
1 
 

© Copyright 2020 

Vivian Griffey 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



2 
 

Ownership patterns drive multi-scale forest structure patterns across a large landscape in southern coastal 

Oregon, USA 

 

Vivian Griffey 

 

 

A thesis 

submitted in partial fulfillment of the 

requirements for the degree of 

 

Master of Science 

 

 

University of Washington 

2020 

 

 

Committee: 

Van Kane 

Monika Moskal 

Brian Harvey 

Ryan Haugo 

 

Program Authorized to Offer Degree:  

 

Environmental and Forest Sciences 

 

 

 



3 
 

University of Washington  

Abstract 

 

 

 

 

Ownership patterns drive multi-scale forest structure patterns across a large landscape in southern coastal 

Oregon, USA 

 

 

Vivian Griffey 

 

 

 

Chairs of the Supervisory Committee: 

Van Kane and Monika Moskal 

School of Environmental and Forest Sciences 

 

 

 

 

 

Globally, the physical structure of forests results from their environmental setting, disturbance history, 

and human management practices. Human management practices today arguably have the greatest impact 

on the types and patterns of forest structure through direct management and modification of disturbance 

regimes. Previous studies have found that land ownership affects forest cover, patch dynamics, structure, 

and ecosystem function and services. However, these assessments of forest structure across landscapes 

and ownerships have been limited by the availability of high-fidelity data across a large spatial extent. To 

expand upon prior research, I used airborne lidar to assess the multi-scalar patterns of forest structure 

across a large (471,000 hectare), multi-owner landscape of the Oregon Coast Range. I examined forest 

structure patterns by identifying six statistically distinct classes of forest structure and then examining 

their distribution across and within ownership types. I used these structure classes to examine their area 

within each ownership class, mean patch size, and intermixing at multiple scales. I found that the six 

different forest structure classes in the study area can be interpreted as two assemblages, production-style 

forests principally on private lands and structurally complex forests principally on public lands. I found 

that land ownership objectives manifested in the physical landscape pattern of forest structure as 

measured by mean patch size and intermixing of structures. Finally, I found that landscape pattern of 
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forest structure varied across scales as well as between ownerships. These results can be used to aid in 

monitoring and implementation of conservation strategies, for instance, in the monitoring of structurally 

complex forest and Northern Spotted Owl habitat and implementation of the Oregon Forest Practices Act.  
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1.0 Introduction 1 

Globally, the physical structure of forests results from their environmental setting, history of 2 

disturbances, and human management practices (Sanders 1984; Ryan 2002; Parotta et al. 2006; Wang et 3 

al. 2006; Kulakowski et al. 2011; Quesada et al. 2012).  Forest structure—the horizontal and vertical 4 

arrangement of biomass (McElhinny et al. 2005) – plays a critical role in  ecosystem services and 5 

functions such as net primary productivity, the accumulation, distribution, and melting of snowfall, water 6 

yield, microclimate, as well as providing important resources to forest-dependent communities (Tateno et 7 

al. 2004; Youn 2009; Teztlaff et al. 2013; Caldwell et al. 2016). Because forest structure is the 8 

arrangement of biomass, it dictates how much and where carbon can be stored in a tree and forest 9 

(Franklin et al. 2002). It also plays a critical role in habitat quality across functional groups, in terms of 10 

food availability as well as protection from predation and the elements (Schwab and Pitt 1991; Coops et 11 

al. 2016). Perhaps most importantly, forest structure is quantifiable and easy to manipulate, allowing it to 12 

be the focus of management actions (Franklin et al. 2002).  13 

Human management today arguably has the greatest impact on the types and patterns of forest 14 

structure through direct management (e.g. harvest), modification of disturbance regimes (e.g. wildfire 15 

suppression), and increasingly, climate change (Nepstad et al. 1999; Bengtsson et al. 2000; Backer et al. 16 

2004; Boisvenue and Running 2006; Allen et al. 2010; Brotons et al. 2013).  In many societies, 17 

management goals and practices are organized by different classes of owners (Sorice et al. 2014).  Their 18 

objectives vary and can include financial investment (Cubbage et al. 2007), sustainable community 19 

resources (Adhikari et al. 2007), wildlife conservation (Götmark 2013), lifestyle enhancement (Erickson 20 

et al. 2002), land investment (Kendra and Hull 2005), and more. The management practices that address 21 

these objectives vary by silvicultural treatment and intensity, rotation time, management of fire, and many 22 

other decisions. Both objectives and practices can be constrained and/or dictated by social goals, policy, 23 

and market forces (Lindhhem and Mitani 2012). The resulting combination of landowner objectives, 24 
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management practices, and the constraints placed upon them creates a spatial pattern of forest structure 25 

dependent on anthropogenic decision-making and actions.  26 

As a result, the effects of forest ownership on forest conditions have received more attention in 27 

recent years, in part due to emerging new forest owner types, ownership fragmentation and parcelization, 28 

and questions related to sustainable yield of forest products, as well as other topics (Weiss et al. 29 

2019). The effects of forest ownership on ecological patterns have been explored using multiple 30 

approaches. For example, forest management, land cover, and land use are all critical components of 31 

ownership and have been used as lenses to examine ownership effects on forest cover, patch dynamics, 32 

structure, and ecosystem function and services (Mladenoff et al. 1993; Turner et al. 1997; Crow et al. 33 

1999; Cohen et al. 2002; McComb et al. 2007; Nagendra et al. 2007; Ohmann et al. 2007; Schulte et al. 34 

2007; Hudiburg et al. 2009;  Kennedy et al. 2012; Pachavo and Murwira 2013; Hightower et al. 2014; 35 

Boucher et al. 2015; Rendenieks et al. 2015; Guo et al. 2017; Easterday et al. 2018). One of the main 36 

conclusions from this body of work is that forest structure, function, and services differ between private 37 

and public ownerships at broad scales both in the U.S. and internationally. This is typically because 38 

public lands have less intense land use regimes (Huntsinger et al., 1997; although this is not always the 39 

case, see Schaich and Plieninger 2014 and Vogeler et al. 2020) and were found to host more biodiversity 40 

(Schaich and Plieninger 2014). 41 

In the western U.S., private landowner objectives and management reflect owners’ individual 42 

goals, market forces, and reflect forest management policies implemented at the state and local levels. On 43 

federal lands, objectives and management often reflect policies set at the national level.  This can result in 44 

a difference of forest processes and ecosystem services and their segmentation across the region.  As an 45 

example, a substantial amount of research has been conducted in western Oregon on the effects of multi-46 

ownership mosaics on forest structure and ecosystem services (Spies et al. 1994; Ohmann and Spies 47 

