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Abstract In eastern North America, white-tailed deer

(Odocoileus virginianus) can have profound influences on

forest biodiversity and forest successional processes.

Moderate to high deer populations in the central

Appalachians have resulted in lower forest biodiversity.

Legacy effects in some areas persist even following deer

population reductions or declines. This has prompted

managers to consider deer population management goals in

light of policies designed to support conservation of bio-

diversity and forest regeneration while continuing to sup-

port ample recreational hunting opportunities. However,

despite known relationships between herbivory intensity

and biodiversity impact, little information exists on the

predictability of herbivory intensity across the varied and

spatially diverse habitat conditions of the central

Appalachians. We examined the predictability of browsing

rates across central Appalachian landscapes at four

environmental scales: vegetative community characteris-

tics, physical environment, habitat configuration, and local

human and deer population demographics. In an informa-

tion-theoretic approach, we found that a model fitting the

number of stems browsed relative to local vegetation

characteristics received most (62%) of the overall support

of all tested models assessing herbivory impact. Our data

suggest that deer herbivory responded most predictably to

differences in vegetation quantity and type. No other spa-

tial factors or demographic factors consistently affected

browsing intensity. Because herbivory, vegetation com-

munities, and productivity vary spatially, we suggest that

effective broad-scale herbivory impact assessment should

include spatially-balanced vegetation monitoring that

accounts for regional differences in deer forage preference.

Effective monitoring is necessary to avoid biodiversity

impacts and deleterious changes in vegetation community

composition that are difficult to reverse and/or may not be

detected using traditional deer-density based management

goals.

Keywords Biodiversity � Central Appalachian Mountains �
Herbivory � Odocoileus virginianus � Predicting browsing
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Introduction

Ungulates play a major role in forested ecosystems (Hobbs

1996; Russell et al. 2001; Rooney and Waller 2003) and, as

a result of changes in habitat conditions and decreases in

predator populations, ungulates exert increasingly negative

effects on forest biodiversity and forest successional pro-

cesses (Horsley et al. 2003; Côté et al. 2004; McShea

2005, 2012; DiTommaso et al. 2014). In eastern North
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America, white-tailed deer (Odocoileus virginianus)

(hereafter deer) affect forest ecosystems in many ways,

including directly by browsing that changes growth rate,

development, survival, and succession of plants as well as

overall community composition (Russell et al. 2001), and

indirectly through a cascade of impacts to other organisms

affected by changes in the plant community. For example,

impacts of deer affect bird communities, small mammals,

and invertebrates (Côté et al. 2004).

Similar to other regions, deer populations in central

Appalachian have fluctuated widely over the past century.

Following widespread deer extirpation by the early twen-

tieth century, reintroductions, harvest management, and

habitat change, i.e., reforestation and farm abandonment

since have led to relatively high deer populations (Halls

1984). Moderate to high deer populations over the past

20–30 years have reduced forest biodiversity and created

legacy effects in some areas even where populations have

been reduced (Royo et al. 2010; McShea 2012; Tanentzap

et al. 2012). Changes in forest management practices, e.g.,

reductions in timber harvest on public lands, an increase in

intensity of harvest on corporate lands, and changed hunter

effort, also have contributed to changes in deer densities

and forage availability (Campbell et al. 2006; Ford et al.

1993). In the central Appalachians portion of Virginia,

wildland management is directed at biodiversity conser-

vation, forest regeneration, and maintenance of sufficient

deer numbers to satisfy recreational hunting demands

(Virginia Department of Game and Inland Fisheries 2015).

To be successful, these efforts require not only under-

standing of deer herbivory impacts but also of how her-

bivory varies regionally along environmental gradients and

spatial scales. Generally, the effects of deer herbivory have

been described well (Rooney 2001; Russell et al. 2001;

Rooney and Waller 2003; Côté et al. 2004) and several

metrics to assess the intensity of herbivory have been

suggested, such as proportion of stems browsed and status

of indicator species (Morellet et al. 2001, 2007; Koh et al.

