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Abstract
Context: Knowledge about spatial patterns of human dimensions data within landscape ecology is
nascent despite its importance in natural resources management decision-making.  We explored this
topic within the context of utility roadside forest vegetation management, a complex situation involving
ecological, cultural, and aesthetic aspects of forests and reliable power.

Objectives We applied spatial interpolation to investigate patterns of human attitudes toward exurban
roadside vegetation management data across an exurban landscape.

Methods Mail surveys (n = 1962) were used to collect social science data from residents in four areas of
Connecticut, USA. For each area, three attitudes variables were evaluated for spatial autocorrelation using
Moran’s I statistic. Based on identi�ed autocorrelation distance or scale, attitudes were interpolated using
inverse distance weighting. Model validation of interpolated surfaces was completed using root mean
square error.

Results: Statistically signi�cant spatial autocorrelation was present for �ve of 12 study area-attitude
pairings at variable distances. Accuracy of interpolations also varied among study areas, suggesting that
the choice of spatial scale of analysis in�uenced model results. 

Conclusions: Social processes within the exurban landscape were spatially heterogeneous and multi-
scalar for the same variables in different locations, exemplifying the complexity of social processes
within exurban land use. Interpolation assumptions often applied toward ecological studies did not work
well for social processes studied in this analysis. Results demonstrated the importance of understanding
spatial dimensions at which social processes operate and, therefore, may in�uence ecological outcomes
of the roadside forest within the context of state-level natural resources management and policy.

Introduction
Natural resource patterns and processes occur across multiple scales, cross administrative boundaries
and ecological gradients (Turner et al. 2001; Ohmann et al. 2011; Wu 2013), and affect and are affected
by socioecological processes occurring across landscapes (Johnson et al. 2019). Vast knowledge exists
about spatial factors in�uencing ecological phenomena, such as landscape connectivity (An et al. 2020),
community composition gradients (Ohmann et al. 2011), and disturbance interactions (Loehman et al.
2017). However, much less is known about the spatial patterns and processes of social science
phenomena as they in�uence ecological processes (Robinson et al. 2019) despite its importance in
natural resource planning and management. Social factors affect landscape processes such as forest
vegetation management (Wyatt et al. 2011; Conway et al. 2011), distribution of wild�re occurrence (Vogt
et al. 2005; Oliveira et al. 2012), and decision-making within watersheds (Andrews et al. 2018). Therefore,
understanding the spatial dimensions at which social processes operate directly addresses the “what”
and “where” aspects of social factors affecting ecological outcomes of natural resource issues (Bennett
et al. 2017).
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Natural resource decision-making at the landscape level often requires spatially explicit empirical data,
which can be expensive and time-intensive to obtain (Ohmann and Gregory 2002; Bell et al. 2015). For
social science, incomplete coverage, lack of longitudinal data, uncertainty of scale, and inconsistent data
quality create additional challenges for integrating social science data within broader landscape analyses
(e.g., Redman et al. 2002; Collins et al. 2011; Rounsevell et al. 2012; Bowen et al. 2016; Elsawah et al.
2020). When empirical data are lacking, tools and techniques such as spatial interpolation allow
managers to construct inferences for sample-based data (Azpurua and Ramos 2010); biophysical
examples include predicting forest composition across regions (Ohmann and Gregory 2002), interpreting
changes in seasonal rain patterns (Camera et al. 2014), and assessing distribution of groundwater
contamination (Gong et al. 2014) and temperature gradients across regions (Kim et al. 2010). The few
applications of such tools and techniques to explore social science connections to ecological processes
at the landscape level include assessing where human-perceived and physically measured ecological
values overlap in socioecological hotspots (Alessa et al. 2008), and understanding visitor movement for
improving park and protected area management (Beeco and Brown 2013). Despite this knowledge gap,
such examples demonstrate potential for addressing social data challenges to strengthen bidirectional
linkages between social science and landscape ecology. In this study, we focused on the context of utility
vegetation management to explore spatial characteristics of human dimensions of roadside forest
management at the landscape level.

Fallen roadside trees cause a majority of storm-related power outages (Campbell 2012; Parent et al.
2019), particularly during storm events, from which impacts are unevenly and unpredictably distributed
across the landscape. Utilities implement roadside vegetation management, including tree trimming and
tree removal, in attempt to mitigate power outages. In 2011 and 2012, Tropical Storm Irene, Storm Alfred
[the October snowstorm], and Hurricane Sandy caused extensive damage across the eastern United
States (US; Narayan et al. 2017). In response to widespread power outages after these storms, state
governments throughout the northeastern US increased the aggressiveness of roadside vegetation
management programs at the state level in order to mitigate future risks (McGee et al. 2012). However,
decision-making about tree trimming and tree removal at multiple scales can hinder enumerative state-
scale vegetation management mitigation efforts (Hale and Morzillo 2020; DiFalco and Morzillo 2021;
Kloster et al. 2021). Given that public relations is the most challenging aspect of vegetation management
(Johnson 2008), such strategies and policies create a complex situation involving a multitude of
stakeholders with varying perspectives and opinions about associated tradeoffs among ecological, and
social aspects of forests and reliable power (Hale and Morzillo 2020), and the aesthetic and cultural
importance of roadside forests (DiFalco and Morzillo 2021).

Studies focused on social dynamics of vegetation management have indicated preferences for taller
street trees (Schroeder 1989), shorter trees to decrease possible powerline obstructions (Flowers and
Gerhold 2000), removing trees deemed hazardous to homes (Conway 2016), and perception that utility
pruning harms aesthetics of roadside trees (Kuhns and Reiter 2007). Human dimensions studies of
vegetation management to the landscape context have suggested that attitudes toward vegetation
management and its effects on the roadside forest were more likely to be in�uenced by social-
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psychological variables than residential context characteristics (Hale and Morzillo 2020; Kloster et al.
2021), and that factors in�uencing attitudes vary across study locations (DiFalco and Morzillo 2021).
Therefore, human dimensions data provide information and context for potential scalar alignment of
social and ecological processes associated with vegetation management.

Our objective was to investigate spatial patterns of attitudes toward vegetation management with
speci�c focus on spatial proximity and scale. To do this, we used spatial interpolation, a technique
facilitated by spatial autocorrelation and based on the fundamental geographic principle that points, or
phenomena at points, closer together are more related than those further away (Tobler 1970). Previous
human dimensions research has supported this principle, such that individuals located closer together
are more likely to hold more-similar attitudes regarding a natural resource issue than those located further
away (Berenguer et al. 2005; Morzillo and Schwartz 2011; Carter et al. 2014; Morzillo et al. 2016; Andrade
et al. 2019). Therefore, we hypothesized that spatial autocorrelation would reveal respondents with
similar attitudes toward vegetation management living near each other. Similar to ecological studies (e.g.
Ohmann and Gregory 2002; Camera et al. 2014; Gong et al. 2014), we also hypothesized that the scales
at which spatial variation of attitudes toward vegetation management would vary for different locations.
Results advance our understanding of the patterns of social processes across multiple spatial scales,
and their interplay with associated short- and long-term roadside forest management planning goals.