1998; Cohen et al. 2002; Stanfield et al. 2002; Wimberley and Ohmann 2004; Ohmann et al. 2007; 48 

Kennedy et al. 2010). These studies added to the wider literature base with two key findings: segregation 49 
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of structurally simplified younger and structurally more complex older forest based on private versus 50 

public lands (Nonaka and Spies 2005) and the expectation of landscape conditions across ownership 51 

boundaries to diverge over time due to the segregation of age classes and intensity of land use regimes 52 

(McAlpine et al. 2007).   53 

The forests of southwest coastal region of Oregon, USA present an opportunity to further 54 

elucidate the relationship between structure and ownership of forests. This opportunity is available 55 

because here, forest structure is clearly connected to ecological and conservation goals due to the regional 56 

conservation plan’s (the Northwest Forest Plan) focus on forest structure as a metric (Thomas et al. 2006). 57 

Secondly, ownership can act as a proxy for management and landowner objectives here because there has 58 

been little turnover between ownership types for several decades, so management practices at a given 59 

location have not changed substantially (Kennedy et al. 2008). Finally, the availability of spatially explicit 60 

data for management and landowner objectives allows us to relate conservation goals to management and 61 

landowner objectives. This is important, because while ownership itself is difficult to alter, management 62 

and objectives can be constrained by policy and market forces. A key limitation of most previous studies 63 

of ownerships and their effects on forests was the low fidelity of their data for forest structure (but see 64 

Dickinson et al. 2014). Most of these studies relied upon modeling or optical or spectral remote sensing 65 

that do not capture forest structure adequately at fine scales. Many of these studies’ forest classes were 66 

broad and, while associated with ranges of actual forest structure, were not based on actual measurements 67 

of forest structure (e.g. Mladenoff et al. 1993; Turner et al. 1997; Crow et al. 1999; Cohen et al. 2002; 68 

Schulte et al. 2007;  Kennedy et al. 2012; Pachavo and Murwira 2013; Rendenieks et al. 2015). 69 

In this study, I leveraged a combination of datasets presented by our study area, a forested region 70 

along the coast of southern Oregon, USA: spatially explicit ownership data as a proxy for landowner 71 

objectives and management; high fidelity measurements of fine-scale forest structure; and forest structure 72 

directly linked to conservation values through the regional conservation plan. I expand upon prior 73 

research in this region by using a 471,000-hectare lidar acquisition and landscape metrics to quantify the 74 
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landscape pattern of forest structure within ownerships at multiple scales (forest patches, ownership type, 75 

and subregion). To better understand the impact of ownership patterns, objectives, and management 76 

practices on patterns of forest structure across this region, I addressed these questions: 77 

1.      What distinct classes of forest structure exist across our study area? 78 

2.      How does the distribution and pattern of forest structure vary among types of owners at 79 

scales of patches, ownership types, and subregion? 80 

3.      What implications do the fine and sub-regional scale patterns have for managing this region 81 

for conservation values elucidated in the NWFP? 82 

2.0 Methods  83 

2.1 Study Area 84 

The study area is a 471,116 hectare region in south-central Oregon, USA defined by the 85 

boundaries of a 2008-2009 lidar acquisition. The forests of the Oregon Coast Range are some of the most 86 

productive in the world (Smithwick et al. 2002) and as a result are both economically and ecologically 87 

important. A little less than half of the forested area is privately owned and managed for timber harvest. 88 

The forests are dominated by Pseudotsuga menziesii (Douglas fir), Picea stichensis (Sitka Spruce), and 89 

Tsuga heterophylla (Western Hemlock) (Franklin and Dyrness 1988). The climate is mesic temperate, 90 

receives approximately 500 mm of precipitation per year, and has a mean annual temperature of 11.4 91 

Celsius (Franklin and Dyrness 1988). Elevations range from sea level to 600 meters.  92 

This region has a high-severity, infrequent fire regime, with a mean fire return interval of 93 

approximately 200 years (Rollins 2009). The most recent fires in this area were in 1902 and burned 94 

approximately 31% of the study area (Figure 1), although it was preceded by another large fire in 95 

1868(burn perimeter unknown)(Morris 1934; PNW-GTR-966 Vol. 1 2018). Other natural disturbance 96 
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events, such as windthrow and pathogens, occur more frequently and at smaller scales (Cohen et al. 2002; 97 

Spies et al. 1994).  98 

Previous studies of land cover patterns across the Oregon coastal region (including our study 99 

area) found that biophysical gradients had little influence on forest structure.  They found that 100 

disturbance, predominantly timber harvest, had a strong influence on forest structure across the landscape 101 

(Wimberley and Spies 2001; Wimberley and Ohmann 2004; Ohmann et al. 2007). This relationship is 102 

likely due to the near-instantaneous structural changes that result from disturbance, compared to structural 103 

changes from the slow process of tree growth and densification driven by biophysical factors (Wimberley 104 

and Ohmann 2004). In exploratory random forest modeling (not reported), I found that biophysical 105 

predictors such as precipitation, mean January temperature, and vapor pressure deficit, had less predictive 106 

power compared to land ownership. This result was expected; the study area has high precipitation much 107 

of the year [approx. 1800mm; PRISM Climate Group], so typical drivers of topographic variation in 108 

forest structure that are precipitation-dependent, such as elevation, aspect, slope, and slope position, have 109 

limited influence. Additionally, the mean January temperature range [approx. 3-10 C; PRISM Climate 110 

Group] stays above freezing throughout the study area meaning that growth can continue throughout the 111 

year. For these reasons, I did not further consider biophysical factors in this study.  112 

2.2 Identification of ownerships 113 

Individual parcel land ownership data were aggregated into ownership types by The Nature 114 

Conservancy (TNC) of Oregon and were sourced from the 4th quarter 2017 CoreLogic ParcelPoint tax lot 115 

database, federal corporate datasets, and other datasets assembled by TNC. Before conducting statistical 116 

analyses, I removed ownerships that had less than 10,000 hectares of land in our study area, which left 13 117 

ownership types for analysis (Table 1).   118 

Timber production is the primary goal on private lands and the dominant harvest method is 119 

clearcutting (complete removal of overstory and understory trees; Keenan and Kimmins 1993) with 120 
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replanting of commercially valuable tree species, commonly Douglas-fir. While timber production is the 121 

primary goal, there is a wide decision space of other goals that can include land investment, estate for 122 

children, habitat protection, and more (Table 1). On public lands, the regional conservation plan, the 123 

