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Project Title:  Effects of Fuel Treatments on Fire Risk and Habitat  

Suitability for the Mexican Spotted Owl   
  

Introduction  

  Effective management approaches are critically needed to mitigate hazardous 
fuels and maintain threatened and endangered species habitat in southwestern forest 
types, particularly in the context of climate change (Shepard et al. 2002, Westerling et 
al. 2006). This project was designed to directly address two Task Statements in the 
RFA012, including (3) Fuels Treatment Effectiveness, and (6) Compatibility of Fuels and 
Fire Management with Conservation of Threatened and Endangered Fish and Wildlife 
Species. Specifically, this project evaluates the effects of realistic forest restoration 
treatments on landscape-scale fire-risk and habitat extent and connectivity for the 
Mexican spotted owl (Strix occidentalis lucida), a federally listed Threatened species. 
This project leverages pre-existing owl and forest data, as well as recent largescale 
wildfire events, to examine treatment effects on the extent and connectivity of owl 
habitat and compare those effects to the effects of a recent large wildfire.   

  Many forests in the western United States, historically structured by frequent, 
lowintensity fire, currently are at high risk from stand-replacing fire (Covington et al. 
1994). To reduce that risk, land managers are implementing fuels reduction and forest 
restoration projects across increasingly larger areas (Hampton et al. 2011). Extreme fires 
events such as the 2002 Rodeo-Chediski and more recent 2011Wallow Fire set the stage 
for the Four Forest Restoration Initiative (4FRI), the most ambitious forest restoration 
effort in the US. The US Forest Service is planning to implement forest restoration and 
fuels mitigation treatments on approximately 30,000 acres per year over the next 20 
years within ponderosa pine (Pinus ponderosa) and mixed conifer forest types 
(http://www.4fri.org/). The effects of such treatments on biological resources are poorly 
known (Kalies et al. 2009), however, and that uncertainty frequently results in appeals, 
lawsuits, delayed decisions, or simple avoidance of areas occupied by Threatened and 
Endangered Species.   

  The 4-FRI planning area, in addition to the Lincoln National Forest (New 
Mexico), encompass critical Mexican spotted owl habitat. Significant questions exist 
regarding the effects of landscape- to region-level forest treatments on Mexican spotted 
owl habitat extent and connectivity. Spotted owls typically occupy relatively dense, older 
forest with closed canopies and numerous snags and logs (Ganey and Dick 1995, Ganey 
et al. 2003). Forest thinning associated with fuels treatments can potentially reduce 
habit quality on a site (Seamans and Gutiérrez 2007). Conversely, extensive fuels 
treatments can benefit spotted owls by reducing the threat of severe fire behavior within 
critical habitat areas. In addition, periodic drought and climate change profoundly affect 
fire extent and severity across the western United States (McKenzie et al. 2004, 
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Westerling et al. 2006, Littell et al.2009). However, large gaps in knowledge exist about 
the interaction between climatic stressors, shifting disturbance regimes, and 
appropriate forest management responses that retain critical wildlife habitat, such as 
that for the Mexican spotted owl.   
  

Objectives  

  The purpose of this project was to evaluate potential impacts of climate change 
on effectiveness of restoration treatments in reducing fire risk and on the extent and 
connectivity of spotted owl habitat under alternative management scenarios. The 
specific objectives of the funded project were as follows:  

1. Predict effects of alternative fuel treatment and climate change scenarios on extent 
and severity of wildfire across three national forests in the Southwest region.   

2. Develop a multi-scale, spatially-explicit habitat suitability model for Mexican 
spotted owl using existing data sets.   

3. Use landscape dynamic simulation modeling to evaluate the effects of climate 
change interacting with fuels treatment type, extent, and spatial distribution on 
fire risk and habitat suitability and connectivity for Mexican spotted owls at several 
spatial scales.   

4. Compare the effects of the range of simulated treatment scenarios with the impacts 
of the recent Wallow fire on extent and connectivity of owl habitat.   

Modified Objectives and Deliverables Delivered 

  Due to unforeseen challenges in the simulation modeling portion of the project 
and inability of sub-contractor University of Massachusetts to deliver this component of 
the project we did not complete original tasks 1, 3 and 4. This was most unfortunate and 
disappointing, especially given that the majority of the project funding wet to UMass for 
this project. Unfortunately, they did not deliver any simulation results for current or 
future conditions.  

   In our sincere effort to pivot the project to provide valuable scientific results on 
the aspects of the project we were able to complete without the UMass simulation 
products we completed the additional tasks: 

1.   Produce a meta-replicated habitat suitability model for Mexican spotted 
owl across the US range of the species to address spatial nonstationarity of habitat 
and generalize spatial habitat predictions.  
2. Produce two review papers of habitat management, climate and fire risks 
to Mexican spotted owl habitat. 
3. Simulate population dynamics and connectivity of Mexican spotted owl 
across the US range to identify threats and opportunities for management to 
enhance viability through fuels management. 
4. Evaluate the effects of the Wallow megafire on extent, quality and 
fragmentation of Mexican spotted owl habitat. 
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5. Predict the effects of future climate change on fire regimes and the relative 
vulnerability of Mexican spotted owl to changing fires driven by climatic warming. 

 

6. Predict effects of alternative fuel treatment and climate change scenarios on extent 
and severity of wildfire across three national forests in the Southwest region.   

7. Develop a multi-scale, spatially-explicit habitat suitability model for Mexican 
spotted owl using existing data sets.   

8. Use landscape dynamic simulation modeling to evaluate the effects of climate 
change interacting with fuels treatment type, extent, and spatial distribution on 
fire risk and habitat suitability and connectivity for Mexican spotted owls at several 
spatial scales.   

9. Compare the effects of the range of simulated treatment scenarios with the impacts 
of the recent Wallow fire on extent and connectivity of owl habitat.   