Methods

Study context
Connecticut is a small northeastern US state (14,357 km2) that has experienced rapid population growth
since the 1950s, much of which has occurred in exurban areas outside of cities (Brown et al. 2005). The
integration of exurban development, extensive forest cover (72.6% of the state, Nowak and Green�eld
2012), and a dense population (285 people/km2; U.S. Census Bureau 2011) results in Connecticut having
the greatest proportion of wildland-urban interface in the US (66%; Martinuzzi et al. 2015). Increased
vegetation management along roadsides following the storm events of 2011 and 2012 prompted public
concern about overly aggressive vegetation management protocols (Public Utilities Regulatory Authority
2014), which include tree trimming and removal as means to ensure reliable power (Eversource 2016).

Data collection
Four geographically distinct study areas in Connecticut (Northeast, Southwest, Northwest, Southeast;
Fig. 1) were identi�ed during interviews with utility employees and discussions with project partners (n =
7; author unpublished data). Study area extents were selected based on distribution across an urban-rural
gradient and ongoing utility vegetation management along roadsides (Hale and Morzillo 2020). Data
were collected from the Northeast and Southwest study areas in 2017 (Hale and Morzillo 2020), and the
Northwest and Southeast study areas in 2019 (DiFalco and Morzillo 2021). Data were collected using a
mail survey, which consisted of questions that addressed �ve main topics: experiences with power



Page 5/22

outages, attitudes toward roadside vegetation management, roadside tree and forest management
preferences, knowledge about trees and tree health, and background information including individual
relationships with the environment and sociodemographic information.

<Fig. 1>

The sampling frame included a list of all residential street addresses within the four study areas, and the
sampling unit was the individual household. Addresses used for mailing were purchased from Marketing
Systems Group (Horsham, PA), which uses US Postal Service delivery routes to generate address lists. To
focus sampling on residents most likely involved in tree management decisions at the property level, an
effort was made to select single-family owner-occupied addresses. Post o�ce boxes, seasonal homes,
mail drops, and vacant homes were excluded from the sample. Based on expected response rate and a
desired sampling error of α = 0.05 (95% con�dence interval; Sheskin 1985), 1800 surveys were mailed to
each study area. To ensure coverage across the urban-to-rural gradient, surveys were sent to an equal
number of urban and rural respondents, as determined by the 2010 Census classi�cation of urban and
rural (U.S. Census Bureau 2011).

A modi�cation of the Tailored Design Method was applied to data collection (Dillman et al. 2009).
Multiple mailings were used as an effort to increase response rate, which included a: 1) pre-notice
postcard to introduce the project, 2) packet containing a cover letter, survey and pre-paid return envelope,
3) reminder/thank you postcard, and 4) second survey packet to those who had not yet responded. To
evaluate potential for non-response bias, non-respondents to the original survey received a short follow-
up mail survey focusing on ten key items from the original survey. The University of Connecticut
Institutional Review Board (IRB) granted permission for use of human subjects (IRB #H16-007).

Variables
Attitudes measure favor or disfavor toward a person, object, event, or situation (Fazio et al. 1982).
Previous topics related to this study have included attitudes related to urban tree maintenance (Davis and
Jones 2014), native trees (Almas and Conway 2018), and aspects of forest management (Wyatt et al.
2011; Hale and Morzillo 2020; DiFalco and Morzillo 2021). To assess attitudes toward vegetation
management, we measured respondent agreement with a series of attitude statements on the survey.
Responses were coded using a �ve-point Likert scale measuring level of agreement (5 = strongly agree; 1
= strongly disagree). Principle component analysis (PCA) with varimax rotation was used for data
reduction to identify attitude statements that factored together. Cronbach’s alpha (α) was used to test the
internal reliability of groups of statements that factored together (Cortina 1993). Guided by Hale and
Morzillo (2020) and DiFalco and Morzillo (2021), statements that factored together were summed to
create scale scores, resulting in three scale-based variables: AttProfessional, AttSafety, and AttTradeoff.

Six attitude statements were used to construct a scale score for AttProfessional (2017: α = 0.880, n = 967;
2019: α = 0.894, n = 939), which focused on perceived professionalism of vegetation managers: (a)
Those who do vegetation management care about trees; (b) Those who do vegetation management care
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about minimizing outages; (c) Vegetation management maintains adequate power line clearance using
techniques that minimize harm to trees; (d) Vegetation management is done with care for the trees; (e)
Those who do vegetation management do a good job explaining the process to the public; and (f) I trust
those who do vegetation management to treat the trees properly. Greater scores indicated greater
perceived accountability of vegetation management practices; possible scale scores ranged from 6-10.

Four attitude statements were used to construct a scale score for AttSafety (2017: α = 0.764, n = 967;
2019, α = 0.759, n = 939), which focused on the perceived safety of vegetation management: (a)
Vegetation management improves the safety of people over the long term; (b) Those who do vegetation
management care about my safety; (c) Those who do vegetation management care about minimizing
outages; and (d) Clearance of power lines through vegetation management minimizes power outages.
Greater scores indicated greater perceived safety from vegetation management; possible scale scores
ranged from 4-20.

Five attitude statements were used to construct a scale score for AttTradeoff (2017: α = 0.758, n = 986;
2019: α = 0.789, n = 946), which focused on the tradeoffs between protecting trees and tree trimming to
reduce power outages: (a) Most storm-related power outages are caused by trees or tree limbs damaging
power lines; (b) Tree trimming helps to reduce the number of power outages; (c) Regardless of how it
affects the trees, power line trimming must be done to keep the power on; (d) Reliable power is more
important than protecting trees; and (e) More intensive tree work now will require less frequent
management over the long term. Greater scale scores indicate greater importance placed on power
compared to trees; possible scale scores ranged from 5-25.

To describe respondents, data were collected for �ve sociodemographic variables (Table 1), as previous
research suggested these variables may in�uence attitudes toward natural resources (e.g., Morzillo et al.
2010; Keener-Eck et al. 2020). Data collected for each respondent included: respondent sex (Sex; male or
female), year they were born (Age in years), and length of time lived at their current address (Tenure in
years). Education was represented as the highest education level selected among seven formal education
levels: (a) Less than high school, (b) High school or equivalent (e.g., GED), (c) Some college, (d)
Vocational or trade school, (e) College degree (2-year or certi�cate), (f) College degree (Bachelor’s), or (g)
Graduate or professional degree; Education was represented as the highest education level selected. For
household income (Income), respondents selected from among �ve income groups ranging from
<$25,000 to ≥$100,000.
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Table 1
Sample characteristics of survey respondents for each study area location.