2010; Frerker et al. 2013). Although these measures of

herbivory impact might be valuable within appropriate

contexts, some are difficult for managers to broadly apply

across landscapes. For example, indicator species may not

be present similarly across different habitat configurations

and varied vegetation communities, or metrics may be

validated only under certain habitat configurations

(Morellet et al. 2007). Within a state or province, including

Virginia, deer populations generally are managed on sub-

regional or county scales. Yet, the effects of deer herbivory

can vary substantially within local areas, such as within

parks or other protected areas where hunting is not allowed

or conversely within management areas where hunting

occurs. Variations in deer harvest, predation, and land use

further contribute to local variation in deer herbivory

effects. Because of this, predicting the relationship between

deer herbivory intensity and spatial factors, such as land-

scape arrangement and land use, would provide valuable

information for managers seeking to assess and monitor

herbivory effects across landscapes.

Frerker et al. (2013) reported that a more applicable

metric, browsing rate or browsing ratios, provides a reli-

able indicator of ungulate impact in forest plant commu-

nities. Kniowski and Ford (2017) examined the spatial

patterns of deer herbivory across central Appalachian

forested landscapes and reported remarkable consistency

across varied landscape contexts and large geographic

areas. Nonetheless, little information exists regarding the

predictability of herbivory intensity across most landscapes

(but see Augustine and Jordan 1998; Campbell et al. 2006).

Herein, we examine the predictability of browsing rates

across central Appalachian landscapes regarding four dis-

tinct aspects of spatial location: vegetative condition,

physical environment, habitat arrangement, and local

demographics. A priori, we hypothesized that vegetative

condition, i.e., composition and structure, would be the

strongest predictor of browsing intensity. However,

because deer often are most abundant near anthropogeni-

cally altered landscapes (Halls 1984; Augustine and Jordan

1998; Kilpatrick and Spohr 2000), we predicted that habitat

configuration would be useful in predicting herbivory

intensity and that habitat arrangement factors would have a

stronger relationship with browsing intensity than physical

environment. Knowledge of the role of these factors in deer

herbivory could enable forest managers to plan for her-

bivory impacts on forest systems, particularly when plan-

ning harvest and regeneration or restoration actions.

Methods

Study area

Our study area was located in the central Appalachian

Mountains of western Virginia, USA. We divided the study

area into six sampling regions following physiographic

divisions: Appalachian Plateau, Blue Ridge Northern, Blue

Ridge Southern, Valley and Ridge within the Tennessee

River drainage, and Valley and Ridge Middle (Fenneman

1938). We divided the Valley and Ridge Middle section

into two sub-study regions because of its size and consid-

erable latitudinal extent; the subdivision roughly followed

the boundary of the Potomac and James River watersheds

that separates the upper and lower portions of the

Shenandoah Valley (Fig. 1). Throughout, elevations range

from approximately 200–1700 m. Generally, Valley and

Ridge and, to a lesser extent, the Blue Ridge regions are

characterized by long mountain ridges with moderate to
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steep side slopes and narrow to moderately broad valleys.

The Appalachian Plateau is characterized by rugged terrain

with steep slopes and very narrow valleys. Landforms in

the Appalachian Plateau generally display a dendritic pat-

tern, although local relief generally is less than that of the

Valley and Ridge or Blue Ridge. The entire study area

predominately is forested (67%), intermixed with pasture

or hay production in the valleys (22%), and limited areas of

row-crop agriculture, residential, and urban development

(Homer et al. 2015). However, the Appalachian Plateau is

more forested (79%), has limited pasture or hay production

(4%), and no row-crop agriculture. Dominant forest types

are xeric oak (Quercus spp.) and mixed pine (Pinus spp.)

with scattered, smaller patches of ‘‘cove’’ or other mesic

hardwoods, and northern hardwoods depending on region,

aspect, and elevation. Forests [1200 m in elevation in

some locations support stands dominated by red spruce

(Picea rubens) (Simon 2011, 2013).

Field data collection

We selected five sites within each of the six sampling

regions for a total of 30 sites where we sampled woody

vegetation within forested areas along 20 transects at each

site. We distributed sites across a range of habitat and land

use configurations using a combination of landscape

diversity metrics. To facilitate the site distribution, we

calculated a measure of local forest diversity by creating a

30 9 30 m grid where values were the sum of the number

of forest types defined by the Northeastern Terrestrial

Wildlife Habitat Classification System (NETWHCS;

Gawler 2008) within a 1 km radius surrounding each grid

cell. Forest types were reclassified into 8 types prior to

diversity calculation to allow better comparability across

sampling regions: cove hardwood, xeric oak, floodplain,

mesic hardwood, mixed pine, northern hardwood, pine, and

spruce-fir (Abies spp.). We ranked locations with forest

diversity values C4 as high forest diversity; locations with

a diversity value of 3 as average forest diversity; and areas

with diversity values of 1 or 2 as low forest diversity.