While we are disappointed in our inability to complete the original scope of the project, 
we ask the JFSP Program to recognize our considerable success of making the best of a 
difficult situation. Specifically, this project produced 9 peer reviewed publications on a 
range of important climate and fire science as it relates to Mexican spotted owl 
conservation and management. Live links to these are given here: 

 

1) Conflicting perspectives on spotted owls, wildfire, and forest 
restoration 

JL Ganey, HY Wan, SA Cushman, CD Vojta - Fire Ecology, 2017 - Springer 
Evidence of increasing fire extent and severity in the western US in recent decades has 
raised concern over the effects of fire on threatened species such as the spotted owl (Strix 
occidentalis Xantus de Vesey), which nests in forests with large trees and high canopy cover … 

  Cited by 35  Related articles  All 9 versions  Web of Science: 24  

 

 
 

 
 

 

 
 

 

2) Recent and projected future wildfire trends across the ranges 
of three spotted owl subspecies under climate change 

HY Wan, SA Cushman, JL Ganey - Frontiers in Ecology and Evolution, 2019 - frontiersin.org 
A major task for researchers in the 21st century is to predict how climate-mediated stressors 
such as wildfires may affect biodiversity under climate change. Previous model predictions 
typically do not address non-stationarity in climate-fire relationships across time and space … 

  Cited by 19  Related articles  All 4 versions  Web of Science: 8  

 
 

 
 

 

 
 

 
 

 
 

3) Habitat fragmentation reduces genetic diversity and 
connectivity of the Mexican spotted owl: a simulation study 
using empirical resistance models 

HY Wan, SA Cushman, JL Ganey - Genes, 2018 - mdpi.com 
We evaluated how differences between two empirical resistance models for the same 
geographic area affected predictions of gene flow processes and genetic diversity for the 
Mexican spotted owl (Strix occidentalis lucida). The two resistance models represented the … 

  Cited by 21  Related articles  All 11 versions  Web of Science: 12   

 

https://link.springer.com/article/10.4996/fireecology.130318020
https://link.springer.com/article/10.4996/fireecology.130318020
https://scholar.google.com/citations?user=mnzmmt8AAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=1V71o3kAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=4ZGaYlIAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=SUUvDtAAAAAJ&hl=en&oi=sra
https://scholar.google.com/scholar?cites=2825728894517075434&as_sdt=5,38&sciodt=0,38&hl=en
https://scholar.google.com/scholar?q=related:6l0_TXUBNycJ:scholar.google.com/&scioq=cushman+wan&hl=en&as_sdt=0,38
https://scholar.google.com/scholar?cluster=2825728894517075434&hl=en&as_sdt=0,38
http://gateway.webofknowledge.com/gateway/Gateway.cgi?GWVersion=2&SrcApp=GSSearch&SrcAuth=Scholar&DestApp=WOS_CPL&DestLinkType=CitingArticles&UT=000418797900009&SrcURL=https://scholar.google.com/&SrcDesc=Back+to+Google+Scholar&GSPage=TC
https://www.frontiersin.org/articles/10.3389/fevo.2019.00037/full
https://www.frontiersin.org/articles/10.3389/fevo.2019.00037/full
https://scholar.google.com/citations?user=1V71o3kAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=4ZGaYlIAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=mnzmmt8AAAAJ&hl=en&oi=sra
https://scholar.google.com/scholar?cites=3737664699755147567&as_sdt=5,38&sciodt=0,38&hl=en
https://scholar.google.com/scholar?q=related:LzFszj3a3jMJ:scholar.google.com/&scioq=cushman+wan&hl=en&as_sdt=0,38
https://scholar.google.com/scholar?cluster=3737664699755147567&hl=en&as_sdt=0,38
http://gateway.webofknowledge.com/gateway/Gateway.cgi?GWVersion=2&SrcApp=GSSearch&SrcAuth=Scholar&DestApp=WOS_CPL&DestLinkType=CitingArticles&UT=000467395400001&SrcURL=https://scholar.google.com/&SrcDesc=Back+to+Google+Scholar&GSPage=TC
https://www.mdpi.com/326192
https://www.mdpi.com/326192
https://www.mdpi.com/326192
https://scholar.google.com/citations?user=1V71o3kAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=4ZGaYlIAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=mnzmmt8AAAAJ&hl=en&oi=sra
https://scholar.google.com/scholar?cites=15674898626983583958&as_sdt=5,38&sciodt=0,38&hl=en
https://scholar.google.com/scholar?q=related:1mCdh0BtiNkJ:scholar.google.com/&scioq=cushman+wan&hl=en&as_sdt=0,38
https://scholar.google.com/scholar?cluster=15674898626983583958&hl=en&as_sdt=0,38
http://gateway.webofknowledge.com/gateway/Gateway.cgi?GWVersion=2&SrcApp=GSSearch&SrcAuth=Scholar&DestApp=WOS_CPL&DestLinkType=CitingArticles&UT=000443615400033&SrcURL=https://scholar.google.com/&SrcDesc=Back+to+Google+Scholar&GSPage=TC
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4) Improving habitat and connectivity model predictions with 
multi-scale resource selection functions from two geographic 
areas 

HY Wan, SA Cushman, JL Ganey - Landscape Ecology, 2019 - Springer 
Context Habitat loss and fragmentation are the most pressing threats to biodiversity, yet 
assessing their impacts across broad landscapes is challenging. Information on habitat 
suitability is sometimes available in the form of a resource selection function model … 

  Cited by 13  Related articles  All 9 versions  Web of Science: 8  

[HTML] oup.comFull View 
 
 

5) Meta-replication reveals nonstationarity in multi-scale habitat 
selection of Mexican Spotted Owl 

…, V Lauret, BC Timm, SA Cushman - The Condor …, 2017 - academic.oup.com 
Anthropogenic environmental changes are leading to habitat loss and degradation, driving 
many species to extinction. In this context, habitat models become increasingly important for 
effective species management and conservation. However, most habitat studies lack … 

  Cited by 23  Related articles  All 9 versions  Web of Science: 17  

 

6) Spotted owls and forest fire: Comment 
…, WM Block, PC Carlson, EJ Comfort, SA Cushman… - 2020 - digitalcommons.unl.edu 
Abstract Western North American forest ecosystems are experiencing rapid changes in 
disturbance regimes because of climate change and land use legacies (Littell et al. 2018). In 
many of these forests, the accumulation of surface and ladder fuels from a century of fire … 