Variable (n) Northeast
a,b

Southwest
a,b

Northwest
b

Southeast b

AttProfessional (1,904; mean ± SD) c 21.4 ±5.0 20.5 ±4.9 20.8 ±5.2 20.3 ±5.6

AttSafety (1,904; mean ± SD) c 17.2 ±2.5 17.1 ±2.4 17.0 ±2.5 16.6 ±2.7

AttTradeoff (1,931; mean ± SD) 20.0 ±3.5 20.2 ±3.5 20.1 ±3.6 20.0 ±3.7

Age (1,812; mean age in years ± SD) 60.8 ±14.7 61.5 ±13.5 61.5 ±14.5 60.8 ±14.0

Tenure (1,911; mean years ± SD) 21.3 ±14.6 21.1 ±14.9 21.6 ±15.8 22.1 ±15.2

Sex (1,912; % female) 52.6 49.0 50.5 57.5

LocReside (1857, %) c        

Rural 32.3 18.8 27.4 32.8

Semi-rural (also referred to as
exurban)

31.2 37.6 31.9 28.7

Suburban 32.5 41.9 37.3 28.9

Urban 4.0 1.7 3.4 9.6

Education (1,907; %) c        

Less than high school 0.9 0.2 0.0 0.9

High school or equivalent 9.3 3.5 7.9 12.9

Some college 13.3 7.9 10.1 13.1

Vocational or trade school 5.4 2.1 6.2 6.9

College degree (2-year or certi�cate) 10.9 5.6 10.1 11.1

College degree (Bachelor’s) 28.3 35.9 29.8 26.4

Graduate or professional degree 31.8 45.1 36.0 28.8

Income (1,629; %) c        

Less than $25,000 3.6 2.9 6.8 5.8

$25,000-$49,999 14.9 4.6 11.9 12.3

$50,000-$74,999 19.8 9.2 9.2 19.6

$75,000-$99,999 18.1 11.7 15.3 21.2

$100,000 or more 43.6 71.6 56.9 41.1
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Variable (n) Northeast
a,b

Southwest
a,b

Northwest
b

Southeast b

a Adapted from Hale and Morzillo 2020

b Adapted from DiFalco and Morzillo 2021

c Signi�cant difference among groups (p < 0.05): AttProfessional (F3,1900 = 4.050, p = 0.007) and
AttSafety (F3,1900 =5.366, p = 0.001); LocReside (χ 2 = 71.027, df = 9, p < 0.001); Education (χ 2 = 
85.227, df = 18, p < 0.001); Income (χ 2 = 112.340, df = 12, p < 0.001).

<Table 1>

Spatial analysis
Spatial analysis was completed separately for each of the three attitudes variables, as paired with each
study area (3 attitude variables x 4 study areas = 12 analyses total). For each pairing, only respondents
with individual attitude scale scores were included in the analysis for each attitude variable
(AttProfessional n = 1904; AttSafety n = 1904; and AttTradeoff n = 1931).

The �rst step of this analysis was to identify the scale or distance at which each attitude variable was
spatially autocorrelated for each study area. For each of the 12 attitude-study area pairings, we
performed incremental spatial autocorrelation (ISA) in ArcGIS 10.7.1 at 100 m increments, ranging from
100 m to 3000 m, to identify the distance band of maximum spatial autocorrelation (Fig. 2). ISA
measured spatial autocorrelation at each distance and computed a Moran’s I and z-score for each
distance (Carter et al., 2014). In this analysis, we used a 95% con�dence interval to identify signi�cant
spatial autocorrelation, such that z-scores > 1.96 represented clustering of attitudes, and z-score < -1.96
represented a dispersed pattern of attitudes. Only pairings for which ISA produced a spatial
autocorrelation value were assessed in subsequent steps.

<Fig. 2>

For the second step of this analysis, inverse distance weighting (IDW) interpolations were completed in
ArcGIS 10.7.1 using a �xed distance band for each attitude identi�ed as having spatial autocorrelation
(Table 2). The �xed distance band was equal to the distance of spatial autocorrelation for each attitude-
study area pairing. Raster output was set at the 30m2 cell size to match the National Land Cover
Database (NLCD) cell size (Homer et al. 2020). One-fourth of the survey respondents from each paired
analysis was reserved for use as an independent data set for model validation (Verbyla and Litvaitis
1989). The “Geostatistical Analysis Layer to Points” tool in ArcGIS, which extracts a predicted attitude
score for each respondent in the independent dataset based on the IDW interpolation, was used to
validate the interpolated surface. Model performance was measured using root mean square error
(RMSE), which indicated the degree of deviation of the predicted versus the actual attitude value (from
the survey), based on the following formula (adapted from Martins et al. 2019):
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Table 2
Statistical results of incremental spatial autocorrelation and accuracy testing for study area-attitudes

pairings with spatial autocorrelation.
Attitude Study

Area
Distance
(m)

Moran's
I

z-
score

p-
value

Test Points
Included (%)

RMSE

AttProfessional Northeast 2400 -0.022 -2.115 0.034 100 5.48

AttSafety Northwest 200 0.310 2.259 0.024 14.7 2.66

AttSafety Northeast 300 0.111 2.212 0.027 64.2 2.91

AttTradeoff Southeast 600 0.103 2.020 0.043 78.1 4.53

AttTradeoff Southeast 1500 0.052 2.395 0.015 98.2 3.87

AttTradeoff Southwest 2200 -0.044 -2.449 0.014 100 3.88

RMSE =
1
n

n

∑
i=1

(pi − a i)
2

where pi is the predicted attitude score for the respondent at location i, ai is the actual attitude score for
the respondent at location i, and n is the number of respondents in the subset. Spatial analyses were
completed using ESRI ArcGIS 10.8 and Python 2.7 (ArcPy module).

<Table 2>

Results
Together from both survey efforts (2017 and 2019), 1962 completed surveys were returned (Northeast n =
555; Southwest n = 443; Northwest n = 495; Southeast n = 466; Table 1). The average age across all
respondents was 61.1 (±14.2) years; 52.4% of respondents were female. On average, respondents had
lived at their current address for 21.5 (±15.1) years. For formal education completed, 29.9% of
respondents indicated a Bachelor’s degree, and 35.1% an advanced degree. More than half of
respondents indicated a household income of $100,000 or more (52.4%). Survey respondents were
generally older with more formal education completed and greater household incomes than the overall
population of the study areas (ACS 2017). Results from the non-response follow-up survey suggested
that those who completed it (n= 347) were younger, and more likely to hold a Bachelor’s degree. In
general, respondents held favorable attitudes toward roadside vegetation management, with average
attitude scores above the respective scale score midpoint (Table 1). Mean attitude scale score varied
among study areas for AttProfessional (F 3,1900 = 4.050, p = 0.007) and AttSafety (F 3,1900 =5.366, p =
0.001), but not for AttTradeoff (See DiFalco and Morzillo 2021 for detailed investigation of these
relationships).

√
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ISA analysis indicated the presence of spatial autocorrelation for �ve of the 12 attitude-study area
pairings tested (Table 2). For those �ve pairings, distances of maximum autocorrelation varied by study
area. Maximum spatial autocorrelation for AttProfessional was identi�ed in the Northeast study area at
2400 m. AttSafety reached maximum spatial autocorrelation in the Northwest at 200 m, and in the
Northeast at 300 m. ISA identi�ed two different distances of signi�cant spatial autocorrelation for
AttTradeoff in the Southeast study area (600 m and 1500 m), as well as maximum spatial
autocorrelation for AttTradeoff in the Southwest study area at 2200 m. Two of the �ve pairings showed
negative spatial autocorrelation (i.e., dissimilar attitude scores are clustering together): AttProfessional-
Northeast (Moran’s I = -0.022), and AttTradeoff-Southwest (Moran’s I = -0.044, Table 2).