Northwest Forest Plan (NWFP), is a series of federal policies begun in 1994 that governs forests, 124 

endangered species, and timber production on federal lands in the range of the northern spotted owl, 125 

which includes most forests west of the Cascade Crest in the Pacific Northwest (PNW-GTR-966 Vol. 1 126 

2018). Despite certain allowances for timber harvest in the area governed by the NWFP (e.g. railroad and 127 

matrix lands), harvest has almost entirely stopped on federal lands since the early 1990s (Franklin and 128 

Johnson 2014). The one state property here in our study area (Elliot State Forest) is managed both for 129 

ecological values as well as timber production, in contrast to other Oregon State Forests which are 130 

typically managed for intense timber production (Decker 2011). Both public and private forests are 131 

important to local communities for their income and employment opportunities and are important 132 

regionally because they store a disproportionately high amount of carbon (Smithwick et al. 2002) and 133 

provide critical habitat for the endangered Northern Spotted Owl and Marbled Murrelet (Hagar et al. 134 

2020; PNW-GTR-966 Vol. 1 2018). 135 

 136 

Table 1: Ownership types used in analysis. Landowner objectives are from Johnson et al. (1999) and 137 

personal communications (Derek Churchill, personal communication, December 3, 2019; Ryan Haugo, 138 

personal communication, January 15, 2020; Bryce Kellogg, personal communication, January 25, 2020). 139 

Ownership types are grouped by the simplified ownership groups identified through hierarchical 140 

classification (Sections 2.5 and 3.2). Rotation length is the average number of years between harvests. 141 

 142 

Simplified 

Group 

Ownership 

Type Description 

Summary of Landowner 

Objectives 

Rotation 

Length 
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Private non-

industrial 

Private 

Private Very 

Small 

Private Small  

Private Medium  

Land held by private 

owners less than 

20.23 hectares (50 

acres) 

20.23-40.47 hectares 

(50-100 acres) 

40.47-202.34 hectares 

(100-500 acres) 

202.34-2023.43 

hectares (500-5000 

acres) 

Harvest income; Land investment; 

part of residence; estate for children 

35-70 

Private- 

Industrial 

Timber 

Investment 

Management 

Organization 

(TIMO) 

Real Estate 

Investment Trust 

(REIT) 

Integrated 

Procure, manage, and 

sell timberland assets 

on behalf of institutions 

or investors 

Own cash producing 

real estate and distribute 

rents to investors, in 

addition to other 

requirements they must 

fulfill 

May own both timber 

land and milling 

infrastructure 

Maximizing rate of return on 

investment; focus on net present 

value 

35-60 

  Family Large forestland owners 

that are closely held or 

family owned 

Diverse objectives, including but 

not limited to harvest income, 

wildlife habitat protection, land 

investment, and estate for children 

35-60 

 Mixed 

Objective 

Government 

State Land owned by the 

state of Oregon. In this 

area, only Elliot State 

Forest 

Stand diversity and heterogeneity; 

sustainable-yield timber production 

80+ 
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  Bureau of Land 

Management 

Land managed by the 

Bureau of Land 

Management that was 

formerly not a part of 

railroad lands 

Managed under the Northwest 

Forest Plan. Maintenance of late-

successional and old growth 

species habitat and ecosystems, and 

native biological diversity; 

sustainable yield timber production 

on a small amount of designated 

lands.  

80+ 

 NWFP 

Objective 

Government  

U.S. Forest 

Service 

Bureau of Land 

Management 

O&C 

Bureau of Land 

Management 

CBWR 

Land managed by the 

U.S. Forest Service 

Land managed by the 

BLM that is part of the 

former Oregon and 

California railroad land 

grant  

Land managed by the 

BLM that is part of the 

former Coos Bay 

wagon road land grants 

Managed under the Northwest 

Forest Plan. Maintenance of late-

successional and old growth 

species habitat and ecosystems, and 

native biological diversity; 

sustainable-yield timber production 

on a small amount of designated 

lands.  

80+ 

 143 
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 144 

 145 

Figure 1: maps of simplified ownership groups (Left) and forest structure classes (Right) in the study 146 

area. Ownership types are grouped by the simplified ownership groups identified through hierarchical 147 
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classification (Sections 2.5 and 3.2). Burn perimeters from the 1902 Fires also appear on each map 148 

(PNW-GTR-966 Vol. 1 2018). 149 

2.3 Airborne lidar data 150 

The study area is a portion of the Oregon, USA, South Coast lidar acquisition, collected from 151 

April 2008 to April 2009 by Watershed Sciences, Inc. (now Quantum Spatial, Inc.) for the United States 152 

Bureau of Land Management. Our study omits a portion of the acquisition (15% of the original 153 

acquisition) that is of a substantially different forest type. The study area covers portions of Coos, Curry, 154 

and Douglas counties. Data were acquired with an average of 8 pulses/m2 and up to four returns per pulse 155 

were recorded. I used the vendor-supplied, lidar-derived 1m digital terrain model. I processed the LiDAR 156 

data using the USDA Forest Service’s Fusion software package (version 3.8, 157 

http://forsys.sefs.uw.edu/FUSION/fusion_overview.html). 158 

2.4 Forest structure analysis and classification 159 

I measured forest structure using four metrics derived from the lidar data at a 30 m resolution: 160 

95th percentile of return height ≥2 m (P95, a surrogate for dominant tree height), 25th percentile of return 161 

height ≥2 m (P25, a surrogate for height to live crown), rumple (canopy surface rugosity, a measure of 162 

canopy complexity), and canopy cover (percent of points above 2m/all points). P95, P25, and canopy 163 

cover were calculated from all returns of the lidar data above 2 meters while rumple was calculated from 164 

the canopy surface model. Return heights were normalized to height above ground using the vendor-165 

supplied ground models. I chose these metrics from a much larger set of candidate metrics produced by 166 

the FUSION software through a combination of Kolmogorov-Smirnov (K-S) tests, niche overlap tests 167 

(see North et al. 2017 for use in ecology), and previous literature (e.g. Kane et al. 2010a and 2013).  168 