  Cited by 5 Related articles All 11 versions Web of Science: 2  

 

 
 

 

 
 

 

7) Managing emerging threats to spotted owls 
…, JL Ganey, CD Vojta, SA Cushman - The Journal of Wildlife …, 2018 - Wiley Online Library 
The 3 spotted owl (Strix occidentalis) subspecies in North America (ie, northern spotted owl 
[S. o. caurina], California spotted owl [S. o. occidentalis], Mexican spotted owl [S. o. lucida]) 
have all experienced population declines over the past century due to habitat loss and … 

  Cited by 16  Related articles  All 5 versions  Web of Science: 10  

 

8) The effect of scale in quantifying fire impacts on species 
habitats 

HY Wan, SA Cushman, JL Ganey - Fire Ecology, 2020 - fireecology.springeropen.com 
Fire size and severity have increased in the western United States in recent decades, and 
are expected to continue to increase with warming climate. Habitats for many species are 
threatened by large and high-severity fires, but the effect of spatial scale on the relationship … 

  Cited by 4 Related articles All 6 versions  Web of Science: 3  

 

9) Climate change and future wildfire in the western United 
States: an ecological approach to nonstationarity 

JS Littell, D McKenzie, HY Wan, SA Cushman - Earth's Future, 2018 - Wiley Online Library 
We developed ecologically based climate‐fire projections for the western United States. 

Using a finer ecological classification and fire‐relevant climate predictors, we created 
statistical models linking climate and wildfire area burned for ecosections, which are … 

  Cited by 58  Related articles  All 9 versions  Web of Science: 44  

 
 

 
 

 
 

 

 

 

https://link.springer.com/article/10.1007/s10980-019-00788-w
https://link.springer.com/article/10.1007/s10980-019-00788-w
https://link.springer.com/article/10.1007/s10980-019-00788-w
https://scholar.google.com/citations?user=1V71o3kAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=4ZGaYlIAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=mnzmmt8AAAAJ&hl=en&oi=sra
https://scholar.google.com/scholar?cites=5677028279238379314&as_sdt=5,38&sciodt=0,38&hl=en
https://scholar.google.com/scholar?q=related:MsfZSyTbyE4J:scholar.google.com/&scioq=cushman+wan&hl=en&as_sdt=0,38
https://scholar.google.com/scholar?cluster=5677028279238379314&hl=en&as_sdt=0,38
http://gateway.webofknowledge.com/gateway/Gateway.cgi?GWVersion=2&SrcApp=GSSearch&SrcAuth=Scholar&DestApp=WOS_CPL&DestLinkType=CitingArticles&UT=000463741600004&SrcURL=https://scholar.google.com/&SrcDesc=Back+to+Google+Scholar&GSPage=TC
https://academic.oup.com/condor/article/119/4/641/5152924
https://academic.oup.com/condor/article/119/4/641/5152924
https://scholar.google.com/scholar?output=instlink&q=info:C55w8uFUn3UJ:scholar.google.com/&hl=en&as_sdt=0,38&scillfp=14088798894234032683&oi=lle
https://academic.oup.com/condor/article-abstract/119/4/641/5152924
https://academic.oup.com/condor/article-abstract/119/4/641/5152924
https://scholar.google.com/citations?user=hbi_zlMAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=t2R6cPEAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=4ZGaYlIAAAAJ&hl=en&oi=sra
https://scholar.google.com/scholar?cites=8475586353146404363&as_sdt=5,38&sciodt=0,38&hl=en
https://scholar.google.com/scholar?q=related:C55w8uFUn3UJ:scholar.google.com/&scioq=cushman+wan&hl=en&as_sdt=0,38
https://scholar.google.com/scholar?cluster=8475586353146404363&hl=en&as_sdt=0,38
http://gateway.webofknowledge.com/gateway/Gateway.cgi?GWVersion=2&SrcApp=GSSearch&SrcAuth=Scholar&DestApp=WOS_CPL&DestLinkType=CitingArticles&UT=000415752200001&SrcURL=https://scholar.google.com/&SrcDesc=Back+to+Google+Scholar&GSPage=TC
https://digitalcommons.unl.edu/icwdm_usdanwrc/2395/
https://scholar.google.com/citations?user=BBbvOXoAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=4ZGaYlIAAAAJ&hl=en&oi=sra
https://scholar.google.com/scholar?cites=14326719644566797773&as_sdt=5,38&sciodt=0,38&hl=en
https://scholar.google.com/scholar?q=related:zb0DS5y70sYJ:scholar.google.com/&scioq=cushman+wan&hl=en&as_sdt=0,38
https://scholar.google.com/scholar?cluster=14326719644566797773&hl=en&as_sdt=0,38
http://gateway.webofknowledge.com/gateway/Gateway.cgi?GWVersion=2&SrcApp=GSSearch&SrcAuth=Scholar&DestApp=WOS_CPL&DestLinkType=CitingArticles&UT=000603657600005&SrcURL=https://scholar.google.com/&SrcDesc=Back+to+Google+Scholar&GSPage=TC
https://wildlife.onlinelibrary.wiley.com/doi/abs/10.1002/jwmg.21423
https://scholar.google.com/citations?user=mnzmmt8AAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=SUUvDtAAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=4ZGaYlIAAAAJ&hl=en&oi=sra
https://scholar.google.com/scholar?cites=18345218580182621394&as_sdt=5,38&sciodt=0,38&hl=en
https://scholar.google.com/scholar?q=related:0lyu_hlPl_4J:scholar.google.com/&scioq=cushman+wan&hl=en&as_sdt=0,38
https://scholar.google.com/scholar?cluster=18345218580182621394&hl=en&as_sdt=0,38
http://gateway.webofknowledge.com/gateway/Gateway.cgi?GWVersion=2&SrcApp=GSSearch&SrcAuth=Scholar&DestApp=WOS_CPL&DestLinkType=CitingArticles&UT=000430691200003&SrcURL=https://scholar.google.com/&SrcDesc=Back+to+Google+Scholar&GSPage=TC
https://fireecology.springeropen.com/articles/10.1186/s42408-020-0068-2
https://fireecology.springeropen.com/articles/10.1186/s42408-020-0068-2
https://scholar.google.com/citations?user=1V71o3kAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=4ZGaYlIAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=mnzmmt8AAAAJ&hl=en&oi=sra
https://scholar.google.com/scholar?cites=13182864105476370227&as_sdt=5,38&sciodt=0,38&hl=en
https://scholar.google.com/scholar?q=related:M68q4Q7x8rYJ:scholar.google.com/&scioq=cushman+wan&hl=en&as_sdt=0,38
https://scholar.google.com/scholar?cluster=13182864105476370227&hl=en&as_sdt=0,38
http://gateway.webofknowledge.com/gateway/Gateway.cgi?GWVersion=2&SrcApp=GSSearch&SrcAuth=Scholar&DestApp=WOS_CPL&DestLinkType=CitingArticles&UT=000519353700001&SrcURL=https://scholar.google.com/&SrcDesc=Back+to+Google+Scholar&GSPage=TC
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2018ef000878
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2018ef000878
https://scholar.google.com/citations?user=VEf_brUAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=1V71o3kAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=4ZGaYlIAAAAJ&hl=en&oi=sra
https://scholar.google.com/scholar?cites=3510324304431211729&as_sdt=5,38&sciodt=0,38&hl=en
https://scholar.google.com/scholar?q=related:0eQKPFsttzAJ:scholar.google.com/&scioq=cushman+wan+littell&hl=en&as_sdt=0,38
https://scholar.google.com/scholar?cluster=3510324304431211729&hl=en&as_sdt=0,38
http://gateway.webofknowledge.com/gateway/Gateway.cgi?GWVersion=2&SrcApp=GSSearch&SrcAuth=Scholar&DestApp=WOS_CPL&DestLinkType=CitingArticles&UT=000444074000005&SrcURL=https://scholar.google.com/&SrcDesc=Back+to+Google+Scholar&GSPage=TC
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Study area  