Interpolated surfaces indicated the spatial variation of attitudes scores across study areas (Figs. 3 & 4).
IDW surfaces varied in spatial coverage depending on the distance band used for interpolation. For the
Northeast, maximum autocorrelation distance bands for AttProfessional and AttSafety occurred at
different distances; thus, those two attitude variables had different spatial coverages for the same
location (Fig. 4). At short distances (i.e., 200 m and 300 m) attitudes did not interpolate extensively
across the study area extents for the Northwest and Northeast, respectively (Fig. 4).

<Fig. 3>

<Fig. 4>

Model validation indicated differences in interpolation accuracy among attitude variables and study area
pairings (Table 2). Only independent data points located inside of interpolated surface were included in
RMSE calculations, which varied by distance band used in the interpolation. For the Northwest, 14.7% of
independent data points were included in model validation at 200 m. For both Northeast at 2400 m and
Southwest at 2200 m, all 100% of independent data points were included (Table 2). RMSE scores ranged
from 2.66-5.48, which also indicated variation in interpolation accuracy.

Discussion
We applied spatial interpolation to understand spatial patterns of human dimensions data, with focus on
proximity and scale of attitudes metrics within the context of utility vegetation management of roadside
forests. Complex levels of spatial heterogeneity existed, such that attitudes toward vegetation
management varied across space, and likely are associated with location-speci�c characteristics.
Preceding analyses suggested that respondents had generally favorable attitudes toward vegetation
management across all study areas, interplay of social and landscape factors affected individual
attitudes (Hale and Morzillo 2020), and variation in social variables in�uenced attitudes among study
areas (DiFalco and Morzillo 2021). In our analysis, maximum spatial autocorrelation distances for the
three attitudes variables among the four study areas supports multiscalar spatial variation of people’s
attitudes toward vegetation management, which may hinder success of a state-level one-size-�ts-all
vegetation management policy. To focus the discussion, we describe two underlying social phenomena
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that may contribute to the observed spatial heterogeneity among locations and offer direction for further
analysis.

Supporting our �rst hypothesis that social phenomena closer together are more likely to be related than
those further away, clustering of similar attitude scores existed for three of the 12 attitude-study area
pairings (AttSafety-Northwest, AttSafety-Northeast, and AttTradeoff-Southeast). Contrasting the same
hypothesis were two pairings with negative autocorrelation (AttProfessional- Northeast, and AttTradeoff-
Southwest) and seven with no autocorrelation. Spatial clustering of favorable attitudes toward natural
resources has been observed in other natural resources contexts. Attitudes toward tigers in Nepal were
clustered based on human cultural factors, educational achievement, and experience with tiger attacks
(Carter et al. 2014). Attitudes toward the desert were spatially clustered within neighborhoods of similar
social and landscape characteristics; more favorable attitudes existed in high-income areas closer to
preserved desert parks (Andrade et al. 2019). However, results from elsewhere in our project generally did
not suggest socioeconomic factors to be strongly associated with spatial clustering of attitudes towards
vegetation management (DiFalco and Morzillo 2021). Urban-rural distinctions in attitudes also may occur,
such as clusters of favorable attitudes towards carnivores (e.g., wolves and black bears) more likely to be
near urbanized areas (Morzillo et al. 2007; Behr et al. 2017), and rodent control behavior more likely
among households closer to rather than further from natural areas (Morzillo and Schwartz 2011).
However, ancillary evidence from elsewhere in our analysis (DiFalco and Morzillo 2021) did not suggest
clustering based on self-selected urban-rural residential designation (LocReside; Table 1), or landscape
characteristics surrounding respondent homes, except for AttTradeoff-Northwest which was positively
associated with a greater percentage of tree cover (DiFalco and Morzillo 2021). Areas of negative spatial
autocorrelation of attitudes demonstrates diversity of attitudes among proximate individuals, and
potentially that processes observed in one area are in�uenced by neighboring areas (Gri�th and Arbia
2010). It is possible that vegetation management actions completed by homeowners may affect and be
affected by attitudes of their neighbors (e.g., Belaire et al. 2016), but support for this conclusion is beyond
the scope of our data. Collectively, the mixed results from our study exempli�ed the heterogeneity and
complexity of social processes that occur within exurban land use (e.g., Hiner 2014; Bauer et al. 2017).

Supporting our second hypothesis, varying autocorrelation distances among attitude-study location
pairings illustrated that attitudes toward vegetation management existed at different spatial scales in
different locations. Multi-scale governance processes may contribute to this observed heterogeneity, as
observed elsewhere. For example, Morzillo et al. (2016) observed variation in resident preferences for
natural resource-based amenities between two different cities, with additional inter-city differences
detected at the property, neighborhood, and metropolitan scales. Although vegetation management
regulations operate at the statewide level (McCarthy 2014; Public Utilities Regulatory Authority 2014),
decisions about trees are in�uenced by individual property-scale preferences (Kloster et al. 2021) and
neighborhood norms (Grove et al. 2006). Additionally, Chowdhury et al. (2011) suggested that municipal-
and state-level land-use zoning affected household and neighborhood vegetation structure in the city of
Baltimore, where a policy was implemented to increase urban tree canopy. Findings from that study
suggested that most tree plantings would need to occur on private residential properties, thus relying on
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property-scale decision-making to achieve municipal goals, and demonstrating the importance of multi-
scale processes in policy outcomes (Chowdhury et al. 2011).

Besides zoning, other governance structures such as town ordinances present additional layers of
complexity to governance and therefore spatial distribution of tree plantings and removals on both public
and private properties (Johnson et al. 2020). Comments from our survey suggested overall confusion
about jurisdictional coordination of vegetation management:

We are perplexed by the randomness of activity in roadside tree removal/trimming. Is there an overall
state or town plan for a comprehensive and methodical approach?

In Connecticut, some towns have speci�c ordinances in place that delay or prohibit implementation of
utility practices related to state vegetation management guidelines. For example in the Northeast study
area, the towns of Mans�eld and Coventry encourage maintaining a closed forest canopy to preserve the
aesthetic quality of forested scenic roadways (Town of Mans�eld 1995; Town of Coventry 1997).
However, in the same study area, the adjacent towns of Bolton and Andover do not have analogous
regulations. Another commonly mentioned suggestion is to bury powerlines underground, which is now
required in some towns for new housing developments (e.g., Town of Avon 2007). Despite potential
aesthetic bene�ts (Navrud et al. 2008), undergrounding utilities often are considered cost-prohibitive
because of complex regulations and high implementation costs (Cieslewicz and Novembri 2004;
Campbell 2012), and do not ameliorate for outages between substations and the location of underground
utilities. Ultimately, inter-town differences in tree-related governance at multiple scales complicates utility
ability to perform consistent vegetation management along inter-town stretches of power lines.

