a Predictive Spatial Model to
Understand the Connection between Rainfall
Events and Beach Water Quality

Lance Larson, PhD
Natural Resources Defense Council

Abstract

Throughout coastal portions of the United
States, rainfall events are physical mechanisms
that deliver various urban and rural pollutants
to coastal waterways, threatening human and
ecosystem health. The objective of this research
was to correlate historical beach water quality
exceedances to rainfall events. We developed
a spatial and temporal beach water quality
exceedance model, which queries a database
consisting of water quality sample results
collected over a 10-year period (2005-2014) at
over 8,000 U.S. beaches in 30 states. The model
consists of a series of dynamic database queries

based on a set of user-defined input parameters.

In the database, each water quality sample
record is associated with precipitation totals
recorded on the sample collection date, as well
as for each of the 3 days prior to that sample
date, as measured by the nearest weather sta-
tion submitting data to the National Oceanic
and Atmospheric Administration's Quality
Controlled Local Climatological Data (QCLCD).
Our results suggest a strong connection at the
national, state, county, and beach scale between
increased rainfall events and beach exceedance
occurrences. For example, at the national level,
the failure rate increased from 9% to 21% when
a rainfall event greater than 0.5 inches was
observed within 10 miles within 1 day. Other
states and counties observed disproportionate
changes in exceedance failure rates. Our model
aims to significantly increase our understand-
ing of rainfall influences on beach water quality
throughout the United States, improve water
quality sampling frequencies and planning,

and examine the effectiveness of implementing
watershed pollution reduction strategies.

Biosketch

Dr. Lance Larson is a science center fellow
with the Natural Resources Defense Council in
Washington, DC. He earned a bachelor of sci-
ence degree in environmental engineering from
the California Polytechnic State University in
San Luis Obispo (2008) and a master of science
degree from the South Dakota School of Mines
and Technology (2010). Dr. Larson received a
dual doctorate in environmental engineering
and biogeochemistry from Pennsylvania State
University (2013). His graduate research focused
on acid mine drainage, arsenic and uranium
fate and transport, and biogeochemical inter-
actions between surface and groundwater.

Dr. Larson currently is working with the Land
and Wildlife, Nuclear, and Water programs to
protect U.S. water resources.
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Question & Answer Session

Comment 1

(Unknown): For Lance [Larson]. Good database and good work—I am glad you put in the lag times
which are so important in rivers and runoff, and also the saturation of the soil which affects the effect of
rainfall. When you have a 0.9-inch rain event, we consider the storm surge as well as the amount. It's
interesting to take that into account.

Answer 1
Lance Larson: This work raises many more questions than answers. We can use it to build in
other things like that.

Question 2
(Unknown): For Lance [Larson]. How did you make sure the rainfall is in the right area and not in
another watershed?

Answer 2

Lance Larson: You could decrease that distance, so 10 miles would be your threshold. Within
that, it picks it up. It’s the threshold cutoff. If we can find the nearest location, we do. We can
run them again at different locations. We did a sensitivity analysis as well.

Answer 2 (follow-up)

Adam Mednick: You said the magic word, “tide,” which is very important for incorporating
into models. Also exceedance. In the best practices document we are putting out it’s about
probability. One use for VB [Virtual Beach] and modeling is figuring out when whether and
how to test. Glad Jay [Fleisher; made that point during his presentation.

Answer 2 (follow-up)

Mike Cyterski: In terms of Virtual Beach, I'd like to add some other tools, like logistical regres-
sions and neural nets, and lasso regression (where you minimize the number of variables
that you use in your regression).
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