  Study area includes the Coconino and Apache-Sitgreaves National Forests in 
northern Arizona and the Sacramento District of the Lincoln National Forest in south 
central New Mexico (Fig. 1). The study area was selected because of (1) prior studies 
and available data confirming Mexican spotted owl habitat use and occurrence within all 
three areas; (2) contrasting landscape conditions and heterogeneous forest cover; and 3) 
forest management approaches aimed at fuels reduction and forest restoration. Forest 
types in the Arizona forests are dominated by ponderosa pine and ponderosa pine – 
Gambel oak (Quercus gambelii) forest with mixed-conifer forest occurring in canyon 
areas and at higher elevations. The New Mexico study area is dominated by 
mixedconifer forest. These forest types differ in species composition and fire regime 
(Fulé et al. 2009), and treatment approaches and effects are expected to differ across 
these forest types. Both study areas also receive special management emphasis. The 
Arizona study area is targeted for extensive landscape-scale analysis and management 
under the USFS Four Forest Restoration Initiative (USDA Forest Service 2011). 
Proposed forest management for the New Mexico study area has been controversial 
because of uncertainty about fuel treatment impacts on Mexican spotted owl habitat and 
reducing fire risk in private lands (US Fish and Wildlife Service 2002). Results from the 
proposed project will provide spatially explicit predictions for alternative fuel 
treatments that seek to balance reducing fire risk and protecting owl habitat in these two 
priority planning areas.  

  For practical reasons the study area was subdivided into nine landscapes 
corresponding to the four Ranger Districts on the Coconino NF, five Ranger Districts on 
the Apache-Sitgreaves NF, and the Sacramento District of the Lincoln NF (Fig. 1). Each 
landscape is treated as a separate unit for the analyses described below. Importantly, 
these nine landscapes represent a gradient of ecological conditions and are each large  
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Figure 1. Study area depicting the nine landscapes (Ranger Districts) on the Cocconino 

National Forest, Apache-Sitgreaves National Forest and Lincoln National Forest in 

northern Arizona and New Mexico.  

enough to meaningfully model the range of variation in landscape structure given the 
characteristic wildfire disturbance regime (Karau and Keane 2007, Keane et al 2008, 
Keane 2012). Moreover, these landscapes represent practical units for which forest 
management treatments are typically implemented, making our findings directly 
relevant to National Forest managers.  

Methods  

Spatial data layers  

  Reliably predicting the effects of climate change and forest management on the 
extent and severity of wildfire and the extent and connectivity of habitat for the Mexican 
spotted owl at broad spatial scales requires synoptically measured digital environmental 
data, such as provided by remote sensing and geographic information system databases 
(Wolter et al. 2009; Falkowski et al. 2009). We initially intended to use extant spatial 
data layers without modifications to meet all of our project needs. For example, previous 
work by the Forest Ecosystem Restoration and Analysis (ForestERA; 
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www.forestera.nau.edu) project in northern Arizona integrated USFS Forest Inventory 
and Analysis (FIA) data into a predictive modeling framework and derived measures of 
forest structure across several million hectares of federal, state, and private forests 
(Hampton et al. 2011). However, we subsequently determined that the spatial resolution 
and completeness of these extant spatial data layers was inadequate to meet our project 
needs. In particular, we determined that to adequately model the proposed vegetation 
treatments we would need a much finer spatial resolution map of canopy cover than 
currently exists for the study area. Specifically, we determined that to capture the scale 
and pattern of heterogeneity in canopy cover and associated vegetation attributes 
important to modeling fire, vegetation treatments, and Mexican spotted owl habitat, 
that we needed 5 m resolution canopy cover data. Consequently, we developed a suite of 
spatial data layers at 5 m resolution to accommodate our varied modeling needs (Table  
1).   
  

Table 1. Spatial data layers (geotiffs) developed at 5 m resolution for each of the nine 

landscapes in the study area (Fig. 1). All climate data was obtained from the University 

of Washington Center for Science in the Earth System (CSES). Detailed metadata 

including the process for deriving each layer will be documented in a subsequent detailed 

technical report.  

Group/Layer  Description  

Vegetation    

Cover type  Land cover classified into 25 major cover types derived 

from the 2015 LandFire Existing Vegetation Type (EVT) 

layer (www.landfire.gov) and topology based on the 

current NF Stands polygons. Briefly, each NF Stand was 

classified to a single cover type based on EVT 

composition according to a set of classification rules.   

