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Lake water quality management often requires private property owner engagement since
land-use change generally occurs on private property. Educational components of lake
management outreach must connect current property owner behaviors with future water
quality. However, it may be challenging for property owners to associate their current
behaviors with water quality outcomes due to the time lag between a behavior (e.g., fertilizer
application) and a water quality outcome (e.g., decreased water clarity). Interactive data
visualizations, characterized by user-determined selections that change visualization output,
may be well suited to help property owners connect current behavior to future water quality.
We tested the effectiveness of an online, interactive visualization as an educational
intervention to alter property owners’ perspectives related to applying lawn fertilizer and
installing waterfront buffers. We used cognitive psychology measures to quantify intervention
effectiveness. Since property owners’ decision making may be driven by connections to their
property, we also explored relationships between seasonal and permanent residents and
intentions to apply fertilizer or install waterfront buffers and intervention effectiveness.
Despite no significant difference in effectiveness between the interactive and noninteractive
versions, the combined responses demonstrated a positive shift in behavioral beliefs and
intentions related to lawn fertilizer application and waterfront buffer installation. Seasonal
residents were less likely than permanent residents to apply lawn fertilizer before the
intervention and more likely to shift their intentions after the intervention. This study provides
evidence that brief educational interventions—regardless of their interactivity—can shift
private property owner beliefs and intentions regarding lakefront property management.

High water quality (oligotrophic) lakes are rapidly
being degraded across the United States (Stoddard
et al. 2016), requiring effective engagement with
private property owners to increase adoption of
best management practices to maintain high
water quality into the future. Private property
owners are essential to protecting future water
quality because land-use change, a major driver
of change in lakes (Brookes and Carey 2011,
Martin et al. 2017), primarily occurs on private
property (Miksa et al. 2020). Although engagement with property owners often combines educational and persuasive messaging (Voigt 2017)
or skill building (Pratt and Bowman 2008) to
CONTACT Nicole K. Ward

increase new behavior adoption (McKenzie-Mohr
et al. 2012, Byerly et al. 2018), one key to an
effective educational component is to enhance
understanding of the connection between an individual’s current behavior and their contribution
to future environmental outcomes (Schultz 2002).
Making the direct connection between current
behavior and future water quality can be particularly difficult in oligotrophic lakes, due, in part,
to the time lag in observable water quality outcomes as lakes approach a trophic state shift
(Carpenter et al. 2011, Gsell et al. 2016, Martin
et al. 2017). Additionally, waterfront property
owners may not recognize how property
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management decisions away from their shoreline
can affect water quality. Interactive visualizations
can be more effective than classic educational
materials, such as informational webpages or
pamphlets, because they enable the user to
explore complex cause–effect relationships (Sedig
et al. 2014, Xu and Sundar 2016) across time
(i.e., time lags) and space (e.g., connection of
upland decisions to downstream water quality).
For example, a visualization in which a user
selects different behaviors (e.g., application of
lawn fertilizer) that automatically update water
quality outcomes (e.g., decreased lake clarity in
10 years) could increase users’ awareness of consequences of their individual behavior. Further,
interactive visualizations may overcome barriers
to connecting complex ideas (Sedig et al. 2014),
such as the interactions of encouraged behaviors
(e.g., establishment of vegetated buffers along
shoreline) with discouraged behaviors (e.g., use
of lawn fertilizer). Interactive visualizations have
shown promise as educational tools in classroom
settings (Fawcett 2018) and could improve lake
outreach efforts.
Interactive visualizations that connect current
behavior with future water quality outcomes work
to alter an individual’s beliefs about the perceived
consequences of a behavior, which then can influence the individual’s attitudes about the behavior
and subsequent intention to act (Fishbein and
Ajzen 2010). While behavior change is the goal
of most outreach efforts, self-reports about behavioral intentions, or what property owners plan to
do in the future, serve as a proxy and can be
measured rapidly at low cost (Fishbein and Ajzen
2010, Sheeran and Webb 2016). We focus on
behavioral beliefs, which are conceptually similar
to understanding the environmental consequences
of a behavior, and intended behavior, since behavior change is the goal of the educational
intervention.
Since environmental issues are place based, the
connection of residents to their property or the
lake may be an indirect driver of behavior change.
Behavior change can arise from place attachment
when the consequences of a behavior threaten
the underlying place meanings, or the reasons
why people are attached to a place (Stedman
2002, Rajala et al. 2020). In particular, property