Similarly, we used the National Land Cover Dataset

(NLCD; Fry et al. 2011) to calculate a measure of land use

diversity by creating a 30 9 30 m grid where values were

the number of different land use classes within a 1 km

radius surrounding each grid cell. Land use classes were

reclassified prior to diversity calculation into 7 land cover

types: water, residential, urban, forest, grass or swampland,

pasture, and row-crop. We ranked areas with land use

diversity values C6 as high land use diversity; areas with

diversity values of 4 or 5 as average; and areas with

diversity values B3 as low. We identified and categorized

possible assessment sites within each region based on their

combination of forest and land use diversity values. Within

available locations, we selected one site in each of the

following combinations of forest and land use diversity:

high forest and high land use; high forest and low land use;

Fig. 1 White-tailed deer

(Odocoileus virginianus)

herbivory study regions and

assessment sites in the central

Appalachian Mountains,

Virginia, USA, summer 2014.

Regions are: Appalachian

plateau, AP; Blue Ridge

Northern, BRN; Blue Ridge

Southern, BRS; Valley and

Ridge Tennessee River

Drainage, VRT; Valley and

Ridge Middle-Upper

Shenandoah, VRM-US; and

Valley and Ridge Middle-

Lower Shenandoah, VRM-LS
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low forest and high land use; low forest and low land use;

and average land use, average forest diversity. We defined

or limited herbivory assessment site boundaries to a

B3 km2 circular area to limit intra-site variation in

browsing intensity due to variations in local deer popula-

tion density; sites of this size approximate the home range

of an adult deer in the central Appalachians and an indi-

vidual deer present on a site could access all areas of the

site assuming normal movement patterns (Halls 1984;

Tierson et al. 1985; Campbell et al. 2004).

Within each site, we randomly selected 20 transect

locations within forested areas using a generalized random-

tessellation stratified design (Stevens and Olsen 2004). We

stratified locations among six topographic and landform

criteria; further subdividing the criteria into two aspect

classes for a total of 12 strata classes (Table 1). Where

strata were not present within a site, we assigned transect

locations to an available alternate stratum. We defined low

to moderate slope as slopes B20�, and steep slopes as

slopes [20� and we used deviation from mean elevation

(DEV) within a 500 m radius (De Reu et al. 2013) as a

measure of topographic exposure; positive values indicate

the location is higher and negative values indicate the

location is lower than the mean elevation of the area

(McNab 1993; Wilson and Gallant 2000; De Reu et al.

2013). We defined sheltered landforms as locations with a

DEV\-0.7, and exposed landforms as those with a

DEV[ 0.7 with average landforms as those not strongly

exposed or sheltered (-0.7 B DEV B 0.7). We defined

southeast aspects as aspects between 45� and 225� and

northwest aspects as aspects between 0� and 45� or

between 225� and 359�. These aspect categories typically

split along ridgelines in the study area resulting in an aspect

category for each dominant slope face. We oversampled

random transect locations within each stratum and, as

needed, selected alternate random locations within the

strata to maintain a minimum distance of 100 m between

any two transects.

We oriented transects perpendicular to the terrain slope

to minimize elevation changes along transects or in a

random direction if the location had no obvious slope. At

each transect location, forest age was categorized visually

by estimating the average diameter at breast height (dbh) of

the largest trees within the stand as young, approximately

\20 cm dbh; intermediate, approximately C20 to B50 cm

dbh; and mature, approximately [50 cm dbh (DeGraaf

et al. 1992). Likewise, we visually classified overstory

density at each transect location as: open, moderate, or

closed (Young et al. 1967). We recorded recent (within the

past year) forest management activities encompassing

transects as burned, harvested, burned and harvested, or

none. We categorized forest type at each transect broadly

as one of the following types (modified from Braun 1974):

spruce-fir, dominated by red spruce and/or Fraser fir (Abies

fraseri); northern hardwood, dominated by American

beech (Fagus grandifolia), sugar maple (Acer saccharum)

and black cherry (Prunus serotina); upland oak or mixed

hardwood, dominated by oak species, and other hardwoods

such as hickory (Carya spp.), red maple (Acer rubrum) and

blackgum (Nyssa sylvatica); cove hardwood dominated by

yellow poplar (Liriodendron tulipifera), American bass-

wood (Tilia americana), and northern red oak (Q. rubra);

pine-hemlock, dominated by eastern hemlock (Tsuga

canadensis) and white pine (Pinus strobus); mixed pine-

hardwood, dominated by various yellow pines and white

pine along with hardwood associates from the upland

hardwood community; valley white oak, dominated by

white oak (Q. alba) but often with other oaks, black walnut

(Juglans nigra), and blackgum; riparian/floodplain, domi-

nated by American sycamore (Platanus occidentalis) and

black walnut (Juglans nigra).