Canopy cover  Binary canopy cover (1=canopy; 0=gap) derived from 1m 

USDA NAIP imagery (nominal date of imagery 2007) 

and a Random Forest classification model. All 

nonforested areas (including, e.g., shrublands and 

grasslands) as mapped in the Cover type layer were 

assigned 0.  

Canopy height  Canopy height (meters) developed by Hampton et al 

(2011) and resampled to 5m for cells classified as 

forested canopy.  

http://www.landfire.gov/
http://www.landfire.gov/
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Canopy age  Canopy age (years) derived from the Canopy height layer 

(above) and height-growth equations and estimates of 

age to breast height in Minor (1964), Hann and Scrivani 

(1986), and Puhlick et al (2012). Estimated tree canopy 

height was converted to estimated tree canopy age for an 

average site index for cells classified as forested canopy; 

all other cells were assigned age 0. Note, as defined here 

canopy age refers specifically to the age of the tree 

canopy (i.e., the number of years since tree  

 

 establishment) not the age since the last stand-replacing 

disturbance.  

Roads  Roads classified into 3 classes (expressways, paved 

double-lane, gravel single-lane) derived from NF GIS 

data.  

Moisture    

Growing season 

precipitation  

Total precipitation (cm) for March-September compiled 

as an annual time series for the historical period 

(19152006) and future period (2007-2099) under a 

composite climate projection scenario (from CSES).  

Water balance deficit  Annual and seasonal (March-September) water balance 

deficit (Potential evapotranspiration - actual 

evapotranspiration) compiled as an annual time series for 

the historical period (1915-2006) and future period 

(2007-2099) under a composite climate projection 

scenario (from CSES).   

Soil available water  Volumetric soil water content to a depth of 30 and 100 

cm from ISRIC World Soil Information database (Hengl 

et al, In review).  

Topographic wetness 

index  

Topographic wetness index based on local slope and flow 

accumulation derived from the digital elevation grid 

(below).  

Temperature    

Growing degree days  Growing degree days above 10c , computed as the sum 

across days of the number of degrees by which the mean 

daily temperature exceeds a threshold of 10 degrees 

Celsius, compiled as an annual time series for the 

historical period (1915-2006) and future period 

(20072099) under a composite climate projection 

scenario (from CSES).  
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Heat index (>35c)  Heat index, computed as the number of days above 35 

degrees Celsius, compiled as an annual time series for the 

historical period (1915-2006) and future period (2007-

2099) under a composite climate projection scenarios 

(from CSES).  

Topographic heat load 
index  

Energy  

Heat load index based on geographic location, slope and 
aspect derived from the digital elevation grid (below).  

  

Solar radiation index  Incident solar radiation index (SRI) derived from 

geographic location, slope and aspect from the digital 

elevation grid (below) based on Fu and Rich (2002).  

Soils    

Grassland soils  Binary grid differentiating grassland (i.e., Mollisols) from 

non-grassland soils derived from NRCS STATSGO2.  

Soil pH  Soil pH averaged to a depth of 30 and 100 cm from ISRIC 

World Soil Information database (Hengl et al, In review).  

Soil depth  Depth (cm) to bedrock up to 175 cm from ISRIC World 

Soil Information database (Hengl et al, In review).  

Terrain    

Elevation  Digital elevation (meters) from LandFire 

(http://www.landfire.gov) .  

Slope  Slope (in percent) derived from the digital elevation grid 

(above).  

Aspect  Aspect classified into 9 classes (45-degree arcs and flat) 

derived from the digital elevation grid (above).  

Topographic position 

index  

Topographic position index (TPI) derived from the 

digital elevation grid (above) using Jenness DEM surface 

tools for ArcGIS (Jenness 2013).  

Streams  Streams classified into 2 classes (small and large) derived 

from NF GIS data.  

Disturbance  

Fire history  

  

Year of most recent recorded historical fire based on NF 

fire history polygon data (1970-2015).  

Treatment history  Year of most recent vegetation treatment based on NF 

FACTS data.  
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Management  

Treatment boundaries  

  

Binary indicator of potential treatment unit boundaries 

based on delineated streams (above) and ridgelines 

(derived from the elevation grid).  

Wildland-urban 

interface  

Binary indicator of the designated Wildland-urban 

interface (WUI) obtained from the National Forests.  

Mexican spotted owl  

Protected Activity  

Centers  

Mexican spotted owl protected activity centers (PACs) 

obtained from the USFWS.  

Municipal watersheds  In process of obtaining from municipalities.  

Wilderness & 

designated roadless 

areas  

Wilderness and designated roadless areas obtained from 

the National Forests.  

Special interest 

management areas  

Special interest management areas (e.g., archeological 

sites) obtained from the National Forests.  

  

   

Mexican spotted owl habitat modeling  

  

  We developed two multi-scale empirical models of habitat suitability for Mexican 
spotted owl based on compilation and spatial analysis of extensive existing data on 
occurrence and nesting locations for the species in Arizona (Ganey and Benoit 2002) 
and New Mexico (Ganey and Dick 1995). These two models were developed for (1) the 
Coconino Plateau region (Timm et al. 2016) and (2) the Sacramento Mts (Wan et al. 
2018, 2019). The methods used in developing these models were as follows:  

  Owl locations.--We used MSO survey data collected throughout the study area by 
the USFS during April-August (approximate nesting season throughout the study area) 
from 1990-1993 for all analyses in this study. USFS survey crews located MSO by 
imitating their vocalizations during nocturnal surveys and then listening for a response 
(Forsman 1983). Most surveys were conducted by stopping to call and listen for owls at 
calling stations spaced every 0.3-0.8 km along forest roads in a non-systematic fashion 
across the study area. Crews remained at these calling stations for 15 min or until an 
MSO responded. In roadless areas crews conducted surveys by hiking ridgetops or 
canyon bottoms and calling every 30-40 sec. Surveys were concentrated in forests and 
canyonlands after initial efforts to locate owls outside of such areas failed. All surveys 
were conducted on calm nights and most locations were surveyed multiple times, 
especially in locations where MSO were encountered.   

