New Information from Old Stream Data
Through Applications of Spatial Statistical
Network Models
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A New Type of Statistical Model
for Data on Stream Networks

Environ Ecol Stat (2006 13:449-464
[OT1 10.1007/10651 -006-0022-58
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Geostatistical modelling on stream networks: developing
valid covariance matrices based on hydrologic distance
and stream flow
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Key Innovation of Stream
Models is Covariance Structure -z
Based On Network Structure

Models “understand”
how information moves among

locations based on network topology

Temperature
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Peterson et al. 2007. Freshwater éiol_ogy 52:267-279;
Peterson & Ver Hoef. 2010. Ecology 91:644-651.




Different Autocovariance Functions
Describe Stream Relationships

Model
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Ver Hoef & Peterson. 2010. J American Statistical Association 105:6-18.



Spatial Statistical Network Models

Valid interpolation on networks
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Advantages:

-flexible & valid autocovariance structures
that accommodate network topology & non-
independence among observations
-improved predictive ability & parameter

estimates relative to non-spatial models
Ver Hoef et al. 2006; Ver Hoef & Peterson 2010; Peterson & Ver Hoef 2013




Spatial Statistical Network Models
Work the Way that Streams Do
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Gradual trends within networks...
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Stream Models are Generalizable...

T Response - Stream
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Applications — Spatial Statistical Network Models
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oel Example: Clearwater River Basin
<\ Data extracted from NorWeST

16,700 stream kilometers ﬁ’gfé >4,487 August means

TRTIETITT SN | >1,000 stream sites
A SR e, * 19 summers (1993-2011)
) A ST
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\#) Spatial vs Non-Spatial Model Results
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Non-spatial Stream Temp =
— 0.0064*Elevation (m) 20
+ 0.0104*Radiation
+ 0.39%AirTemp (°C)
— 0.17*Flow (m3/s)

Non-spatial Model
Autocorrelation

causes
parameter bias
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Accurate Predictions at Sampled
(& Unsampled) Locations Enable
Spatially Continuous Status Maps

Which then facilitate
trend assessments...



Efficient Monitoring Designs

Models Describe Autocorrelation Distances
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Spatial Variation in Prediction Precision

Prediction SE's
® 141-167
1.68 - 1.94
1.95-2.20
2.21-247
2.48-273
Thermograph

Kilometers




Block-krige Estimates of Mean &
Variance at User-Defined Scale

Temperature (°C)
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Reference Site Comparison Approach

Pick “degraded” & “healthy” streams to compare
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How altered is this stream?
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Block-Krige Estimates for Both Streams




Block-Kriging Fish Population Estimates

How Many Fish
.~ Live Here?

Sample
Reach

Population
Estimate

Traditional Estimation Scale =
Reach (10’s — 100’s meters)




Block-Kriging Fish Population Estimates

How Many Fish N
.~ Live Here? <y
e L/ /L{
e 3
Population
Estimate
ey

Desired Estimation Scale =
Stream & Network (1000’s — 10,000’s meters)



Block-Kriging Fish Population Estimates

Environ Ecol Stat (2008) 15:3-13

DO 10,1007/ 10651-007-0035-y * Terrestrial applications
are common

Spatial methods for plot-based sampling

of wildlife populations ° ThEOI"y now exists for
streams

Jay M. Ver Hoef
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Wel Sample size & computational requirements

Minimum sample size ~n >50 /100
-more parameters with autocovariance
-spatial clustering is useful

re X o

FROM Site
A B C D

TO site

Distance matrix

Maximum sample size ~ n < 10,000
-inversion of n X n matrix



529 A BIG DATA challenge
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The NorWeST Stream Temperature
Database, Model, & Climate Scenarios

Dan Isaak, Seth Wenger', Erin Peterson?, Jay Ver Hoef3 Charlie Luce,

. Steve Hostetler4, Jason Dunham4, Jeff Kershner4, Brett Roper, Dave
=~ Nagel, Dona Horan, Gwynne Chandler, Sharon Parkes, Sherry Wolirab,
Collete Breshares, Neal Bernklu
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>45,000,000 hourly records
>15,000 unique stream sites

NorWeST

aA: Stream Temp

>60 agencies | |

$10,000,000 [
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Cross-jurisdictional “maps’’ of
stream temperatures
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Consistent planning
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New
Hampshire

> 234,000 stream kilometers of thermal ooze
» 20,072 summers of data swallowed




BLOB Space, but BLOB time too...

: STEVE McOUEEN

& The BLOB... it just keeps growing... qg%_
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' \(, Climate-Smart Prioritization of Habitat

Lots of things we can do...
*Maintaining/restoring flow...
*Maintaining/restoring riparian...
*Restoring channel form/function...
*Prescribed burns limit wildfire risks...
*Non-native species control...
sImprove/impede fish passage...