We evaluated the browsing intensity of deer along each

transect by assessing woody vegetation within 1 m2 sub-

plots by only evaluating woody stems because these dis-

play persistent and conspicuous evidence of browsing

whereas herbaceous vegetation is ephemeral, the whole

plant can be consumed, and plants more easily are dam-

aged by non-browsing events (Frerker et al. 2013). We

distributed subplots evenly (every 5 m) along 50 m tran-

sects (10 per transect) and then counted and identified the

total number of woody stems between 0.2 and 1.8 m in

height within each subplot by vegetation species and also

recorded the number of stems that had been browsed by

deer. Although browsing by species other than deer rarely

Table 1 Distribution of transects among topographic and landform

criteria on white-tailed deer (Odocoileus virginianus) herbivory

assessment sites in the central Appalachian Mountains of Virginia,

USA, summer 2014

Strata criteria N transects

Low to moderate slope, exposed landform, SE aspect 2

Low to moderate slope, exposed landform, NW aspect 2

Low to moderate slope, sheltered landform, SE aspect 2

Low to moderate slope, sheltered landform, NW aspect 2

High slope, exposed landform, SE aspect 2

High slope, exposed landform, NW aspect 2

High slope, sheltered landform, SE aspect 2

High slope, sheltered landform, NW aspect 2

Low to moderate slope, average landform, SE aspect 1

Low to moderate slope, average landform, NW aspect 1

High slope, average landform, SE aspect 1

High slope, average landform, NW aspect 1

Total 20

SE southeast, NW northwest
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was encountered, we were careful to differentiate between

the coarse browse scars resulting from the browsing of deer

from clean cut stems resulting from the browsing of rabbits

(Sylvilagus spp.) or rodents (Morellet et al. 2001).

Spatial data and modeling

We extracted spatial factors for each transect from geo-

graphical information system (GIS) layers using ArcMap1

(Version 10.3.1, Environmental Systems Research Insti-

tute, Redlands, CA). Physical environment factors,

including elevation, DEV, slope (in degrees), and aspect

(linearized using the transformation [1 - cosine(as-

pect)] ? [1 - sine(aspect)]), were obtained or derived

from the United States Geological Survey (USGS) National

Elevation Dataset (http://nationalmap.gov/; accessed 9

September 2015) at 1/3 arc-second resolution. We used the

Virginia geologic map dataset from the USGS Mineral

Resources spatial data repository (http://mrdata.usgs.gov/

geology/state/; accessed 29 August 2015) to obtain bedrock

type. To calculate landscape and habitat arrangement fac-

tors for each transect, we used FRAGSTATS (version 4.2,

http://www.umass.edu/landeco/research/fragstats/fragstats.

html). We calculated three metrics for land use types,

including edge density, mean radius of gyration (a measure

of patch extent), and Simpson’s diversity index (diversity

of land use), and three metrics exclusively for forest land

use, including edge density, mean radius of gyration, and

patch cohesion index (a measure of the physical connect-

edness of patches; patch cohesion increases as the patch

type becomes more clumped or aggregated in its distribu-

tion) (McGarigal et al. 2012). We calculated all landscape

and habitat arrangement factors at two spatial scales, 1 and

5 km radius circular areas surrounding each transect. Ad-

ditionally, for each transect, we calculated the distance to

the nearest forest edge (defined as any non-forest land use

type by the NLCD) for a total of 13 landscape and habitat

arrangement factors. Demographic factors included human

population density estimates for 2014 by county or city

from U.S. Census Bureau data and 2014 deer harvest

density by county or city (Virginia Department of Game

and Inland Fisheries 2015). We considered including the

decadal average deer harvest density and the coefficient of

variation (Zar 1984) of the decadal deer harvest density in

models; however, both factors highly were correlated

([0.82) with either the 2014 human population density or

the 2014 harvest density. In addition to the vegetation

characteristics recorded in the field, we used tree canopy

cover from the NLCD tree cover dataset to provide further

description of forest condition (Homer et al. 2015).