Survey crews mapped nocturnal MSO locations based on a compass bearing and 
estimated distance to the calling owl. Crews also revisited areas by day to locate 
roosting/nesting owls when possible. Crews located roosting MSO by calling during the 
day in areas where they were detected at night and tracking them until they were 
visually located in a nesting or roosting location. We excluded nocturnal locations from 
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this current study due to the positional uncertainty associated with non-visual 
triangulation and given that MSO may be attracted in from relatively long distances at 
night by vocalization surveys. The remaining dataset was comprised entirely of nest (n = 
140) and roost (n = 68) locations. Preliminary analyses indicated no significant 
differences between nest and roost data, which was consistent with our expectations 
given that many roosts during this period were likely locations of individuals roosting in 
close proximity to nests. Consequently, we combined these two datasets into a single 
nest/roost dataset (n = 208) for use in this study.   

  Pseudo-absence locations.--Because survey locations where MSO were not 
encountered during surveys were not reliably recorded (i.e., this a presence-only 
dataset), we generated an equal number of random pseudo-absence points to be 
employed in logistic regression models following a standardized set of procedures. 
Specifically, for each nest/roost data point we extracted both the elevation and the 
distance from the closest road. We then buffered the range of observed elevations by 
10% of the difference between the minimum (1,822 m) and maximum (2,805 m) 
observed elevations to define the mask of available elevation cells throughout the study 
area. Next, we calculated the frequency of owl locations in each 100 m interval 
distancefrom-road bin for the observed data, and we randomly sampled an equal 
number of pseudo-absence points in each distance bin from the elevation mask. The 
resulting dataset comprised the pseudo-absence locations dataset.   

  Habitat covariates.--We developed a set of initial habitat covariates and spatial 
data layers considered important to habitat selection by MSO from reviewing existing 
literature and from discussions with MSO experts. These covariates included a set of 
three topographic variables (elevation, slope, and topographic position index), three 
climate variables (growing season precipitation, growing degree days, and solar 
radiation index), and five landscape composition variables derived from cover type 
(Table 1). Growing season precipitation and growing degree days were derived from 
800 m resolution PRISM climate data using 30-year normals for the period 1981-2010 
(PRISM Climate Group 2014) and resampled using bilinear interpolation to 30 m. 
Landscape composition variables included: 1) percent cover of ponderosa pine, and 2) 
percent cover of mixed-conifer, 3) forest edge proximity (distance to the nearest 
forestnonforest edge), 4) forest edge density (the number of forest-nonforest edge cells 
per unit area), and 5) percent canopy cover calculated from a set of forest structural 30 
m resolution rasters (see description in Dickson et al. 2014) which the project study area 
was nested within. Note, the latter two variables will be recalculated based on the new 
binary canopy cover layer for the final model. For this initial habitat model, all habitat 
variables were mapped at 30 m resolution across the study area, which represented the 
finest resolution in the initial source data. Importantly, we held the spatial grain of the 
analysis constant at 30 m in the multi-scale analyses described below.   

Table 3. Additional habitat covariates to be included for consideration in the final 

Mexican spotted owl habitat model, all based on the new binary canopy cover layer. and 
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computed within an ecological neighborhood of the focal cell using FRAGSTATS 

(McGarigal et al  2012).  

Variable  Description  

Canopy edge density  Density of canopy/non-canopy edge.  

Mean canopy patch size  Average size (ha) of canopy patches (i.e., contiguous 

canopy).  

Area-weighted mean 

canopy patch size  

Area-weighted average size (ha) of canopy patches.  

Mean canopy patch shape  Average shape index (i.e., standardized perimeter-

toarea ratio) of canopy patches.  

Area-weighted mean 

canopy patch shape  

Area-weighted average shape index of canopy patches.  

Canopy correlation length  Correlation length (i.e., area-weighted mean radius of 

gyration) of canopy patches.  

Clumpiness index  Clumpiness index (i.e., standardized deviation from 

random distribution) of canopy patches.  

  Habitat selection modeling.--We used standard logistic regression to develop a 
Resource Selection Function (RSF) of MSO nest/roost habitat selection within the study 
area. This is somewhat analogous to Johnson's (1980) second-order habitat selection 
(i.e., home range selection within the population range or study area), although out of 
necessity we used nest/roost sites instead of home ranges or random points within 
home ranges as the observations in the analysis. Prior to running regression analyses on 
the full set of covariates, we first conducted a univariate scaling analysis to empirically 
identify and select the characteristic scale and the functional form (i.e., standard logistic 
or quadratic logistic) combination for each covariate to be used in multi-scale models. 
Specifically, for each covariate we calculated the Gaussian kernel density value (i.e., the 
Gaussian weighted mean as a function of Euclidean distance) across a range of 
bandwidths extending from 100 m to 5,000 m at intervals of 100 m for each use and 
pseudo-absence location. We then employed each of these covariates in a single 
covariate logistic regression model using standard logistic and quadratic logistic 
functional forms independently, and we retained the scale and functional form 
combination with the lowest Akaike’s Information Criterion corrected for small sample 
size (AICc) value among all candidates. We also conducted these aforementioned scaling 
analyses separately using uniform and Gaussian kernel density forms, as we also were 
interested in comparing results between these two commonly employed kernel density 
forms. Prior to running multiple logistic regression analyses, we calculated Pearson’s 
correlations among all covariates to assess potential multicollinearity. In instances of 
high pairwise correlation between covariates (i.e., |r| ≥ 0.7), we retained the covariate 
with the greater deviance explained and removed the other covariate from subsequent 
analyses. We calculated variance inflation factor (VIF) for all remaining covariates and 
confirmed that none of the retained covariates had a VIF ≥ 10.   
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We used a custom spatial autocovariate approach to reduce the influence of residual 
spatial autocorrelation on results. Briefly, for each analysis, we ran the global model of 
retained covariates following the multicollinearity analyses and included an exponential 
spatial autocovariate term. We defined the autocovariate term as the kernel density of 
use points around the focal point based on an exponential distance decay function, in 
which we estimated the exponent of the decay function and the beta for the 
autocovariate term in the global model. We then forced this fitted autocovariate into 
each model in the all-subsets routine (detailed in the following section). Results from 
Moran’s I analyses indicated considerable reduction in residual spatial autocorrelation 
when including the estimated autocovariate term.  