owners in high-amenity regions (e.g., lake watersheds with popular recreation tourism) may be
more likely to adopt environmentally friendly
behavior when they have a strong attachment to
the local environmental quality, which they consider under threat (Stedman 2002, Brehm et al.
2006). Contrary to intuition, seasonal residents
can have stronger place attachment than permanent residents and are more likely to hold environmental quality as an important place meaning
(Stedman 2006, Simoni and Floress 2015).
Therefore, seasonal residents may be even more
likely to respond positively to educational outreach that connects current behavior with threats
to environmental quality. Understanding differences in responses to an educational intervention
among different target audiences may improve
the ability of outreach specialists to tailor educational messaging.
In this study, we test the effectiveness of an
online, interactive data visualization as a
short-term (∼5 min) educational intervention
aimed to overcome one potential barrier to adoption: knowledge of water quality consequences in
altering property owners’ behavioral beliefs and
intentions toward applying lawn fertilizer (discouraged behavior) and installing waterfront buffers (encouraged behavior). We also explore how
seasonal residency may be related to a property
owner’s behavioral intentions and response to the
educational intervention. We address the following research questions: (1) Do educational outreach online visualizations shift beliefs and
intentions to apply lawn fertilizer or install waterfront buffers? (2) Is an interactive visualization
more effective than a noninteractive visualization
in altering property owners’ beliefs and intentions
toward fertilizer use or waterfront buffers? (3)
Do responses to the interventions vary between
permanent and seasonal residents?
Study site

The Lake Sunapee Region of New Hampshire is
in the New Hampshire townships of New London,
Sunapee, and Newbury (43°24′ N, 72°3′ W). Lake
Sunapee has a maximum depth of 33 m, mean
depth of 10 m, surface area of 16.55 km2, volume
of 1.88 × 108 m3, and a mean residence time of
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3.1 years (Carey et al. 2014). Lake Sunapee is an
oligotrophic lake, with mean summer epilimnetic
total phosphorus less than 5 µg/L and chlorophyll
a less than 3 µg/L (Ward et al. 2020), and mean
summer Secchi disk transparency of 6–8 m (Carey
et al. 2014).
Lake Sunapee is a drinking-water source (Carey
et al. 2007) and provides outdoor recreation amenities year-round. Lakefront property values are
high in the region and many properties are used
as second homes (Cobourn et al. 2018). There
are multiple lake associations in the region,
including the Lake Sunapee Protective Association
(LSPA), which was founded in 1898, has more
than 1000 members, and has an active education
and outreach program, reaching approximately
5000 people each year (Fitchett 2019). Lake associations, as community-based action groups, can
play a key role in preserving a community’s
desired sense of place (Fitchett et al. 2020) and
can result in higher place attachment among
members (Simoni and Floress 2015).
Though Lake Sunapee has relatively high water
quality, conversion of forest to developed land in
the watershed, particularly along the shoreline of
the lake, is likely increasing nutrient loading to
the lake (Cobourn et al. 2018, LSPA et al. 2020,
Ward et al. 2020). The lake has exhibited a recent
increase in cyanobacteria (Cottingham et al.
2015) and changes in its metabolism, indicating
a shift to a higher trophic state (Richardson et al.
2017); however, its trajectory of water quality
degradation is likely not easily observable to the
general public.
Materials and methods
Sampling and survey administration