Because deer browse vegetation preferentially (Nixon et al.

1970; Vangilder et al. 1982; Crimmins et al. 2010; Dostaler

et al. 2011), we calculated a measure of average vegetation

preference for each transect. To do so, we multiplied stem

counts for each vegetation species by the regional browsing

ratio for that species. This resulted in stems of plant species

browsed frequently by deer being more heavily weighted

while those of vegetation species rarely browsed were less

weighted in count totals. Using the weighted counts, we

calculated the mean stem weight (hereafter forage prefer-

ence) for each transect.

The proportion of stems browsed, or browsing ratio, has

been shown to be a reliable indicator of herbivory intensity

and impacts to forest plant communities (Castleberry et al.

1999; Morellet et al. 2001; Frerker et al. 2013). However,

modeling ratios directly can be problematic and lead to

spurious correlations and difficulty interpreting model

coefficients (Kronmal 1993). Because of this, we devel-

oped candidate models of herbivory intensity using the

number of stems browsed as an independent variable and

included the number of stems available and the mean stem

preference as dependent variables in all models (Kronmal

1993). Our developed candidate models included addi-

tional dependent variables in groups representing the veg-

etative condition, physical environment, and demographics

as defined above. We included a model for each group of

dependent variables separately and all possible pair-wise

combinations of the variable groups. The same methodol-

ogy for the factors of landscape and habitat arrangement

was used; because factors were correlated strongly with

each other, we created models for each factor individually.

Initially, we fit models with the number of stems

browsed as an independent variable and the number of

stems available and the mean forage preference as depen-

dent variables in all models as described above. However,

we predicted that the relationship between the number of

stems browsed and the number of stems available would be

non-linear; likewise, the preference of the available stems

could influence the proportion of stems browsed, a rela-

tionship that might change with forage availability.

Accordingly, we included a model with the square of the

number of stems available and the interaction between

forage preference and stems available as a candidate

model. Because the model including the square and inter-

active terms for the local vegetation characteristics greatly

outranked the other candidate models, we used this as a

base model and then refit all candidate models including

the square and interactive terms and selected spatial fac-

tors. We also included a reduced base model that did not

include the interaction and squared terms and a null model

in the candidate model list for a total of 61 models (Sup-

plementary Appendix A: Table SA.1).

1 The use of any trade, product or firm names does not imply

endorsement by the US government.

Predicting intensity of white-tailed deer herbivory in the Central Appalachian Mountains 845

123

http://nationalmap.gov/
http://mrdata.usgs.gov/geology/state/
http://mrdata.usgs.gov/geology/state/
http://www.umass.edu/landeco/research/fragstats/fragstats.html
http://www.umass.edu/landeco/research/fragstats/fragstats.html


Our transects were nested within sites and sites within

sampling regions, therefore we used a linear mixed model

approach and included random intercepts for site and

region (Snijders 2011). Stems available and stems browsed

were log ? 1 transformed prior to model fitting. We cen-

tered and scaled all other independent continuous variables

so that we directly could assess effect sizes (Schielzeth

2010). As there were multiple transects per county, we

included a random intercept for county in each model

where demographic factors were present. We ranked

models using Akaike’s information criterion corrected for

small sample size (AICc), the difference between the model

with the lowest AICc and the AICc of the ith model (Di),

and Akaike’s weights (wi) (Burnham and Anderson 2002).

We assessed the variance explained by the top model using

marginal and conditional r2 for linear mixed models as

described by Nakagawa and Schielzeth (2013). To assess

the ability of the top model to predict herbivory intensity,

we randomly selected 70% of the dataset to use for model

fitting and used the remaining 30% to test the model. We

used the top supported model to predict the number of

stems browsed on transects for the data retained for model

testing and then back-transformed the values to the original

scale and compared the predicted to the observed values.

We predicted values both including and excluding infor-

mation regarding the random variables to simulate field

observations where broader site conditions were and were

not known. Predicted values were rounded to the nearest

whole number and we evaluated predictive accuracy by

calculating mean error, and root mean square error (RMSE)

of the predicted values (Chai and Draxler 2014). We used

R (Version 3.2.3, www.r-project.org) and packages ‘‘lme4’’

(Version 1.1-10, https://cran.r-project.org/package=lme4),

‘‘MuMIn’’ (Version 1.15-6, https://cran.r-project.org/pack

age=MuMIn), and ‘‘multcomp’’ (Version 1.4-1, https://

cran.r-project.org/package=multcomp) to fit and rank

models.