K-S and niche overlap tests were used to determine whether the distributions of a wider set of 169 

lidar metrics were distinct in different land ownerships. These tests demonstrated that measures of 170 

http://forsys.cfr.washington.edu/FUSION/fusion_overview.html
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dominant tree height (e.g. P95, quadratic return mean height, P80) were the most distinct between 171 

ownerships, followed by measures of structural complexity (e.g. rumple, standard deviation of return 172 

height). Additionally, P95, rumple, and canopy cover have been previously identified to best represent 173 

forest structure in temperate Pacific northwest forests (Kane et al. 2010a, Kane et al. 2010b). I chose to 174 

include P25 because it represents height to live crown. 175 

I identified forest structure classes, which use the combination of the four selected lidar metrics to 176 

rank forests by structural complexity. The classification process can identify forest structure stages from 177 

stand initiation to complex forests (Kane et al. 2010b; Smart et al. 2012; Simonson et al. 2014; Listopad 178 

et al. 2015; Moran et al. 2018). To remove correlation between lidar metrics, I centered and scaled our 179 

data and then performed a principle components analysis (PCA). To identify the structure classes, I then 180 

did a hierarchical clustering with the Ward.D2 method using the hclust function from the R statistical 181 

package (R Core Team 2020) on sampled point values using the PCA axis values. I used 30,000 random 182 

samples from across the study area and selected the most parsimonious grouping of structure classes that 183 

retained most of the original information (McCune and Grace 2002). This classification was then imputed 184 

across the landscape using random forest modeling (Breiman 2001; Cutler et al. 2007).  185 

I used two ancillary datasets to aid in interpretation and analyses dependent on the structure 186 

classes. First, I used stand age estimates from the LEMMA GNN project (Landscape Ecology Modeling, 187 

Mapping and Analysis Gradient Nearest Neighbor project) post hoc as an interpretive aid for the structure 188 

classes (Ohmann and Gregory 2002). These data are derived from 2012 Landsat Thematic Mapper data 189 

and field plot data and are believed to be generally accurate at the scale of a small watershed (Ohmann et 190 

al. 2002). Stand age specifically has a reported r-squared value of 0.55 in the Coast Range 191 

(https://lemma.forestry.oregonstate.edu/data/structure-maps). Although there is a mismatch in fidelity 192 

between our lidar metrics and GNN estimated stand ages, because it is Landsat derived, GNN data have 193 

been used with lidar before (e.g., Zald et al. 2014; Bell et al. 2018; Kennedy et al. 2018; Kane et al. 194 

2019). Second, in order to understand the relationship between our forest structure classes and endangered 195 

https://lemma.forestry.oregonstate.edu/data/structure-maps
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species habitat of conservation values, ranges of values from a lidar-derived habitat suitability index for 196 

the Northern Spotted Owl (Strix occidentalis caurina) were compared across the six forest structure 197 

classes (Hagar et al. 2020).  198 

2.5 Quantifying landscape pattern and effect of ownership 199 

To quantify landscape pattern of forest structure, I chose three landscape metrics, calculated in 200 

the R package landscape metrics (Hesselbarth et al. 2019): percent area of each structure class, area-201 

weighted mean patch size (mean patch size), and interspersion and juxtaposition index (IJI; structural 202 

heterogeneity). I chose these metrics because they represent different aspects of structural pattern that a 203 

manager might manage for (abundance, size, and interspersion), particularly in light of size and 204 

interspersion as ecological goals in a 2018 synthesis of NWFP ecological goals. These three metrics were 205 

calculated on the six forest structure classes within the thirteen ownership types.  206 

I chose to calculate area-weighted mean patch size (Equation 1) instead of arithmetic mean patch 207 

size because a weighted mean places more importance on larger patches. This is ecologically relevant 208 

because this metric represents, for example, the probability an individual organism would randomly occur 209 

in a patch of a given structure class (Turner and Gardner 2015; Harvey et al 2016). 210 

𝐴𝑀 =  ∑ ∑ [𝑥𝑖𝑗 (
𝑎𝑖𝑗

∑ ∑ 𝑎𝑖𝑗
𝑛
𝑗=1

𝑚
𝑖=1

)]

𝑛

𝑗=1

𝑚

𝑛=1

 211 

Equation 1: Area-weighted mean patch size, where m is number of classes present in the landscape and aij 212 

and xij are equal to the area of patch ij. 213 

 IJI (Equation 2) is a unitless index that measures the distribution in terms of interspersion and 214 

juxtaposition of patch types across a landscape (Turner and Gardner 2015).  IJI measures patch 215 

adjacencies and therefore the intermixing of patch types. I use IJI as a measure of structural heterogeneity 216 
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across ownership types, where lower percentages are more homogeneous (less complex interspersion) and 217 

higher percentages are more heterogeneous (more complex interspersion).  218 

  219 

𝐼𝐽𝐼 =
− ∑ ∑ [(

𝑒𝑖𝑘
𝐸 ) ∗ ln (

𝑒𝑖𝑘
𝐸 )]𝑚

𝑘=𝑖+1
𝑚
𝑖=1

ln(0.5[𝑚(𝑚 − 1)])
(100) 220 

Equation 2: Interspersion and Juxtaposition Index (IJI), where m is number of classes present in the 221 

landscape, eik is equal to total length of edge between classes i and k, and E is equal to the total length of 222 

edge in landscape. 223 

I conducted a hierarchical clustering analysis using percent area of each forest structure class in 224 

an ownership to determine simplified groups of ownerships that had similar structural composition. I then 225 

used principal component analysis (PCA) and its resulting ordination to visualize the relationship between 226 

ownership types, their simplified groups, and forest structure classes.  227 

To test for the relative influence of ownership types, property size, and structure class proportion 228 

on mean patch size and structural heterogeneity, I conducted twelve linear regressions, where mean patch 229 

size or IJI for each structure class was the response variable (1 model per mean patch size and IJI 230 

multiplied by 6 structure classes equals 12 models). I used a simple linear regression formula, 𝑦 ~ 𝑥 +231 

𝑎 + 𝑏 + 𝑐 , where 𝑦 is either mean patch size or IJI. I used the thirteen ownership types as the predictor, 232 

categorical variable of interest,  𝑎. To control for the effects on the response variable of property size and 233 

structure class proportion, I included numeric terms for property size, 𝑏, and proportion of ownership, 𝑐, 234 

in the modeled structure class. All statistical analyses were performed in the R statistical package (R Core 235 

