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6cm to
2.4 meters

Rare plants in California

* Biodiversity hotspot

 >6,500 plants (~30% found only in CA)

e >1,600 considered rare (CNPS Inventory)

Today: Distribution modeling & rare plants

Future (specific examples)

I. Present (basic modeling) Il.
Introduction to methods
Issues to watch for

Scenarios of climate change
Rare plant biology



Species distribution modeling

=
statistical
model
Species locations Predictor variables Estimated Future (or past)
distribution distribution
. -Temperature
-Museum specimens R
-Precipitation
-Focused surveys .
-Elevation

-Citizen science



Species distribution modeling

e'q,(x(z))

Complex methods with simple output: Q=1 = i )

Thousands of scientific papers in last 15 years

Areas of application

* Global health

* Agriculture

* Biological Conservation and Management

-Predict current habitat
-Assess climate change



Vector born diseases
Zika virus & vector

2050

Source: Carlson et al. 2016 BioRxiv



Climatic suitability for wine production in 2050

Up to 70% losses in key regions
$300 billion industry
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]
B Lost

Source: Hannah et al. PNAS 2013



Projecting into the past to understand extinction

Passenger pigeon

Last glacial
maximum

Source: Hung et al. 2014, PNAS



Species distribution modeling: Rare Plants

Species locations

-Museum specimens
-Focused surveys
-Citizen science

b >
- ’ statistical
;-"/:g B model
Predictor variables
-Temperature
-Precipitation
-Elevation

N
o

Estimated
distribution

3
global
change

Future (or past)
distribution

* Find unknown populations

* Understand biology

* Range maps

* Climate change vulnerability
* Regulatory guidance: survey areas

* Hard-line maps: development zones



What to watch out for?

Example 1: Challenges with biodiversity data




What to watch out for?

Flora of North America
/ Range Map

Nuttall’s scrub oak (Quercus dumosa)

California Rare Plant Rank 1B.1
(Rare or endangered in CA with serious threats)
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L& *'! J.! Example 1: Challenges with biodiversity data
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Taxonomy has changed

1842: Quercus dumosa
name for all CA scrub oaks

Today: Over 10 different species
names for scrub oaks

CNDDB- reviewed in 2011

Biodiversity data is widely available but error prone




What to watch out for?

Example 2: Model accuracy can be misleading
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+ E{:\ » S| @ Example 2: Model accuracy can be misleading
3 . T

variables Estimated Future (or past)
distribution distribution

Mojave monkeyflower (Mimulus mohavensis)

CA Endemic
Rare Plant Rank 1B.2
Annual

'™
.
Species locations: Predictor variables: Statistical method:
CNDDB Records Bioclimatic Variables Maxent

(Presence only)
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cccccc

Predicted model for
Mojave monkeyflower:

Predicted suitability



5 ‘ _.N Example 2: Model accuracy can be misleading

statistical
cccccc

Predicted model for
Mojave monkeyflower:

Predicted suitability

O Known occurrences



il “ _.f“ Example 2: Model accuracy can be misleading

sssssssssss
cccccc

Predicted model for
Mojave monkeyflower:

Model score (AUC): 0.993

0 0.5 1

Worse than random Identifies occurrences,
excludes other areas

Predicted suitability

O Known occurrences
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Climatic model

Model score
(AUC)=.993

aome.
Variables -
Annual temperature

Annual rainfall

Summer max temp

Winter min temp

Seasonality

+ 10 other Bioclimatic variables
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- S8 _J“ Example 2: Model accuracy can be misleading
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Species locations Predictor variables Estimated Future (or past) Co m p a rI n g m o d e I s

distribution distribution

Climatic model

Model score Model score
(AUC)= .993 (AUC)= .996

Variables -
Annual temperature
Annual rainfall
Summer max temp
Winter min temp
Seasonality

+ 10 other Bioclimatic variables

" a
b )



- S8 _J“ Example 2: Model accuracy can be misleading
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Species locations Predictor variables Estimated Future (or past) Co m p a rI n g m o d e I s

distribution distribution

Climatic model

Model score Model score
(AUC)= .993 (AUC)= .996

v

Variables
Annual temperature
Annual rainfall
Summer max temp
Winter min temp
Seasonality

+ 10 other Bioclimatic variables
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Species locations Predictor variables Estimated Future (or pas
distribution distribution

Climatic model

Model score
(AUC)=.993

Variables N
Annual temperature
Annual rainfall
Summer max temp
Winter min temp
Seasonality

+ 10 other Bioclimatic variables

Variables

* LX? - —»‘! Example 2: Model accuracy can be misleading
/,

Comparing models

“Census and City” Model

Model score
(AUC)= .996

Household income
Education level
Property values
Distance from Los Angeles
Distance from Barstow
Distance from Sacramento
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Species locations Predictor variables Estimated Future (or past)
distribution distribution