Results

Between 2 June 2014 and 7 August 2014, we counted and

identified 11,137 woody plant stems or 1.86 stems m-2 of

82 species or species groups across all 30 sites and 600

transects. Mean browsing ratio study-wide was 0.28,

whereas mean regionally-weighted browsing ratio was

0.46. Browsing ratios varied considerably among vegeta-

tion species study-wide, but ratios were similar among

regions (Supplementary Appendix A: Table SA.2). The

number of stems per-transect was lowest in the Appa-

lachian Plateau and highest in the Southern Ridge and

Valley region (Table 2). Conversely, edge density was

greater in the Appalachian Plateau and Southern Ridge and

Valley regions compared with other regions to the

northeast.

The base model fitting the number of stems browsed

exclusively by local vegetation characteristics received the

greatest percentage (62%) of overall support (Table 3).

Because no other model had Di\ 2, we used estimates

directly from the best supported model. There was no

evidence that models containing factors of the physical

environment, habitat arrangement, local demographics, or

expanded vegetative conditions were improved over the

model containing only those factors relating to local veg-

etative conditions. Our top model explained 56% of the

variation in the number of stems browsed not accounting

for the random factors and 63% of the variation after

accounting for random factors. The mean error of predic-

tions by the top model not accounting for random factors

was 2.41 stems per transect or 18.0% of the number of

available stems; the RMSE was 3.17 stems. The mean error

of predictions by the top model accounting for random

factors was 2.34 stems per transect or 17.5% of the number

of available stems; the RMSE was 3.17 stems.

Discussion

Contrary to our predictions, we did not find that spatial

factors relating to the physical environment, habitat

arrangement, or demographics improved models of deer

herbivory intensity. Although deer are known to prefer

habitat edges and often are abundant in fragmented land-

scapes in the Appalachians and elsewhere (Alverson et al.

1988; Ford et al. 1993; Campbell et al. 2006), they also are

present in large contiguous forests and highly agricultural

areas as well. Because deer adapt well to many habitat

types and configurations, as demonstrated by their rapid

population growth over the last several decades, deer are

ubiquitous across the core of their distribution in North

America. In the mixed forest and agriculture of southcen-

tral Minnesota, for example, Augustine and Jordan (1998)

found that browsing intensity was strongly correlated with

the availability of row crops and alfalfa (Medicago sativa)

fields within 1.5 km of herbivory sampling locations. Our

study area had only a limited and moderate acreage of row

crops or improved pasture, respectively, providing sup-

plemental food for deer outside largely forested habitats.

As a result, we were not able to examine the influence of

row crops and other potential alternative food sources

directly. Lacking strong potential associations between

forest edge and alternate, available food resources, edge

did not appear to influence browsing intensity in our study.

Furthermore, our top supported model suggests that mea-

surements of the type and abundance of available forage

were sufficient to predict the intensity of deer herbivory
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across the variety of landscape characteristics found in this

portion of the central Appalachians.

Our predictive herbivory intensity models accounted for

both the amount of and average preference for the available

forage. These factors can change substantially across the

landscape and in relationship to landscape attributes. For

example, McNab (1989, 1993) found strong relationships

between tree growth and landform indices, suggesting a

predicable difference in forest productivity and

species/community composition across landforms in the

Appalachians. In spite of this, we did not find any

improvement in models of herbivory intensity by including

Table 2 Mean ± standard deviation of model factors for white-tailed deer (Odocoileus virginianus) herbivory assessment transects in the

central Appalachian Mountains of Virginia, USA, summer 2014

Appalachian

Plateau

Blue Ridge

Northern

Blue Ridge

Southern

Ridge and

Valley Middle

Ridge and Valley,

Tennessee

Upper

Shenandoah

Valley

Woody stems (n) 13.47 ± 8.87 21.23 ± 13.22 18.19 ± 9.18 16.84 ± 13.23 22.94 ± 13.88 20.21 ± 13.17

Stems browsed (n) 4.788 ± 4.415 5.620 ± 6.665 5.440 ± 5.008 4.151 ± 4.265 5.310 ± 4.603 6.717 ± 6.641