Team 2020). 236 

 237 

3.0 Results 238 
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3.1 Forest structure classes 239 

I identified six classes of forest structure from the classification method (Figure 2) that span a 240 

conceptual spectrum from structurally simple to structurally complex. Median values and interquartile 241 

ranges for three of the four input lidar metrics-- P95, P25, and rumple-- increased approximately linearly 242 

from the structurally simple to structurally complex classes, while canopy cover reached its maximum in 243 

the Pre-Harvest structure class (3). Based on the PCA values used in the classification, dominant tree 244 

height (P95) and height to live crown (P25) were most correlated with PCA axis 1, which drove 71.65% 245 

of the variation in the classification, while rumple and canopy cover were most correlated with PCA axis 246 

2, which drove 17.15% of the variation in the classification.  247 

I assigned names to the forest structure classes based on their structural similarities to a priori 248 

forest developmental stages. For forest structure classes 1 through 4, names were based on probabilistic 249 

stand development stages because these classes exhibit structural development expected in managed 250 

plantations (Oliver and Larson 1996). The Initiation and Canopy Closure forest structure classes (1 and 2) 251 

grouped closely together in the PCA (Figure 5); the main difference between these two classes is the 252 

fourfold increase in canopy cover between them, hence the name Canopy Closure for class 2. The other 253 

four classes are all post-canopy closure and all exhibit increasing dominant tree height (P95), structural 254 

complexity (rumple), and height to live crown (P25). Using Landsat-derived maps of stand clearing 255 

disturbances (Hansen et al. 2013) to examine stand clearing disturbances in the years before and after the 256 

lidar data were collected, I determined that harvest typically occurs in the Harvestable class (4), hence the 257 

names Harvestable and for class 3, Pre-Harvest. For forest structure Classes 5 and 6, names were based on 258 

ranges of structural complexity that arise from structural development post-natural regeneration (Franklin 259 

et al. 2002). 260 

GNN stand age estimates also corroborate these names, as they align with known rotation times 261 

of this area (Figure 3). Initiation through Harvestable classes (1-4) had an estimated mean age of ≤ 41 262 
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years while the Complex and Very Complex classes had an estimated mean age of 104 years. The 263 

Complex and Very Complex classes also had the highest ranges of values of the Northern Spotted Owl 264 

habitat suitability index from Hagar et al. 2020 (Figure 3).  265 

The Pre-Harvest class was closer to the Initiation and Canopy Closure classes on the PCA 266 

ordination while the Harvestable class was closer to the Complex class (Class 5). However, both were 267 

fairly isolated from the other classes and each other in the PCA. The Complex and Very Complex classes 268 

(Classes 5 and 6) also grouped together in the PCA on the opposite side of the ordination from the other 269 

structure classes.  270 

  271 

 272 
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Figure 2: Distribution of lidar metric values within each forest structure class identified in the study and 273 

transects of lidar point clouds representative of each forest structure class. These classes lie on a spectrum 274 

of structurally simple to structurally complex, evidenced by the linear increase in P95, P25, and rumple 275 

from the Initiation to Very Complex classes. 276 

 277 

 278 

Figure 3: Boxplots of GNN stand age estimates (Left) and Northern Spotted Owl Suitability Index values 279 

(Right) across the six forest structure classes (Ohmann and Gregory 2002; Hagar et al. 2020). Stand age 280 

estimates generally increase as structural complexity increases from Initiation to Very Complex (Classes 281 

1 through 6) classes. Northern Spotted Owl Suitability Index values are generally below 0.5 but are 282 

highest in the Complex and Very Complex (Classes 5 and 6) classes relative to other classes. 283 

3.2 Ownership clustering created four structurally similar groups of ownerships  284 
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The hierarchical classification of the 13 ownership types resulted in four groups of ownerships 285 

and was based on the percentage of area in each structure class. The private non-industrial group 286 

consisted of properties classified as Private, Very Small, Small, and Medium and was distinguished by a 287 

larger proportion of area in the Stand Initiation (Class 1) and Canopy Closure (Class 1) structure classes 288 

(Figure 4). The private industrial group consisted of properties classified as Family, TIMO, REIT, and 289 

Integrated and was distinguished by more area in the Pre-Harvest (Class 3) and Harvestable structure 290 

classes (Class 4) (Figure 4). The two private groups were distinguished from all public ownership types 291 

by the small proportion of their properties in the Complex and Very Complex (Classes 5 and 6) structure 292 

classes.  293 

Among the public ownership types, the mixed objective government group consisted of Bureau of 294 

Land Management and Oregon State properties and was distinguished from other public ownership types 295 

because it has a higher proportion of Initiation, Canopy Closure, Pre-Harvest, and Harvestable classes 296 

(Classes 1 through 4). The NWFP objective government group consisted of the remaining other 297 

government ownership types, USFS, O&C and CBWR, and had a higher proportion of Complex and 298 

Very Complex classes (5-6) than the mixed objective group (Figure 4). I interpret PC axis 1 as a spectrum 299 

of structural complexity which represents the dominant split (91.46% of variance) between ownership 300 

types based on the relative amounts Stand Initiation through Harvestable (Classes 1 through 4) and 301 

Complex and Very Complex (Classes 5 and 6) structure classes (Figure 5). The second axis (4.08% of 302 

variance) separates ownerships based on their differences in the proportion of Stand Initiation through 303 

Harvestable structure classes (Classes 1 through 4) (Figure 5).  304 
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 305 

Figure 4: The percentage of area in each structure class per ownership. The thirteen ownership types are 306 

grouped according to the results of the hierarchical clustering of ownership types by percentage of area in 307 

each structure class. 308 
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 309 

Figure 5: A. Ordination of Principal Component Analysis of forest structure classes. Ownership types are 310 

overlaid on the ordination to show their relationships with each of the forest structure classes. Ownership 311 

types are colored based on their assigned hierarchical clustering group. B. Dendrogram of ownership 312 

types from hierarchical clustering by percent area of structure class. C. Dendrogram of structure classes 313 

from hierarchical clustering of lidar metrics (P95, P25, canopy cover, rumple) 314 
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3.3 Landscape structure metrics significantly differ among ownerships  315 

Our assessment of the effects of ownership type on mean patch size and structural heterogeneity 316 