Diversity in respondent attitudes toward vegetation management revealed by interpolation results also
may re�ect differences in regional culture across the state. Others have reported direct relationships
between greater household incomes and a greater likelihood to plant trees in neighborhoods that sustain
greater tree cover (Conway et al. 2011; Nitoslawski et al. 2016). In our study, the distribution of incomes
varied among study areas (Income; Table 1); tree canopy cover was numerically lowest in the Northeast
(average percentage: Northeast = 47.6, Southwest = 54.0, Northwest = 55.4, and Southeast = 52.1;
DiFalco and Morzillo 2021). Respondent comments on the survey alluded to linkages among where
people lived, the importance of tree cover, and experiences with vegetation management:

I think where we live in _________ [Northwest study area] we have so many rural/suburban communities -
all surrounded by trees, state parks trails etc. so many of us live here because nature is abundant, it
surrounds us, we hike, camp, live within nature. But realistically we need to work and live safely- not have
power outages for weeks where we can't live or work. We need to �nd balance. Nature and animal’s
homes are our homes.

Tree management to reduce power outages is important to us since we are one of the last areas to have
power restored [after storm events] because of our sparse population. We live in a rural setting. This
management should be done in an environmentally responsible way.
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Maintaining the aesthetic character of an area also was expressed by respondents as an important
outcome and existed concurrently with respondent understanding of the necessity for vegetation
management:

Trees are so important but tree health is just as important. The woods, land preserved and forests should
remain untouched. Trees in residential areas should be maintained for health and resident safety. I would
happily allow the utilities to remove the tall trees in my front yard that stand tall enough to fall on the
lines but also appreciate the other trees around my property.

This parallels previous research from New England on the topic of developing strategies for maintaining
the rural character of a town while balancing economic growth and development (Zabik and Prytherch
2013). Our results also suggested opportunity for integrating homeowner preferences into management
plans, such as incorporating desired visual outcomes of tree trimming and potentially replace taller trees
with shorter statured species less likely to interfere with powerlines, echoing �ndings by Flowers and
Gerhold (2000).

Limitations in this study offer opportunities for better integration of social and ecological data in
landscape ecology. First, the geographic assumption that points closer together are more similar (Tobler
1970; ESRI 2019) applies well to particular ecological phenomena, such as the amount of precipitation in
a given location (Camera et al. 2014) or weather conditions occurring across a country (Kim et al. 2010).
However, as our results demonstrated, social processes within exurban areas may not follow this
assumption, as human dimensions characteristics are heterogeneous and unequally distributed. Second,
distribution of different land uses varied among and within the four study areas. For example, in the
Northwest study area, interspersed protected open space covers about 20% of the towns of Avon and
Simsbury, but only nine percent of the adjacent town of Canton (DEEP 2010). Our analysis did not
exclude areas of non-residential land use and, therefore, spatial calculations included forested public
lands and protected open space, which both con�ne and facilitate clustering of residential development.
Such patterns of interspersion are further in�uenced by local development planning ordinances beyond
those associated with trees and vegetation management. For example, in the Southeast study area,
planning regulations for the town of Montville require subdivision projects to maintain a designated
amount of area as permanent open space (Town of Montville 2020). Therefore, determining the most
appropriate scale to address social phenomena in such contexts requires consideration of multiple
spatial scales, concurrent and competing land uses, and ecological processes simultaneously (Vogt et al.
2002).

Differences in model performance among attitude-study area pairing also alluded to opportunities to
improve landscape analytics for assessing social phenomena. For example, Gong et al. (2014) found that
interpolations to assess contamination of groundwater wells across Texas were more accurate when
data were divided into regional districts (i.e. speci�c aquifers or areas of the state) rather than pooled for
the whole state - i.e., adjustments made to level of analysis. Bhowmik (2012) concluded that performance
between climate prediction models and actual weather conditions improved as additional meteorological
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stations were added over subsequent years through increasing the number of data points. In our analysis,
interpolated surfaces were more likely to predict the actual attitude score in portions of our study areas
where the distance between respondents was smaller, suggesting that additional data points or
oversampling among locations where households are further apart may be useful in areas of
heterogeneous land use and development density, such as exurban landscapes. Future studies may also
consider experimenting with mismatches between scale of data collection and social processes
(Robinson et al. 2019) to better align methodological design of data collection to the spatial scale of the
social process being assessed.

Results of this analysis supported the creation of multi-scalar strategies for roadside vegetation
management that consider not only landscape-level decision-making but also local-level stakeholder
heterogeneity. Collaborative management decisions by organizations working at different scales are
critical components of such linkages, and between ecological and social components of forest
management (e.g., Martins et. al 2022; Paletto et. al 2010; Madeira and Gartner 2018). In Connecticut and
elsewhere this means landscape-level coordination among the forest management community, public
engagement to improve awareness and understanding of the importance of the vegetation management
process, recognition of general interest in maintaining the visual aesthetics of their communities, and
outreach strategies and protocols that re�ect and respond to both regional and local variation.

Declarations
Acknowledgments: This research was funded by the Eversource Energy Center and University of
Connecticut. Thank you to A. Aguiar, A. Alling, T. Armijo, A. Bunce, A. Carey, M. de Nicolo, R. Fahey, R.
French, J. Guay, H. Ives, D. Kloster, L. Keener-Eck, N. Marek, W. McIntosh, T. Meyer, J. Parent, M. Poppick,
T.J. Powell, A. Price, K. Raymond, S. Redding, E. Saavedra, A. Salazar, A. Schindler, Z. Smiarowski, J. Volin,
M. Walrath, C. Witharana, T. Worthley, N. Yarmey, and all survey respondents.

Funding: This research was funded by the Eversource Energy Center and University of Connecticut.

Con�icts of interest/Competing interests: The authors declare no con�ict of interest. Funder project
contact provided feedback on study design, but no role in the collection, analyses, or interpretation of
data; in the writing of the manuscript, or in the decision to publish the results.

Ethics approval: The study was conducted according to the guidelines of the Declaration of Helsinki, and
The University of Connecticut Institutional Review Board (IRB) granted permission for use of human
subjects (IRB #H16-007). 

Consent to participate: Informed consent was obtained from all subjects involved in the study per
Institutional Review Board guidelines and protocol.

Consent for publication: All authors have read and agreed to the published version of the manuscript.

Availability of data and material: Not available.



Page 15/22

Code availability: Not available.

Authors' contributions: S.D., A.T.M., and D.G. contributed to conceptualization, methodology, formal
analysis, writing of draft preparation, and writing review and editing. A.T.M. provided resources,
supervision, project administration, and funding acquisition. 