Stem preference 0.375 ± 0.144 0.268 ± 0.105 0.301 ± 0.146 0.3 ± 0.191 0.244 ± 0.123 0.354 ± 0.141

Browsing ratio 0.395 ± 0.287 0.253 ± 0.183 0.321 ± 0.238 0.352 ± 0.317 0.274 ± 0.226 0.395 ± 0.285

Distance to forest edge

(m)

137.5 ± 100.6 251.9 ± 212.6 355.7 ± 330.6 294.5 ± 304.1 222.1 ± 318.5 282.9 ± 231.3

Tree cover (%) 91.7 ± 15.07 95.88 ± 8.5 95.76 ± 7.68 91.28 ± 14.66 96.92 ± 5.08 92.12 ± 11.72

Slope (�) 20.08 ± 9.98 14.55 ± 8.05 20.36 ± 9.25 16.00 ± 8.68 18.51 ± 9.31 13.49 ± 9.78

DEV -0.026 ± 1.046 -0.011 ± 0.914 -0.005 ± 0.957 0.030 ± 0.949 0.010 ± 1.019 -0.126 ± 0.852

Transformed aspect 1.953 ± 0.929 1.895 ± 0.989 2.213 ± 0.904 2.12 ± 1.065 2.017 ± 1.002 1.885 ± 0.93

Edge density 1 km

(m ha-1)

81.15 ± 27.77 52.38 ± 30.83 41.54 ± 29.36 50.5 ± 43.12 69.74 ± 37.58 36.28 ± 26.71

Radius of gyration 1 km

(m)

110.5 ± 36.9 142.8 ± 57.6 188.8 ± 161.3 182.9 ± 136.7 139.7 ± 143.5 222.2 ± 139.6

Simpson’s diversity

index 1 km

0.331 ± 0.156 0.246 ± 0.164 0.201 ± 0.162 0.219 ± 0.201 0.384 ± 0.224 0.22 ± 0.217

Edge density 5 km

(m ha-1)

83 ± 18.62 47.66 ± 17.62 59.66 ± 25.42 49.44 ± 14.63 89.32 ± 39.46 59.53 ± 14.3

Radius of gyration 5 km

(m)

92.3 ± 7.66 142.6 ± 16.9 99.16 ± 12.59 130.2 ± 12.2 97.24 ± 8.07 129.7 ± 13.5

Simpson’s diversity

index 5 km

0.365 ± 0.092 0.276 ± 0.143 0.31 ± 0.141 0.321 ± 0.104 0.527 ± 0.171 0.468 ± 0.094

Forest edge density

1 km (m ha-1)

64.73 ± 18.8 46.16 ± 27.86 31.13 ± 22.62 42.64 ± 33.2 51.35 ± 27.55 28 ± 17.95

Forest radius of gyration

1 km (m)

257 ± 188.7 341.1 ± 195 467.8 ± 206.9 446.1 ± 244.5 308 ± 203.6 446.7 ± 248

Forest patch cohesion

index 1 km

99.07 ± 0.86 99.62 ± 0.36 99.75 ± 0.33 99.72 ± 0.43 99.42 ± 0.47 99.44 ± 0.85

Forest edge density

5 km (m ha-1)

65.18 ± 12.08 39.85 ± 12.47 45.72 ± 17.72 39.03 ± 11.06 52.61 ± 15.49 40.46 ± 12.24

Forest radius of gyration

5 km (m)

169.5 ± 47.3 266.8 ± 109.4 161.8 ± 43.4 171.3 ± 40.4 112.6 ± 16.7 121.2 ± 13.3

Forest patch cohesion

index 5 km

99.87 ± 0.08 99.75 ± 0.18 99.86 ± 0.1 99.83 ± 0.13 98.66 ± 1.39 99.42 ± 0.4

Deer harvest density

(n km-2)

0.824 ± 0.207 1.792 ± 0.357 1.736 ± 0.474 1.669 ± 0.326 1.152 ± 0.496 1.797 ± 0.368

Human population

density (n km-2)

26.74 ± 32.92 27.17 ± 15.88 40.59 ± 28.74 14.56 ± 6.97 115.4 ± 189.4 47.76 ± 17.82

Habitat arrangement metrics were calculated over 1 and 5 km radius areas as indicated. Deer harvest density and human population density

reflect the mean density of the city or county of the transect locations not the mean density for the study region