(Interspersion and Juxtaposition Index (IJI)) showed that ownership types had a significant effect on these 317 

two metrics, independent of property size or structure class proportion. I would expect based on landscape 318 

ecology theory (Turner and Gardner 2015) that the size of each property and the proportion of that 319 

property in each structure class could affect values of mean patch size and IJI. Our modeling tested 320 

whether values of mean patch size and IJI were higher or lower when ownership type was considered in 321 

association with size and proportion. When I state that values for mean patch size and IJI are higher or 322 

lower than expected, I mean higher or lower than expected given the property size. Similarly, a significant 323 

effect on mean patch size and structural heterogeneity means that the term in the model (ownership type, 324 

property size, or structure class proportion) influenced the response variable with a confidence of p < 325 

0.05. P- and r-squared values of the entire models themselves are not relevant to this analysis since I are 326 

interested in the relative influence of each predictor variable.  327 

Of the significant models of ownership types for the Initiation (1), Canopy Closure (2), and Pre-328 

Harvest (3) structure classes, the private industrial ownership group had larger than expected mean patch 329 

sizes while the NWFP Objective Government ownership group had smaller than expected mean patch 330 

sizes (Figure 6). Of the significant models of ownership types for the Complex and Very Complex 331 

(Classes 5 and 6), private industrial ownership types had smaller than expected mean patch sizes while 332 

the NWFP objective government ownership group had larger than expected mean patch sizes (Figure 6). 333 

The mixed objective government ownership group and private non-industrial ownership group did not 334 

show a strong relationship with mean patch size (Figure 6).  335 

For structural heterogeneity (IJI) in Canopy Closure and Pre-Harvest structure classes (Classes 2 336 

and 3), only private non-industrial ownerships were significant ownership terms (Figure 7). In the 337 

Harvestable, Complex and Very Complex structure classes (Classes 4 through 6), patch-scale structural 338 
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heterogeneity was significantly influenced by private industrial and both government ownership 339 

simplified groups. Structural heterogeneity was greater than expected (given the proportion of the 340 

ownership within the modeled structure class) for all the aforementioned ownerships. Family ownership 341 

had a significant effect on patch-scale structural heterogeneity and was higher than expected in all 342 

structure classes. 343 

For models of mean patch size, property size was statistically significant in all six structure 344 

classes while structure class proportion was significant in five structure classes. Property size had a strong 345 

linear relationship with mean patch size by structure class (Figures 8) while structure class proportion did 346 

not. For models of structural heterogeneity, structure class proportion was statistically significant in all 347 

six structure classes while property size was significant only in the Initiation class (1). Neither property 348 

size nor structure class proportion had strong linear relationships with structural heterogeneity. 349 

 350 

Figure 6: Values and influence (coefficient term) of the ownership type variable to model mean patch size 351 

for each structure class given each property size and the proportion of that structure class within each 352 
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property.  Filled circles indicate mean significance for the ownership terms at p < 0.05; open circles 353 

indicate mean significance for the ownership terms at p > 0.05. Lines show range of values for the 354 

coefficient term.  More negative coefficient terms indicate that mean patch size was smaller given 355 

property size and structure class proportion while more positive coefficient terms indicate that mean patch 356 

size was larger given property size and structure class proportion. 357 

 358 

 359 

Figure 7: Values and influence (coefficient term) of the ownership type variable to model structural 360 

heterogeneity for each structure class given each property size and the proportion of that structure class 361 

within each property.  Filled circles indicate mean significance for the ownership terms at p  < 0.05; open 362 

circles indicate mean significance for the ownership terms at p > 0.05. Lines show range of values for the 363 

coefficient term.  More negative coefficient terms indicate that structural heterogeneity was smaller given 364 

property size and structure class proportion while more positive coefficient terms indicate that structural 365 

heterogeneity was larger given property size and structure class proportion. 366 
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 367 

Figure 8: values of mean patch size and structural heterogeneity for the 13 ownership types. Each point 368 

represents the value of one of the thirteen ownership types, but for ease of visualization, symbols and 369 

colors are used to denote the ownership group to which the ownership belongs. Mean patch size is on a 370 

log scale but to aid in interpretation the y-axis is not transformed. Lines are drawn on top of data to 371 

demonstrate patterns. 372 

4. Discussion 373 

Previously, assessments of forest structure across landscapes and ownerships have not had or 374 

otherwise not made use of spatially explicit datasets of management practices and landowner objectives in 375 

addition to high-fidelity forest structure data across a large spatial extent. I expand upon previous work by 376 

using such datasets.  Our results produced two key insights: first, our study reveals the effects of different 377 
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land ownerships, their management practices, and their objectives on forest structure pattern. Through 378 

three different metrics of forest structure landscape pattern-- percent area, mean patch size, and patch-379 

scale structural heterogeneity-- our results show that landowner objective affects the size and regularity of 380 

forest structure pattern, usually independent of property size and forest structure class proportion. Second, 381 

I found that ownership has different effects on forest structure pattern at multiple scales, due to different 382 

management practices within properties and the additive effect of differing landowners and practices at a 383 

sub-regional scale. 384 

4.1 Two distinct assemblages of forest structure classes 385 

I identified six different forest structure classes in the study area which I interpreted as two 386 

assemblages: production-style forests and structurally complex forests. The production-style forests 387 

consist of the first four structure classes, which are predominantly found on private lands and likely 388 

represent a sequence of stand development from planting after harvest (Initiation, class 1) to stands 389 

commercially viable for harvest (Harvestable, Class 4). The structurally complex forests consist of the 390 

final two structure classes (Complex and Very Complex, Classes 5 and 6) and have structures typically 391 

found in older stands (Kane et al. 2010 a, b). I view these as two distinct assemblages because their 392 

proportion of area is based on ownership and physical location (Figure 4).  These two assemblages differ 393 

particularly in their dominant tree heights (P95 of lidar return heights) and the structural complexity of 394 

their canopies (rumple).  Except for the Initiation and Canopy Closure structure classes (Classes 1 and 2), 395 

the structure classes have similar ranges of values for canopy cover. 396 

I found strong statistical association between the production-style forests and private ownership 397 

groups and between the structurally complex classes and government ownership groups.  Based on the 398 

proportion of structure classes in different ownerships, public and private ownerships fall into two distinct 399 

groups (Figure 5). Within each public and private sub-grouping came a further split, into the four 400 

simplified ownership groups. The simplified ownership groups separate by their relative proportions of 401 
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forest structure classes predominately representing production forests (Classes 1 through 4) and complex 402 

forests (Classes 5 and 6), respectively (PCA axis 1), which represents 94% of the variation in the data 403 