Next, we conducted an all-subsets logistic regression analysis employing all 
remaining covariates and compared results using an information-theoretic framework. 
We limited the maximum number of covariates in logistic regression models to eight to 
ensure a minimum sample-to-variable ratio of 25:1. We then used AICc and Akaike’s 
model weights (ω) to rank the candidate models and select the model(s) that best 
separated MSO use locations from pseudo-absence locations. We considered models < 2  
AICc units from the best supported model to be jointly supported (Burnham and 
Anderson 2002). If no single model comprised >90% of the weight of the entire 
candidate model set, we used model averaging to derive parameter estimates from the 
top models that accounted for >90% of the cumulative model weights (Burnham and 
Anderson 2002). We conducted analogous routines for all single-scale models (across 
all bandwidths extending from 100 m to 5,000 m at intervals of 100 m) to compare with 
results from multi-scale models.  

  Single-scale vs. multi-scale models.-We compared results from single- and 
multiscale models across several criteria, including: 1) covariate effect size, 2) variable 
importance, 3) variance decomposition, 4) model explanatory power, and 5) model 
predictive performance. We define "single-scale models" in this context as models where 
all covariates are measured at the same scale. We used the difference in deviance 
between models with and without each covariate individually to compare relative effect 
sizes of covariates across scales. We estimated variable importance values for each 
covariate by summing model weights across all models containing that covariate. We 
used variance decomposition (using the “varpart” function in the “vegan” package in R; 
Oksanen et al. 2013) to assess the amount of variance explained independently and 
jointly by each of the three covariate groups (i.e., topographic, landscape composition, 
and climate). We used model-averaged proportion of deviance explained to evaluate 
model explanatory power.   

We used a presence-only model validation method (Gregr and Trites 2008) to 
evaluate and compare model predictive performance. Briefly, this method calculates the 
(weighted) skewness of the distribution of model-derived predicted relative probability 
of occurrence values for a given presence-only dataset, whereby the more predictive the 
model is the higher the proportion of presence points that are at located at the higher 
end of the relative probability of occurrence values. Thus, the more left-skewed the 
distribution (i.e., the higher the proportion of the presence points that are located at the 
high end of the relative probability of occurrence values) the more predictive the model 
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is in terms of accurately predicting use locations. To account for inter-model variability 
in the distribution of pseudo-absence relative probability of occurrence values across the 
defined study extent, the count of presence points in each relative probability of 
occurrence bin is weighted by the proportion of total pseudo-absence points that are in 
the associated bin and then the skewness is calculated on this weighted distribution of 
counts. We used this weighted skewness method to assess model predictive performance 
using both a cross-validation and independent validation dataset approach. For the 
cross-validation approach, we conducted a five-fold cross validation for each model at 
each scale. We built models for each fold using a randomly selected 4/5ths of the data 
and used the remaining 1/5th of the data as the presence-only dataset for calculating the 
weighted skewness. We then averaged the calculated weighted skewness across the 
fivefolds as the cross-validated weighted skewness value for the given model and scale. 
For the independent dataset approach, we built models at each scale using the entirety 
of the data and calculated weighted skewness on an independent MSO presence-only 
nest location dataset collected within the Coconino NF (USFWS unpubl. data).   

Modeling Population Size, Genetic Diversity and Connectivity 

We used the spatially explicit individual-based population and genetic model CDPOP 
(Landguth and Cushman 2010) and the connectivity modeling simulator UNICOR 
(Landguth et al. 2012) to simulate spotted owl population dynamics, genetic diversity 
and connectivity across the Coconino Plateau portion of the study system based on the 
two habitat models produced by the project (Timm et al. 2016; Wan et al. 2017). This 
involved modeling breeding, mortality and dispersal based on habitat suitability across 
a range of plausible dispersal abilities. The results of the project showed large 
differences in predicted population extent, connectivity, genetic structure and genetic 
diversity between models assuming different habitat relationships (Wan et al. 2018). 
This provided the first spatially explicit modeling of Mexican spotted owl population 
dynamics and genetic structure ever produced, which is of great value in improving 
knowledge of the species’ landscape-level patterns of population dynamics and 
connectivity. 
 

Projecting Climate Change Effects on Fire and Owl Habitat 

We applied statistical modeling to project changes in fire extent across Ecoregions 
spanning the western United States under expected climate change in the coming 50-80 
year period (Littell et al. 2018). This produced the most rigorous attribution of climate 
drivers of changing extent of wildfire area burned ever produced at an ecoregional scale 
across the western United States, using empirical relationships between climate 
parameters and observed fire area burned in historical periods to build regression 
models which then were applied to future conditions expected under changing climate. 
The results show very large expected increases in area burned in ecosections that are 
currently flammability or flam-fuel limited fire regimes (e.g., the wet end of the 
continuum), while we predicted decreasing area burned in most ecosections that are 
currently fuel limited (e.g. the arid end of the continuum). 
 
We then intersected the projected changes in area burned with the ranges of the three 
spotted owl subspecies in the United States to asses the relative vulnerability of each 
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subspecies to projected change in area burned due to a warming climate (Wan et al. 
2019). This showed that all three subspecies occupy ranges that are expected to have 
large increases in area burned by wildfire, with increases over 10x area burned expected 
for both the Northern and Mexican spotted owl subspecies. 
 
Effects of the Wallow Megafire on Mexican Spotted Owl Habitat 

 

 We successfully completed the delivery in the funded proposal to evaluate the effects of 

the Wallow megafire on Mexican spotted owl habitat. This was done by applying the 

spotted owl habitat model developed by Timm et al. (2016) and improved by Wan et al. 

(2019) as part of this project to the habitat conditions within the Wallow fire footprint 

before and after the fire. This allowed us to quantify the impact of the fire on owl habitat, 

and to associate changes in owl habitat quality with burn severity and prefire habitat 

quality. This showed that (1) the highest quality Mexican spotted owl habitat prior to the 

fire was most likely to experience high burn severity, (2) high burn severity was 

associated with declines in owl habitat quality, particular in large patches of high severity 

fire. These results were published in Wan et al. (2020). 