DEV deviation from mean elevation
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factors relating to landform or other physical attributes of

location. One reason for this lack of relationship may be

the scale differences between the measurement of physical

attributes and how deer browse landscapes or other con-

founding factors of herbivory. Landforms vary in size,

availability and configuration on the landscape. Also, deer

establish relatively stable home range areas that generally

encompass different landforms and foraging opportunities

(Campbell et al. 2004). Although understory vegetation

community type and productivity in the Appalachians is

influenced by a suite of factors including landform and site

quality (Ford et al. 2000), previous attempts to link deer

physiological metrics such as harvest weight to potential

vegetation productivity as measured by site index were

largely equivocal (Ford et al. 1997). If deer herbivory is

influenced to a greater degree by vegetation type than

factors such as vegetation quantity, measures of forest

productivity, for example, may not necessarily be related

directly to browsing intensity. A lack of relationship

between landscape attributes and herbivory intensity also

could result from very productive areas providing greater

amounts of herbaceous forage that might change or mask

herbivory pressure on woody species evaluated in this

study.

The lack of relationship between spatial factors and deer

herbivory intensity highlights both the simplicity of the

best supported model and the difficulty of predicting

browsing intensity across complex, multi-faceted land-

scapes. Although our research suggests that herbivory

intensity can be predicted with relatively simple models, no

physical or demographic attributes or set of attributes were

identified that might prove useful for identifying landscape

areas prone to increased levels of browsing intensity over

this large portion of the central Appalachians. As a result,

without measurement of or obtaining data on local vege-

tative conditions, broad-scale prediction of herbivory

intensity remains difficult. Likewise, understanding forest

vegetative condition across landscapes undoubtedly will

remain a critical component for continued development of

herbivory impact assessment methods. New and emerging

methods, such as remote sensing of understory conditions

(Latifi et al. 2016), or modifying existing data collection

programs, such as the U.S. Forest Service, Forest Inventory

and Analysis program that provide more details of under-

story conditions might enhance the assessment of herbivory

intensity across landscapes.

Environmental change occurs temporarily and spatially,

therefore periodic assessment of herbivory intensity

unfortunately will be necessary to identify locations at risk

from excessive deer herbivory to provide managers suffi-

cient time to implement management changes before sub-

stantial or long-term degradations occur. However,

landscapes likely already contain areas previously degra-

ded by high levels of deer herbivory. For example, large

areas of the central Appalachians of Pennsylvania currently

display substantial reductions in forest biodiversity

(Goetsch et al. 2011; Schumacher and Carson 2013) and

recovery of these degraded systems can be slow (Royo

et al. 2010; Tanentzap et al. 2012). As a result, any broad-

scale assessment of herbivory intensity will need to

incorporate measures of ecosystem health that encompass

current, past, and future conditions and goals to aid in

establishing and maintaining healthy and sustainable

ecosystems.

Conclusions

Our results suggest that herbivory impact assessment

should include spatially-balanced vegetation monitoring

and account for regional differences in deer forage pref-

erence. Traditional deer density based management goals

might not adequately incorporate ecological factors that

affect biodiversity maintenance or recovery (McShea

2012). Because of this, developing effective monitoring of

herbivory impacts is essential for the central Appalachian

region to document if negative impacts to forest biodiver-

sity are occurring from herbivory. In turn, that provides

managers with threshold or decision points where

Table 3 Three best supported linear mixed models of number of woody plant stems browsed by white-tailed deer (Odocoileus virginianus) on

herbivory assessment transects in the central Appalachian Mountains, Virginia, USA, summer 2014

Model df logLik AICc Di wi

Base model 8 -340.89 698.1 0 0.618

Base model ? Simpson’s diversity index 5 km 9 -342.39 703.2 5.10 0.048

Base model ? Forest edge density 5 km 9 -342.47 703.4 5.24 0.045

Model parameters are given as well as the degrees of freedom (df), log likelihoods (logLik), Akaike’s information criterion corrected for small

sample size (AICc), difference in AICc value between top model and ith model (Di), and model support (wi). All models contained a random

intercept for site and study region; the base model included the number of available stems, the square of the number of available stems, forage

preference, and the interaction between the number of stems available and forage preference

848 A. B. Kniowski, W. M. Ford

123



management actions can be evaluated or implemented in

terms of deer harvest or additional habitat manipulations.
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