(Figure 5). Similarly, the production-style and structurally complex forest structure classes separated 404 

along this axis. These results are supported by past work that found similar differences in forest patterns 405 

between public and private ownership types (see Huntsinger et al. 1997). 406 

I found that estimated forest ages from the GNN stand age estimates are consistent with our 407 

interpretation of the structure classes I identified.  Our structure classes are not inherently associated with 408 

stand age, as forest structures can be only loosely associated with age (e.g. Larson and Franklin 2006; 409 

Kane et al. 2010b; Kane et al. 2011; Donato et al. 2012). However, in our study area, estimated stand age 410 

did increase with our ordinal ranking of structure classes. This helped to place production forests in the 411 

study area in our proposed Initiation through Harvestable classes (Classes 1 through 4), all within an 412 

estimated mean age of ≤ 41 years. 413 

The Very Complex class only had an estimated mean age of 134 years. If accurate, this could 414 

imply that forests in our study area can develop high structural complexity in a relatively short period of 415 

time. While I do not have field stand age data in the Coast Range, the high structural complexity values in 416 

134 years are comparable to structural complexity values in 250-300 year old forests in the Washington 417 

Cascades where field stand age data was available (Kane et al. 2010b).  That study also showed that 418 

stands greater than 80 years old can have considerable structural complexity and have greater structural 419 

complexity than stands 200 to 300 years old. These stands may have been initiated after the high-severity 420 

fires of 1902 or the earlier 1868 fire which, in combination with high productivity found in this region, 421 

has been shown to accelerate structural complexity (Larson et al. 2008). If the younger mean age for these 422 

more complex stands in our study area are confirmed by future research, then this suggests that a strategy 423 

to leave stands on private lands to develop complexity naturally could add to habitat connectivity in a 424 

matter of decades to a century. 425 
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4.2 Land ownership objectives manifested in landscape pattern of forest structure 426 

Land ownership objectives in our study area can be condensed into three broad categories: 427 

objectives for federal lands as outlined under the Northwest Forest Plan, maximizing net present value of 428 

timber stock for private industrial lands, and a combination of timber harvest and land investment for 429 

private non-industrial lands (Table 1). I expected the proportion of complex forest structure (Classes 5 430 

and 6), mean patch size, and intermixing to increase from low values on private industrial lands, medium 431 

values on private non-industrial lands, and high values on public lands. I expected these results because 432 

these ownerships are also on a spectrum of objectives from intense timber production to ecological forest 433 

management. Our results support these expectations for private industrial and public lands, but not for 434 

private non-industrial lands. 435 

On both simplified groups of government lands (i.e. Mixed Objective Government ownership 436 

types and NWFP Objective Government ownership types), large blocks of potentially connected habitat 437 

have been created consisting of large patches of Complex and Very Complex structure classes, but these 438 

blocks are not well intermixed with other forest structures. The NWFP identifies contiguous high quality 439 

habitat (best represented by our Complex and Very Complex structure classes, 5 and 6) as a goal, but also 440 

recognizes landscape diversity as a goal (PNW-GTR-966 Vol. 1 2018). I found that the Very Complex 441 

structure class (Class 6) had the least intermixing, and an examination of adjacency tables (data not 442 

shown) shows that this class was most commonly adjacent to the Complex structure class (Class 5).  443 

Except for the initiation structure class (Class 1) which had lower intermixing, the other classes (Classes 2 444 

through 5) are moderately intermixed, creating moderate (IJI values in the range of 60 to 80) landscape 445 

heterogeneity.   446 

I found that these intermixing patterns held across ownership groups, with different implications 447 

by ownership type based on the types of structures most commonly found on that type. For government 448 

ownership types, the effect of these intermixing patterns are connected larger blocks of structurally more 449 
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complex forest (the adjacent Complex and Very Complex structure classes, Classes 5 and 6) and larger 450 

blocks of intermixed less structurally complex forest (Classes 1 through 4, that together constitute half or 451 

more of these properties).  Privately owned properties also have high intermixing of structure classes that 452 

creates landscape heterogeneity, but with structurally simple forests of lower habitat quality. 453 

The effects of management objectives for private lands were represented by their high proportion 454 

of and higher mean patch sizes of structurally simple forests. Both private industrial and non-industrial 455 

lands had a higher proportion of structurally simple (production-style) forests (Classes 1 and 4) than 456 

structurally complex forests (Classes 5 and 6). Private industrial ownership types, though not private non-457 

industrial, had higher mean patch sizes in structurally simple forests, because of their owner’s focus on 458 

maximizing timber production. Because private land objectives are primarily timber-oriented, it is 459 

possible that structurally complex forest (Classes 5 and 6) only occurs where there are timber harvest 460 

restrictions (such as stream buffers (Cloughesy and Woodward 2018)) to improve ecological health or 461 

where there are barriers to harvest such as excessively steep slopes 462 

I expected private non-industrial ownership types to have proportions of structure classes in 463 

between private industrial and government ownership types, because private non-industrial owners have a 464 

wider range of land objectives. Mean patch sizes for private non-industrial ownership types did fall 465 

between private industrial and government ownership types; however, the non-industrial private 466 

ownership types had a similar proportion of structure classes as private industrial ownership types. The 467 

structural similarity between private industrial and non-industrial ownership types could indicate that 468 

timber harvest is more important to non-industrial owners than previously thought or that use of 469 

ecological forest management techniques is limited.  470 

4.3 Land ownership creates different scales of forest structure pattern through differing objectives and 471 

management practices 472 
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Examining homogeneity and heterogeneity of forest structure across landscapes is important for 473 

examining broad scale effects of varying management practices and the effects of regional conservation 474 

planning. Differing patterns of homogeneity and heterogeneity at multiple scales have been found in the 475 

boreal forests of Canada (Boucher et al. 2015) and in the American Upper Midwest (Mladenoff et al. 476 