Climatic model

Model score
(AUC)=.993

Variables .-
Annual temperature
Annual rainfall
Summer max temp
Winter min temp
Seasonality

+ 10 other Bioclimatic variables

4

Variables

. ﬁg\, 5 N —»’“ Example 2: Model accuracy can be misleading

“Census and City” Model

Model score
(AUC)= .996

Household income
Education level
Property values
Distance from Los Angeles
Distance from Barstow
Distance from Sacramento
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* K{% - N Example 2: Model accuracy can be misleading
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Narrow distributions can lead to false confidence

Evenly dispersed Clustered
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Oﬁ‘ O % o)

® Species presence points PG %
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Common & widespread plants Rare and restricted plants
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Species locations Predictor variables Estimated Future (or past) Common VS- ra re desert plants
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Silver cholla
(Cylindropunta echinocarpa)

(Ripley’s K)

Barstow woolly sunflower
(Eriophyllum mohavense)

In collaboration with Kara Moore, UC Davis
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Estimated Future (orpast)
distribution distribution

® Species presence points

O Model background points
(pseudoabsences)

Example 3: Solutions can generate new issues
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Example 3: Solutions can generate new issues

o 00-’03‘ TN
fogme o . .
o fh 00 ® Species presence points
% O Model background points
(pseudoabsences)
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Example 3: Solutions can generate new issues
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fogme o . .
o fh 00 ® Species presence points
% O Model background points
(pseudoabsences)
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R ,‘ ,‘ Example 3: Solutions can generate new issues
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distribution distribution
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Example 3: Solutions can generate new issues
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Species locations Predictor variables Estimated Future (or past)
distribution distribution
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O Model background points
(pseudoabsences)

Model within
‘dispersal distance’

Model applies to
small area
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Predict beyond the
model conditions
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Predictor variables Estimated Future (orpast)
distribution distribution

Barstow woolly sunflower
(Eriophyllum mohavense)
CNPS 1B
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Continuous suitability

Regulatory need:
predicted habitat- yes or no?
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Example 4: One model, multiple predictions
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Assessing distribution models in conservation & management

* Quality occurrence data?

Spatial distribution addressed?

Meaningful variables?

Uncertainty acknowledged?

How important are the specific predictions?



Assessing distribution models in conservation & management

* Quality occurrence data?

Spatial distribution addressed?

Meaningful variables?

Uncertainty acknowledged?

How important are the specific predictions?

uuuu

an D;agu : s

Find unknown populations Hard line regulatory maps

5

Level of scrutiny




Assessing distribution models in conservation & management

Find unknown populations

Quality occurrence data?

Spatial distribution addressed?

Meaningful variables?

Uncertainty acknowledged?

How important are the specific predictions?

5

Level of scrutiny

# of independent occurrences

Common Common

species & well
studied

Rare
species

I
Knowledge of biology of species



Part 2:
Future distributions



Climate Envelope Models

2010

Nevada [
|

El Dorado

Placer

1. Assess range of variables (max temp, precip, etc.) where species currently occurs
2. Assess where this same range of variables will occur in the future

2100

Nevada

|Sacramento

El Dorado

Placer




Challenges

© Julie Evens, © Marc H.
DFG photos: Todd K«

Inyo. Panamint
Mountains Range

Vertical exaggeration: 36x

Sierra Nevada

e Range

| I i l
San Diablo San Joaquin Sierra Panamint

Francisco Range Valley Foothills Mount Whitney (14,494 ft) ~ Valley ~ Death Valley

Climate

Modified Keppen Cimate Claseificaon Sysse

e

P
o
Bl oo st e

4|

* Complex landscape

* Uncertainty



"It is far better to
foresee even without
certainty than not to
foresee at all. "
--Henri Poincare

Uncertainty

Climate Change Projections for California
2070-2099 relative to 1981-2010 (rcp4.5)
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25% -

GCM
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. 3 =ccsm4
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() 7=gfdl_cm3
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Projected precipitation
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-25%-

() 8=gfdl_esm2m
() 9=hadgem2_cc
() 10 = hadgem2_es

. 11 = miroc_esm

) 12 = miroc5

. = ensemble mear

0
Projected minimum air
temperature change (° C)

5
Thorne et al. 2015

2

CNRM
(warm and wet)

precipitation change
=2100-historic

CNRM

MIROC

MIROC T
ptL (hot and dry)

(hot and dry)

Tmax change
degraes Celsius
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Climate Vulnerability Assessment *
for CA Rare Plants