...but
where to

do them?
___|




Network Models Facilitate Climate
Downscaling (& Measurement Upscaling)

Global climate model .
River network




Spatial Models are
Powerful Data Mining Tools
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Spatial Models are
Powerful Data Mining Tools

i Discharge - | i |

Free

Temperature

Free

" ~ millions!
(Wenger et al. 2011) *(Olsen & Hawkins 2010)




The National Stream Internet Project

An analytical framework for creating new
information from old data on stream networks

Dan Isaak, Erin Peterson, Dave Nagel, Jay Ver Hoef, Jeff Kershner

a USGS

science for a changing world P

BIG DATA =
BIG POSSIBILITIES

Computer
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Stream Internet Project Objectives

1) Develop compatibility between spatial stream analysis tools
and national hydrography layer (USGS NHDPIlus, v2)

2) Update STARS stream analysis tools to ArcGIS 10.2

3) Host national workshop in 2015 to engage key researchers &
leaders from aquatic programs (i.e., power-users)

STARS (Spatial National
Tools for Analysis Hydrography

of River Systems)
{freeware ArcGIS
Toolset developed by

Peterson and Ver
Hoef 2013)

National Stream

Reach Covariate Data
{e.g., gradient, elevation,
land cover, watershed

size as summarized in

Streamlines
(NHDPlus, Version 2|

B o A9
" LANDSCAPE

' CONSERVATION
COOPERATIVES

Wang et al. 2011,
NHDPlus, DEMs, etc.)

L]

Databases of Stream
Measurements
(e.g., water chemistry,
temperature/Tlow, insects,
fish as summarized in
NWIS, Wenger et al. 2011,
NorWesS], NortaSl etc)

Stream Internet
(A netwark of people, digital
data, and new analytical
techniques that generatos
accurate, high-resclution
information about streams for
status and trend assessments)

SSN (Spatial
Stream Network)
freewareR
statistical package
developed by Ver
Hoef et al. 2013)

Projects like
NorWeST done
routinely &
incentives

for database
aggregation




Then it’s just 3 easy steps
Step 1. Develop a Stream Database...

Temperature (°C)

15 Stream
Temperature

»
1 :

nywhere in the country...

VAR = Genetic . a P
Q) s - R 2 .
Attributes -

B! ¥ifwater Quality
. “I Parameters




Step 2. Link to Covariate Predictors
100’s are Available (NHDPIlus, NLCD, DEMs...)

Precipitation

§
S &
- x
'y
. )
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Area

evation

V4

Elevation

Distance

Wang et al. 2011. A Hierarchical Spatial Framework and Database for the
National River Fish Habitat Condition Assessment. Fisheries 36:436-449.




Step 3. Stream Statistical Analysis
SSN/STARS Website - Free Software

SSN & STARS:
Tools for Spatial Statistical Modeling

* Software
G e e Example Datasets

Raocky Mountain IS B
Rosearch Station EEEIEREURSEEEEES

Prvheas rein Fools for Spatial Statistical Modeling on 0
.--; V-: . , e Stream Networks P Documentathn
. 'o' .
- - . .
"k ,; ‘.Lau:tt Releares
L ¥ Authees

Journal of Statis

MMMMMM YYYY, Valsane VY

tical Software

"

Spatial Stream
Networks (SSN) Q.| X e e
PaCkage fOf’ R : : TR st oo I i

SSN: An R Package for Spatial Statistical Modeling
on Stream Networks

A Moving Average Approach for Spatial Statistical
Models of Stream Networks

Jay M. VER HOEF and Erin E. PETERSON

STARS: An ArcGIS toolset used to calculate the spatial data needed to
fit spatial statistical models to stream network data




~ ‘,:.,‘Q' An InterNet Happens Because of Users
\<\e Rapidly Developing at Grassroots Level

>11,000 Visits to SSN/STARS
website in first year
>300 software downloads

c
DA Congo fey ) ks
Brazil Uil 1 . Pegun a
Peru
Nvie :
e Ntm.:@ Madagascar All- :v %&
@ S0uin 4 Y LEan Au e

" Locations of visits to SSN/STARS website in last mohth




2"d Annual Training Workshop in Boise
May 15 - 17, prior to Joint Aquatic
Sciences meeting in Portland
ldaho Water Center

3 day workshop
15t day: overview of spatial stream
models (webinar)

"“uﬁzv::‘:ir:ifnu:m-.nommnumm.mm'c:-n N 1O REGISTER, Go He p 2nd/3rd days: Work 1_On_1 With
PUALKC SOl QUESTIONS TAAT 3¢ retated 50 bIDkgc, ecolopical, sna Lty [l wwven idetonts o/
e A S A g Jay/Erin to model your data

olect & continsnun samgle throughout pece. Sowtisl yimutoal methody
usz spotial data eMoenty. and e de used 50 Investigats et
oois raan, S uroceicae o Coe

wecccomes | Attendees (15 people); 15 day
it webinar viewers (unlimited)

i If Interested, contact Dan Isaak
e (disaak@fs.fed.us) or go to the
SSN/STARS website for

registration details
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Better Understanding &
Prediction for Streams

Old relationships tested
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More With Less, but What If...
It was Massively More?
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