1993; Schulte et al. 2007) due to variability in harvest practices. If our structure classes are linked to stand 477 

age and therefore rotation length, as suggested by GNN stand age estimates, then our study area may also 478 

display patterns of homogeneity and heterogeneity at different scales due to harvest practices and 479 

historical land practices. In our study I examined forest structure at the scales of individual patches, 480 

patches within individual properties analyzed across all properties of the same ownership type, and 481 

patterns of forest structure across ownership types.  482 

As a result of clearcutting and resulting differently aged stands, private owners primarily have a 483 

range of structures from Initiation (Class 1) to Harvestable (Class 4) that are moderately intermixed. Since 484 

these ownership types are aggregated (Figure 1), a homogeneity of similar repeating patterns of forest 485 

structure across a large proportion of the landscape is created. Due to a lack of active spatial planning of 486 

harvests, across and even within ownerships, these fine scale management choices result in a sub-regional 487 

mosaic of structurally similar forest patches that differ only in time since harvest (i.e. different age 488 

cohorts of even aged stands).  There is little structurally complex forest in lower elevation private lands 489 

and a visual inspection of their patterns suggest they often may be riparian buffers excluded from 490 

harvests. 491 

Forest structure classes are spatially aggregated between ownership groups due to the lasting 492 

effects of historical land practices. Forest structure in this landscape is bifurcated by private versus public 493 

ownership that also divides by elevation. This bifurcation is the result of the federal government ceding 494 

productive lands to private interests and retaining the leftover land that was more difficult to utilize 495 

(because of its higher elevation and topographic complexity) in the early 1900s (Maestas et al. 2001).  496 
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4.4 Conservation Implications 497 

Because forest structure is tightly linked to conservation values, such as carbon storage and 498 

habitat emphasized in the Northwest Forest Plan, the results of this study can be used to suggest 499 

considerations in conservation strategies for policymakers and managers. Here, I highlight multiple cases 500 

where this study could help monitor and implement conservation strategies, one through policy 501 

compliance and one through voluntary participation. 502 

This analysis shows that federal lands governed under the NWFP are successfully creating and/or 503 

conserving large patches of contiguous structurally complex forest. As discussed earlier, these patches 504 

could even be structurally complex forest that developed relatively quickly (Larson et al. 2008). 505 

Regardless of their age though, these forests are likely to continue to develop greater structural 506 

complexity in the years to come. These results support trends found approximately ten years after the 507 

implementation of the NWFP, which stated that the rate of old growth decline had slowed and 508 

development of structurally more complex forests had increased (Mouer et al. 2005). However, structural 509 

complexity is only one of multiple components of old growth and late successional forest. Other 510 

components that characterize old-growth forest, for instance snags with natural cavities and tree crowns 511 

with broken tops (Spies and Franklin 1991), are not readily measurable by lidar, so I are unable to make 512 

statements about the presence of these other key structural attributes in our study area. Based on 513 

observations of structural complexity for the wider region (Franklin et al. 2002), these other 514 

characteristics often develop at forest ages greater than those estimated for our study area  515 

Our analysis of Northern Spotted Owl habitat suitability and structure classes showed that habitat 516 

suitability is associated with our structurally complex classes, but even our most structurally complex 517 

classes do not have a high mean habitat suitability index (~0.5) (Hagar et al. 2020). This is likely because 518 

the habitat suitability model emphasizes slightly different elements of forest structure than our 519 

classification. However, the lower than expected habitat suitability values illustrate that when managing 520 
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for the northern spotted owl, I should not simply rely on structural complexity and old growth 521 

classification as surrogates for suitable habitat. 522 

At their simplest, conservation easements are agreements between a landowner and a land trust or 523 

government agency where the landowner retains ownership of the land but transfers developmental rights 524 

over the land to the grantee, typically for tax relief (Kamal et al. 2015). In our study area, I found that 525 

there was a substantial geographic bifurcation of public and private lands, with the vast majority of 526 

quality habitat on government land. This bifurcation increases the need for focus on private lands 527 

interspersed with government lands, given the lack of feasibility in accomplishing conservation goals only 528 

on public land (Woodley et al. 2012). One part of our study area this could be implemented in is the 529 

checkerboard pattern of public and private lands found on the eastern boundary of the study area. 530 

Targeting private lands of higher habitat value that widen the connecting corners of private and public 531 

lands in the checkerboard would increase landscape connectivity. Not only is landscape connectivity 532 

recognized in ecological literature as a basis for biological diversity because it increases species 533 

movement (Shafer 2015) and is important to consider as species ranges may shift due to climate change 534 

(Heller and Zavaleta 2009).  535 

Finally, the Oregon Forest Practices Act is a series of state-level policies implemented by the 536 

Oregon Board of Forestry that manages forest practices on private land (Cloughesy and Woodward 2018). 537 

Two harvest limitations under this act are a harvest limit of approximately 49 hectares (120 acres) and of 538 

“adjacent areas in the same ownership until new trees on the original harvest site are at least four feet tall 539 

or are four years-old” (Cloughesy and Woodward 2018). These rules are designed to limit landscape level 540 

aggregation of harvested areas. However, our results show that mean patch size created by private 541 

industrial lands in the Pre-Harvest structure class (3) had a substantially larger mean patch size, (138 542 

hectares), than the desired 49- hectare patch size. This illustrates that current harvest patterns still result in 543 

aggregation of similar structures larger than desired under the Practices Act, likely because only waiting 544 

four years until an adjacent harvest takes place is not long enough for patches to develop into different 545 
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structure or class cohorts. If policymakers and managers wish to achieve a greater diversity of landscape 546 

patterns following harvest, they may wish to consider limiting harvest size or increase the number of 547 

years waited before a neighboring patch can be harvested. Considering these changes is especially 548 

important as more than 75% of future timber harvest in our study area is expected to come from private 549 

industrial lands for whom the Oregon Forest Practice Act is designed to manage (Spies et al. 2007). 550 

5.0 Conclusion 551 

I found that land ownership, objectives, and management create multiple assemblages of forest 552 

structure and that these assemblages vary in their homogeneity at different scales. Private lands create 553 

their own homogenous forest structure a fine scale and create heterogeneity at a sub-regional scale, but 554 

only through the difference in age cohorts of the homogenous fine scale forest structure. Public lands 555 

create their own, more complex forest structure compared to private lands, but the patterns of this 556 

structure vary across specific public ownership types. Our results suggest the opportunity for spatial 557 

planning of harvests across private ownership boundaries and emphasize the need for high fidelity data to 558 

examine complex multi-ownership landscapes. Our work in the Coast Range provides an update to 559 

previous research in western Oregon that focused on the relationship between land ownership and forest 560 

conditions. While our work has direct implications for pacific northwest forests, this work also provides a 561 

framework of analysis across a range of ownership categories and ecosystems.  562 
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