Brian Anacker, Melanie Gogol-Prokurat, Krystal Leidholm, Steve Schoenig

“The patina of monolithic rarity may have hindered our
understanding of an exceedingly heterogeneous assemblage

Algodones Dunes Sunflower
(Helianthus niveus ssp. tephrodes)

of organisms.” —Rabinowitz 1981

Habitat Specificity

Geographic range
La Small f 1
S of rarity
Somewhere Common Locally Locally Locally
large abundant over abundant in abundant in a
a4 large range several specific
Population in a specific habitats, but habitat, but
Size habitat type restricted restricted
geographically geographically
Everywhere Constantly Constantly Constantly Conztantly
small sparse over sparse in a sparse and sparse and
a large apecific geographically geographically
range and in habitat, but reastricted in reatricted in
several over a large several a specific
habitats range habitats habitat
Broad | “ﬁ* Restricted \ Broad \ a Restricted v
v Py



Limosella australis
Delta mudwort

Habitat
suitability

high

low




Packera layneae i
Layne’s ragwort
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(increasing vulnerability) (decreasing vulnerability)

anomaly (future - historic)

maxent, 4 clim vars
vs. maxent
4 clim vars, custom ext.

maxent, 4 clim vars
vs. random forest
4 clim vars

T T
-1.0 -0.5 0.0 0.5 1.0
(increasing vulnerability) (decreasing vulnerability)
anomaly (future - historic)

T T
-1.0 -0.5 0.0 0.5 1.0
(increasing vulnerability) (decreasing vulnerability)
anomaly (future - historic)

maxent, 4 clim vars
vs. random forest
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CCVI Results

Extremely Vuln, n=2 Presumed Stable, n=32
Highly Vuln, n=40 Increase Likely, n=16
Moderately Vuln, n=57 Insufficient Info, n=9

Many unknowns
No short-cuts
Strongly driven by SDM results

Other important factors
Anthropogenic barriers
Topographic complexity
Human response to climate change
Historical thermal niche

Fed List: End
Grank: 2

Srank: 2
CRPR: 1B.2
Fed List: None

Piperia yadonii



Uses

 Assess species vulnerability

* Identify monitoring priorities

* Planning for climate resiliency

* Inform translocation/new populations

Ventura marsh
milk-vetch

Astragalus pycnostachyus
var. lanosissimus

Challenges: long time horizon, uncertainty

B ‘S

M P
© TaraLlongwell

“a slow-moving emergency”




Topographic complexity

© Jean Pawek
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Geology

Generalized Bedrock Types

S Carbonate {includes fimesione)
| Uliramafic (includes serpenting)
st |

Other Metamarphic

| Granitic
8y
. Volcanic

Substrate Preferences of Special Status Plants
After CNPS (1997), updated based on CNPS (2001)

Serpentine 298
Granite 126

Alkaline 82 S, 7 L
Gabbro 20
Sandstone 19
Shale 10
Gypsum 1

Distribution of Selected Bedrock Types

Clay 113 S "’“"‘ & "
Carbonate 111 . - ‘.‘:.
Volcanic 99 =



Xeric Mesic

D A

Egrassland
Exeric chaparral
Omesic chaparral
Owoodland

number of plots

C. stebbinsii C. roderickii P. layneae W. reticulata




Land
Cover

Layne’s ragwort (Packera layneae)

Occurs in white-leafed manzanita
(Arctostaphylos viscida) chaparral

>
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:l Packera layneae Meters B SE— S——
. 0625125 250 375 500

Vegetation type
NVCS NAME
Arctostaphylos viscida
- Built-up and Urban Disturbance

California Annual and Perennial Grassland

Pinus sabiniana

- Quercus douglasii T
- Quercus kelloggii .
- Quercus wislizeni L




Layne’s ragwort (Packera layneae)

Occurs in white-leafed manzanita
(Arctostaphylos viscida) chaparral

I:l Packera layneae Metersmo
Vegetation type .
NVCS NAME Iy
Arctostaphylos viscida
- Built-up and Urban Disturbance

California Annual and Perennial Grassland

- Pinus sabiniana

B auercus douglasii
- Quercus kelloggii
- Quercus wislizeni




Layne’s ragwort (Packera layneae)

Occurs in white-leafed manzanita
(Arctostaphylos viscida) chaparral

:’ Packera layneae

Vegetation type

NVCS NAME
Arctostaphylos viscida

- Built-up and Urban Disturbance
California Annual and Perennial Grassland
Pinus sabiniana

B Quercus douglasii

- Quercus kelloggii
- Quercus wislizeni

Meters B SE— E——

0 62.5125

250

375

500



Land
Cover
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Other important
variables

e Litter cover
e G@Gravel cover
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