References
1. ACS (2017) 5-Year Estimates, 2013-2017. US Census Bureau (USCB), Department of Commerce.

https://fact�nder.census.gov/. Accessed 23 Jan 2020

2. Alessa L, Kliskey A, Anaru), Brown G (eds) (2008) Social–ecological hotspots mapping: A spatial
approach for identifying coupled social–ecological space. Landsc Urban Plan 85:27–39.
https://doi.org/10.1016/j.landurbplan.2007.09.007

3. Almas AD, Conway T (2018) Resident attitudes and actions toward native tree species: A case study
of residents in four southern Ontario municipalities. Arboric Urban Forestry 44:101–115

4. An Y, Liu S, Sun Y, Shi F, Beazley R (2020) Construction and optimization of an ecological network
based on morphological spatial pattern analysis and circuit theory. Landsc Ecol.
https://doi.org/10.1007/s10980-020-01027-3

5. Andrade R, Larson KL, Hondula DM, Franklin J (2019) Social–spatial analyses of attitudes toward
the desert in a southwestern US city. Ann Am Assoc Geogr 109:1845–1864.
https://doi.org/10.1080/24694452.2019.1580498

�. Andrews EJ, Reed MG, Jardine TD, Steelman TA (2018) Damming knowledge �ows: power as a
constraint on knowledge pluralism in river �ow decision-making in the Saskatchewan river delta. Soc
Nat Resour 31:892–907. https://doi.org/10.1080/08941920.2018.1451582

7. Azpurua MA, Ramos KD (2010) A comparison of spatial interpolation methods for estimation of
average electromagnetic �eld magnitude. Prog Electromagn Res M 14:135–145.
https://doi.org/10.2528/PIERM10083103

�. Bauer DM, Swallow SK, Liu P, Johnston RJ (2017) Do exurban communities want more
development? J Land Use Sci 12351–12374. https://doi.org/10.1080/1747423X.2017.1338769

9. Beeco JA, Brown G (2013) Integrating space, spatial tools, and spatial analysis into the human
dimensions of parks and outdoor recreation. Appl Geogr 38:76–85.
https://doi.org/10.1016/j.apgeog.2012.11.013

10. Behr DM, Ozgul A, Cozzi G (2017) Combining human acceptance and habitat suitability in a uni�ed
socio-ecological suitability model: a case study of the wolf in Switzerland. J Appl Ecol 54:1919–
1929. https://doi.org/10.1111/1365-2664.12880

11. Belaire JA, Westphal LM, Minor ES (2016) Different social drivers, including perceptions of urban
wildlife, explain the ecological resources in residential landscapes. Landsc Ecol 31:401–413.
https://doi.org/10.1007/s10980-015-0256-7



Page 16/22

12. Bell DM, Gregory MJ, Roberts HM, Davis RJ, Ohmann JL (2015) How sampling and scale limit
accuracy assessment of vegetation maps: A comment on Loehle (2015). For Ecol Manag 358:361–
364. https://doi.org/10.1016/j.foreco.2015.07.017

13. Bennett NJ, Roth R, Klain SC, Chan K, Christie P, Clark DA, Cullman G, Curran D, Durbin TJ, Epstein G,
Greenberg A, Nelson MP, Sandlos J, Stedman R, Teel TL, Thomas R, Veríssimo D, Wyborn C (2017)
Conservation social science: Understanding and integrating human dimensions to improve
conservation. Biol Conserv 205:93–108. https://doi.org/10.1016/j.biocon.2016.10.006

14. Berenguer J, Corraliza JA, Martín R (2005) Rural-urban differences in environmental concern,
attitudes, and actions. Eur J Psychol Assess 21:128–138. https://doi.org/10.1027/1015-
5759.21.2.128

15. Bhowmik AK (2012) A Comparison of Bangladesh Climate Surfaces from the Geostatistical Point of
View. ISRN Meteorol 2012:1–20. https://doi.org/10.5402/2012/353408

1�. Bowen FE, Bansalv P, Slawinski N (2018) Scale matters: the scale of environmental issues in
corporate collective actions. Strat Mgmt J 39:1141–1436

17. Brown DG, Johnson KM, Loveland TR, Theobald DM (2005) Rural land-use trends in the
conterminous united states, 1950–2000. Ecol Appl 15:1851–1863. https://doi.org/10.1890/03-5220

1�. Camera C, Bruggeman A, Hadjinicolaou P, Pashiardis S, Lange MA (2014) Evaluation of interpolation
techniques for the creation of gridded daily precipitation (1 × 1 km 2); Cyprus, 1980-2010. J Geophys
Res Atmospheres 119:693–712. https://doi.org/10.1002/2013JD020611

19. Campbell RJ (2012) Weather-related power outages and electric system resiliency. in: crs report for
congress. Congr Res Serv Libr Congr: Washington, DC, USA. p 103-118

20. Carter NH, Riley SJ, Shortridge A, Shrestha BK, Liu J (2014) Spatial assessment of attitudes toward
tigers in Nepal. Ambio 43:125–137. https://doi.org/10.1007/s13280-013-0421-7

21. Chowdhury RR, Larson K, Grove M, Polsky C, Cook E, Onsted J, Ogden L (2011) A multi-scalar
approach to theorizing socio-ecological dynamics of urban residential landscapes. Cities Environ
CATE 4:6

22. Cieslewicz S, Novembri R (2004) Utility vegetation management �nal report. In: Federal Energy
Regulatory Commission. https://www.ferc.gov/industries/electric/indusact/reliability/blackout/uvm-
�nal-report.pdf. Accessed 26 June 2020

23. Collins SL, Carpenter SR, Sinton SM, Orenstein DE et al … An integrated conceptual framework for
long-term socio-ecological research.Front Ecol Environ9:351–357. https://doi.org/10.1890/100068

24. Conway TM (2016) Tending their urban forest: Residents’ motivations for tree planting and removal.
Urban For Urban Green 17:23–32. https://doi.org/10.1016/j.ufug.2016.03.008

25. Conway TM, Shakeel T, Atallah J (2011) Community groups and urban forestry activity: Drivers of
uneven canopy cover? Landsc Urban Plan 101:321–329.
https://doi.org/10.1016/j.landurbplan.2011.02.037

2�. Cortina JM (1993) What is coe�cient alpha? An examination of theory and applications. J Appl
Psychology 78:98–104. https://psycnet.apa.org/doi/10.1037/0021-9010.78.1.98



Page 17/22

27. Davis KL, Jones RE (2014) Modeling environmental concern for urban tree protection using
biophysical and social psychological indicators. Soc Nat Resour 27:372–388.
https://doi.org/10.1080/08941920.2013.861555

2�. DEEP (2010) Protected open space mapping. In: CT Eco Resource Guide.
http://www.cteco.uconn.edu/guides/resource/CT_ECO_Resource_Guide_Protected_Open_Space.pdf.
Accessed 4 May 2021

29. DiFalco S, Morzillo AT (2021) Comparison of attitudes towards roadside vegetation management
across an exurban landscape. Land 10:308. https://doi.org/10.3390/land10030308

30. Dillman DA, Smyth JD, Christian LM (2009) Internet, phone, mail, and mixed-mode surveys: the
tailored design method, 3rd edn. Wiley, New York, NY

31. Elsawah S, Filatova T, Jakeman AJ, Kettner AJ, Zellner ML et al … Eight grand challengers in socio-
environmental systems modeling.Socio-Environmental Systems Modelling2:16226