 
 

Findings and timetable for deliverables  

  Due to the previously mentioned failure of a collaborator funded by this project 
to complete the simulation model and apply it to project the scenarios of landscape 
change that underpinned our objectives, we did not produce all deliverables. But, as 
noted above, we exceeded deliverables in several areas with nine peer reviewed journal 
articles produced from this project. Below we describe the specific deliverables and 
report our products relative to them.  

  
Objective 1.--Use high-quality digital data layers characterizing the biophysical 
environment together with a dynamic landscape simulation model to evaluate a range 
of restoration types, extent, and spatial pattern, to quantify landscape-scale reductions 
in fire extent and severity under current climate conditions and a future climate 
scenario based on a suite of Global Circulation Models (GCMs).  

  

  As described previously, we have devoted considerable effort to creating a 
comprehensive set of spatial data layers to support the landscape disturbance-
succession modeling and Mexican spotted owl habitat modeling. Of particular note, we 

we collected thousands of training points across the study area and used a machine 
learning algorithm to create a 1 meter resolution raster of canopy cover for the project 
area. After preliminary analyses involving several different analytical approaches, we 
settled on a single approach and created a canopy/non-canopy map at the 1 meter 
resolution, and subsequently resampled this to 5 m for consistency with the other spatial 
layers. This 1 m canopy map is serving as the basis for a comprehensive multi-scale 
assessment of canopy patterns and the biophysical factors that drive canopy cover that is 
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currently underway, which will serve as a primary basis for parameterizing the 
succession model in the landscape disturbance-succession model.   

  In addition, we conceptualized, designed and implemented several major 
modifications to the RMLands LDSM model software that we deemed necessary to 
adequately model disturbance and succession in the project area. The major 
modifications included:  

• modified the structure of the succession simulator to accommodate more flexible 
succession rules, including the use of empirically-based regression models instead 
of expert-defined rules;  

• modified the structure of the disturbance simulator to accommodate varying 
susceptibility by cover-seral stage class, topographic position, and to allow the use 
of empirically-based regression models instead of expert-defined rules;  

• modified the structure of the vegetation treatments simulator to accommodate a 
variety of new treatment options, including "clumpy" and "clumpy and burn" 
treatments that were deemed essential given current and proposed vegetation 
treatments in the study area; and  

• modified the architecture of the model to accept compressed Geotiff as the raster 
data format for input/output, updated all the C++ libraries used in the graphical 
user interface, updated to the latest Firebird database, and ported the application 
to 64-bit (from the previous 32-bit application), all critically important 
enhancements to accommodate modeling at a high spatial resolution (5 m) over 
the extent of the project area.  

In the previously submitted final report we noted that we expected the totality of this 
objective to be completed by September 2017. However, the collaborator assigned 
this work did not complete it and we have nothing to report on the landscape 
simulation results and scenarios. 

Objective 2.--Develop models of habitat suitability for Mexican spotted owls using 
existing spotted owl occurrence data and the digital data layers described above.  

  As described previously, we completed the development of an initial multi-scale 
habitat model for Mexican spotted owls based on preliminary spatial data layers. The 
results have been published and thus will not be repeated here (see Timm et al 2016 for 
detailed results). In addition, in contemplating the best approach for a multi-scale 
habitat model for Mexican spotted owl nest/roost occurrence, we realized that the 
literature was mixed with respect to the concept of multi-scale habitat selection and the 
methods for analyzing it. Thus, we held a symposium on this topic at the North 
American Society of Conservation Biology Annual Conference, July, 2014. As a result of 
the enthusiasm developed by this symposium we edited a special issue on multi-scale 
habitat modeling in the journal Landscape Ecology (McGarigal et al 2016a) and 
authored the seminal review paper in the issue (McGarigal et al 2016b).  

  We elaborated on this objective with subsequent spatially distributed modeling to 
evaluate the stationarity of Mexican spotted owl habitat in different ecological contexts 
and geographical regions. Wan et al. (2018) repeated the analysis process for the 
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Sacramento Mountains in New Mexico, and then evaluated if regional or composite 
models were better at predicting Mexican spotted owl nest and roost occurrence across a 
large portion of its U.S. Range. 

Objective 3.--Quantify potential changes in habitat extent and connectivity for Mexican 
spotted owls across the study landscapes under alternative treatment and climate 
scenarios.  

  As described above, we were unable to complete the simulation modeling portion 
of the project. However, we were able to take the project in a slightly different direction 
to address this question without landscape dynamic simulation modeling. Specifically, 
in Littell et al. (2018) we explored the relationship between annual and preceding year 
climate and fire area burned across ecosections in the western United States. This was a 
novel and highly impactful analysis which provided novel and important insights into 
the climatic drivers of fire area burned and how they vary geographically. We then built 
on this analysis to assess the relative exposure of the three spotted owl subspecies to 
expected climate-driven increases in fire area burned (Wan et al. 2019). This analysis 
showed that all three subspecies of spotted owl are likely to experience large increases in 
fire area burned within their ranges in the next several decades due to climatic warming.   
 
Objective 4.--Compare actual changes in area and fragmentation of Mexican spotted 
owl habitat within the Wallow fire landscape with the likely effects of climate change 
and restoration treatments.    

  We were successful in evaluating the impacts of the Wallow fire on Mexican 
spotted owl habitat. We projected the Wan et al. (2018) habitat model onto the Wallow 
fire footprint using pre-fire spatial data, and then reprojected it based on post-fire data, 
and assessed the impacts of the fire on the extent, pattern and quality of owl habitat. We 
found strong relationships with fire severity and pre-fire owl habitat, with high quality 
owl habitat most likely to experience high severity fire, likely because of the high fuel 
loads in mature mixed conifer forest that were the highest quality owl habitat. Further, 
we found a strong relationship with fire severity and predicted decline in owl habitat 
following the fire, with areas with large patches of high severity fire experiencing the 
largest declines in owl habitat quality.  
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