32. ESRI (2019) How inverse distance weighted interpolation works.
https://desktop.arcgis.com/en/arcmap/latest/extensions/geostatistical-analyst/how-inverse-
distance-weighted-interpolation-works.htm

33. Eversource (2016) Understanding vegetation management. In: Eversource.
https://www.eversource.com/content/docs/default-source/nh---pdfs/eversource-understanding-veg-
man-guide-rev-11-29-19-lo-res. Accessed 4 May 2021

34. Fazio RH, Chen J, McDonel EC, Sherman SJ (1982) Attitude accessibility, attitude-behavior
consistency, and the strength of the object-evaluation association. J Exp Soc Psychol 18:339–357.
https://doi.org/10.1016/0022-1031(82)90058-0

35. Flowers D, Gerhold H (2000) Replacement of trees under utility wires impacts attitudes and
community tree programs.pdf. J Arboric 26:309–318

3�. Gong G, Mattevada S, O’Bryant SE (2014) Comparison of the accuracy of kriging and IDW
interpolations in estimating groundwater arsenic concentrations in Texas. Environ Res 130:59–69.
https://doi.org/10.1016/j.envres.2013.12.005

37. Gri�th DA, Arbia G (2010) Detecting negative spatial autocorrelation in georeferenced random
variables. Int J Geogr Inf Sci 24:417–437. https://doi.org/10.1080/13658810902832591

3�. Hale DC, Morzillo AT (2020) Landscape characteristics and social factors in�uencing attitudes
toward roadside vegetation management. Landsc Ecol 35:2029–2044.
https://doi.org/10.1007/s10980-020-01078-6

39. Hiner CC (2014) “Been-heres vs. come-heres” and other identities and ideologies along the rural–
urban interface: A comparative case study in Calaveras County, California. Land Use Policy 41:70–
83. https://doi.org/10.1016/j.landusepol.2014.05.001

40. Homer C, Dewitz J, Jin S, Xian G, Costello C, Danielson P, Gass L, Funk M, Wickham J, Stehman S,
Auch R, Riitters K (2020) Conterminous united states land cover change patterns 2001–2016 from
the 2016 national land cover database. ISPRS J Photogramm Remote Sens 162:184–199.
https://doi.org/10.1016/j.isprsjprs.2020.02.019



Page 18/22

41. Johnson LR, Johnson ML, Aronson MFJ, Campbell LK, Carr ME, Clarke M, D’Amico V, Darling L, Erker
T, Fahey RT, King KL, Lautar K, Locke DH, Morzillo AT, Pincetl S, Rhodes L, Schmit JP, Scott L, Sonti
NF (2020) Conceptualizing social-ecological drivers of change in urban forest patches. Urban
Ecosyst 24:633–648. https://doi.org/10.1007/s11252-020-00977-5

42. Johnson ML, Novem Auyeung DS, Sonti NF, Pregitzer CC, McMillen HL, Hallett R, Campbell LK,
Forgione HM, Kim M, Charlop-Powers S, Svendsen ES (2019) Social-ecological research in urban
natural areas: an emergent process for integration. Urban Ecosyst 22:77–90.
https://doi.org/10.1007/s11252-018-0763-9

43. Keener-Eck LS, Morzillo AT, Christoffel RA (2020) A comparison of wildlife value orientations and
attitudes toward timber rattlesnakes (Crotalus horridus). Hum Dimens Wildl 25:47–61.
https://doi.org/10.1080/10871209.2019.1694108

44. Kim S, Lee W, Shin K, Kafatos M, Seo DJ, Kwak H (2010) Comparison of spatial interpolation
techniques for predicting climate factors in Korea. For Sci Technol 6:97–109.
https://doi.org/10.1080/21580103.2010.9671977

45. Kloster DP, Morzillo AT, Butler BJ, Worthley T, Volin JC (2021) Amenities, disamenities, and decision-
making in the residential forest: an application of the means-end chain theory to roadside trees.
Urban For Urban Green 65:127348. https://doi.org/10.1016/j.ufug.2021.127348

4�. Kuhns MR, Reiter DK (2007) Knowledge of and attitudes about utility pruning and how education can
help. Arboric Urban For 33:264

47. Loehman RA, Keane RE, Holsinger LM, Wu Z (2017) Interactions of landscape disturbances and
climate change dictate ecological pattern and process: spatial modeling of wild�re, insect, and
disease dynamics under future climates. Landsc Ecol 32:1447–1459.
https://doi.org/10.1007/s10980-016-0414-6

4�. Madeira L, Gartner T (2018) Forest resilience bond sparks innovative collaborations between water
utilities and wide-ranging stakeholders. J Am Water Works Assoc 110:42–49.
http://doi:10.1002/awwa.1097

49. Martins A, Novais A, Santos JL, Canadas MJ (2022) Promoting landscape-level forest management
in �re-prone areas: delegate management to a multi-owner collaborative, rent the land, or just sell it?
Forests 13:22. https://doi.org/10.3390/f13010022

50. Martins RN, Santos FFLD, Araújo GDM, Viana LDA, Rosas JTF (2019) Accuracy assessments of
stochastic and deterministic interpolation methods in estimating soil attributes spatial variability.
Commun Soil Sci Plant Anal 50:2570–2578. https://doi.org/10.1080/00103624.2019.1670836

51. Martinuzzi S, Stewart SI, Helmers DP, Mockrin MH, Hammer RB, Radeloff VC (2015) The 2010
wildland-urban interface of the conterminous United States. U.S. Department of Agriculture, Forest
Service, Northern Research Station, Newtown Square, PA

52. McCarthy K (2014) Electric company tree trimming and property law. Conn Gen Assem R 0008:8

53. McGee J, Carozza P, Edelstein T, Hoffman L, Jackson S, McGrath R, Osten C, Selectman F (2012)
Report of the two-storm panel. 42



Page 19/22

54. Morzillo AT, Kreakie BJ, Netusil NR, Yeakley JA, Ozawa CP, Duncan SL (2016) Resident perceptions of
natural resources between cities and across scales in the Paci�c Northwest.
https://doi.org/10.5751/ES-08478-210314. Ecol Soc 21

55. Morzillo AT, Mertig AG, Garner N, Liu J (2007) Spatial distribution of attitudes toward proposed
management strategies for a wildlife recovery. Hum Dimens Wildl 12:15–29.
https://doi.org/10.1080/10871200601107866

5�. Morzillo AT, Mertig AG, Hollister JW, Garner N, Liu J (2010) Socioeconomic factors affecting local
support for black bear recovery strategies. Environ Manage 45:1299–1311.
https://doi.org/10.1007/s00267-010-9485-3

57. Morzillo AT, Schwartz MD (2011) Landscape characteristics affect animal control by urban residents.
Ecosphere 2:1–16. https://doi.org/10.1890/ES11-00120.1

5�. Narayan S, Beck MW, Wilson P, Thomas CJ, Guerrero A, Shepard CC, Reguero BG, Franco G, Ingram
JC, Trespalacios D (2017) The value of coastal wetlands for �ood damage reduction in the
northeastern USA. Sci Rep 7:1–12. https://doi.org/10.1038/s41598-017-09269-z

59. Navrud S, Ready RC, Magnussen K, Bergland O (2008) Valuing the social bene�ts of avoiding
landscape degradation from overhead power transmission lines: Do underground cables pass the
bene�t–cost test? Landsc Res 33:281–296. https://doi.org/10.1080/01426390802045921

�0. Nitoslawski SA, Duinker PN, Bush PG (2016) A review of drivers of tree diversity in suburban areas:
Research needs for North American cities. Environ Rev 24:471–483. https://doi.org/10.1139/er-2016-
0027

�1. Nowak DJ, Green�eld EJ (2012) Tree and impervious cover in the United States. Landsc Urban Plan
107:21–30. https://doi.org/10.1016/j.landurbplan.2012.04.005

�2. Ohmann JL, Gregory MJ (2002) Predictive mapping of forest composition and structure with direct
gradient analysis and nearest- neighbor imputation in coastal Oregon, U.S.A. Can J For Res 32:725–
741. https://doi.org/10.1139/x02-011

�3. Ohmann JL, Gregory MJ, Henderson EB, Roberts HM (2011) Mapping gradients of community
composition with nearest-neighbour imputation: extending plot data for landscape analysis:
Extending plot data for landscape analysis. J Veg Sci 22:660–676. https://doi.org/10.1111/j.1654-
1103.2010.01244.x

�4. Oliveira S, Oehler F, San-Miguel-Ayanz J, Camia A, Pereira JMC (2012) Modeling spatial patterns of
�re occurrence in Mediterranean Europe using multiple regression and random forest. For Ecol
Manag 275:117–129. https://doi.org/10.1016/j.foreco.2012.03.003

�5. Paletto A, Ferretti F, De Meo I (2012) The role of social networks in forest landscape planning. For
Policy Econ 15:132–139. https://doi.org/10.1016/j.forpol.2011.11.007

��. Parent JR, Meyer TH, Volin JC, Fahey RT, Witharana C (2019) An analysis of enhanced tree trimming
effectiveness on reducing power outages. J Environ Manage 241:397–406.
https://doi.org/10.1016/j.jenvman.2019.04.027



Page 20/22

�7. Public Utilities Regulatory Authority (2014) Pura investigation into the tree trimming practices of
Connecticut’s utility companies. https://portal.ct.gov/PURA/Docket/Docket-and-Document-
Information. Accessed 15 July 2020

��. Redman CL, Grove JM, Kuby LH (2004) Integrating social science into the Long-Term Ecological
Research (LTER) Network: Social dimensions of ecological change and ecological dimensions of
social change. Ecosytems 7:161–171

�9. Robinson KF, Fuller AK, Stedman RC, Siemer WF, Decker DJ (2019) Integration of social and
ecological sciences for natural resource decision making: challenges and opportunities. Environ
Manage 63:565–573. https://doi.org/10.1007/s00267-019-01141-2

70. Rounsevell MDA, Pedroli B, Erb K, Gramberger M et al … Challenges for land system science.Land Use
Policy29:899–910

71. Schroeder HW (1989) Esthetic perceptions of the urban forest: a utility perspective. J Arboric
15:292–294

72. Sheskin IM (1985) Survey research for geographers. Association of American Geographers,
Washington D.C., USA

73. Tobler WR (1970) A computer movie simulating urban growth in the Detroit region. Econ Geogr
46:234–240. https://doi.org/10.2307/143141

74. Town of Avon (2007) Charter, ordinances and selected regulations- appendix D.
https://library.municode.com/ct/avon/codes/charter,_ordinances_and_selected_regulations.
Accessed 27 July 2020

75. Town of Coventry (1997) Streets, sidewalks and other public places. Town Code Chapter 86.
https://library.municode.com/ct/coventry/codes/code_of_ordinances. Accessed 27 July 2020

7�. Town of Mans�eld (1995) Scenic roads ordinance. Town Code Chapter 155.
https://ecode360.com/11768152. Accessed 27 May 2020

77. Town of Montville (2020) Zoning regulations, Town Code.
https://www.townofmontville.org/department-services/planning-department/zoning-regulations/.
Accessed 27 July 2020

7�. Turner MG, Gardner RH, O’Neill RV (2001) Landscape ecology in theory and practice. Springer, New
York, NY

79. U.S. Census Bureau (2011) U.S. Census 2010. US. Department of Commerce.
https://data.census.gov/cedsci/. Accessed 17 March 2020

�0. Verbyla DL, Litvaitis JA (1989) Resampling methods for evaluating classi�cation accuracy of wildlife
habitat models. Environ Manage 13:783–787. https://doi.org/10.1007/BF01868317

�1. Vogt CA, Winter G, Fried JS (2005) Predicting homeowners’ approval of fuel management at the
wildland–urban interface using the theory of reasoned action. Soc Nat Resour 18:337–354.
https://doi.org/10.1080/08941920590915242



Page 21/22

�2. Vogt J, Hauer RJ, Fischer BC (2015) The costs of maintaining and not maintaining the urban forest:
a review of the urban forestry and arboriculture literature. Arboric Urban For 41:293–323

�3. Wu J, Jingle (2013) Landscape Ecology. In: Leemans R (ed) Ecological Systems: Selected Entries
from the Encyclopedia of Sustainability Science and Technology. Springer New York, New York, NY,
pp 179–200

�4. Wyatt S, Rousseau M-H, Nadeau S, Thiffault N, Guay L (2011) Social concerns, risk and the
acceptability of forest vegetation management alternatives: insights for managers. For Chron
87:274–289. https://doi.org/10.5558/tfc2011-014

�5. Zabik MJ, Prytherch DL (2013) Challenges to planning for rural character: A case study from exurban
southern New England. Cities 31:186–196. https://doi.org/10.1016/j.cities.2012.04.009

Figures

Figure 1

Map of study areas within Connecticut. Northeast and Southwest were sampled in 2017; Northwest and
Southeast sampled in 2019 (adapted from Hale and Morzillo 2020 and DiFalco and Morzillo 2021). 

Figure 2

Output from incremental spatial autocorrelation for the �ve attitude-study area pairings with spatial
autocorrelation: A) AttProfessional-Northeast, B) AttSafety-Northwest, C) AttSafety-Northeast, D)
AttTradeoff-Southeast, and E) AttTradeoff-Southwest. Black circles denote distances of spatial
autocorrelation determined by Moran’s I statistic. Open circles are distances without identi�ed spatial
autocorrelation.  
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Figure 3

Example of IDW interpolated surfaces for AttTradeoff: a) Southeast at 600 m, b) Southeast at 1500 m,
and c) Southwest at 2200 m. Darker colors indicate more favorable attitude scores. White areas are
beyond interpolation extent.

Figure 4

Example of IDW interpolated surfaces for AttSafety: a) Northwest at 200 m, b) Northeast at 300 m, and
for AttProfessional: c) Northeast at 2400 m. Darker colors indicate more favorable attitude scores. White
areas are beyond interpolation extent.