Our population of interest was waterfront property owners in the Lake Sunapee Region tritown
area, which included the townships of New
London (population = 4390), Sunapee (population = 3449), and Newbury (population = 2096;
US Census Bureau 2019). We identified the primary addresses of waterfront property owners on
the tri-town tax assessor website (TriTown NH
2021). After removing duplicate primary owners,
businesses or other nonhome addresses, and
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international primary addresses, our sampling
frame included 1152 waterfront property
households.
All waterfront property households were mailed
an introductory letter, inviting one adult member
of each household to participate in the study by
navigating to a website provided in the letter. We
followed a modified tailored design method
(Dillman et al. 2014) to increase response rate,
with 4 mailings per household sent every 2 weeks
over the course of 8 weeks from June to August
2020. The first and third mailings were letters
and the second and fourth mailing were postcards, each emphasizing the value of their participation in study and directing the recipient to
the study website. This research was approved by
Virginia Tech’s institutional review board (protocol #20-413), and all participants were provided
informed consent to participate. To protect the
privacy of participants, only summary statistics
of responses are reported (Supplement B).
Study design and participant experience

We conducted a randomized trial combined
with pre- and postintervention portions of a
survey to test the effectiveness of interactive
and noninteractive visualizations in altering participants’ behavioral beliefs and intentions in
regard to applying lawn fertilizer and installing
waterfront buffers. Users navigated to the website address provided in the invitation letter and
participated on their personal computers. Full
participation included completing the preintervention portion of the survey (∼15 min), after
which participants were randomly and automatically redirected to either the interactive or noninteractive visualization (∼5 min), and then were
provided a link within the visualization to the
postintervention portion of the survey (∼5 min).
The survey was self-administered via Qualtrics
software (Qualtrics, Provo, UT). Respondents
who indicated they were not the primary decision maker for property landscape management
were screened out of the survey. The noninteractive visualization website is available in
Supplement A and the interactive visualization
website with underlying code and data files are
available in Ward (2021). Within the survey,
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waterfront buffers were defined as “A vegetated
buffer is an area of land along the edge of lakes
or ponds that has a diversity of trees, shrubs,
and unmown vegetation. Mown, manicured
lawns and mown grasses are not considered
vegetated buffers.” The landing page for the
postintervention portion of the survey included
descriptive social norm messaging about waterfront buffers (providing information about the
prevalence of waterfront buffer use), in line with
best practices in environmental outreach
(McKenzie-Mohr et al. 2012, Byerly et al. 2018).
This descriptive normative message was not
applied to the fertilizer application portion of
the survey due to a lack of information quantifying current use of lawn fertilizer in the
region (Supplement B).

Both the interactive and noninteractive visualization provided information on how fertilizer
application and waterfront buffers on lakefront
property relate to future water quality by visually
eliminating the lag between today’s land management decisions and the water quality response in
approximately 10 years. Both visualizations presented information with the same 3 types of
visuals based on specified waterfront buffer and
fertilizer conditions: (1) environmental indicator
gauges: indicating how much phosphorus is leaving the property into the lake and what the
resulting water clarity in the lake may be in 10 yr
(Figure 1); (2) view from the dock: a photo of
what water quality may look like from a dock
on the lake in 10 yr based on buffer and fertilizer
conditions (Figure 1); and (3) relationship between

Figure 1. Example of 2 different waterfront buffer and fertilizer visualizations of Water Quality Gauges and View From The Dock
that respondents could choose in the interactive tool: 100 ft (30.5 m) waterfront buffer and no fertilizer application (Panel A;
metric equivalents are 0.34 kg per hectare of phosphorus leaving the property and 6.1 m of water clarity) and 0 ft (0 m) waterfront buffer with high application of phosphorus-containing fertilizer (Panel B; metric equivalents are 3.03 kg per hectare of
phosphorus leaving the property and 0.15 m of water clarity). Visualizations are based on estimated water quality outcomes if
all private property owners in the watershed selected the same behaviors, calculated from fertilizer transport and runoff relationships (Supplement B).
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property and lake: a conceptual diagram highlighting how property decisions relate to changes
in water quality (Supplement B). Visualizations
of estimated water quality were based on simplified fertilizer transport and runoff relationships
and assumed all private property owners in the
watershed selected the same behaviors
(Supplement B).
The interactive visualization had a panel on
the left with drop-down menus in which participants could select different options related to
fertilizer application and waterfront buffers.
Participants could select different waterfront buffer and fertilizer use combinations from (1) a
waterfront buffer width of 0, 50, or 100 ft (i.e.,
0, 15 m, or 30.5 m), and (2) whether to apply
lawn fertilizer. If fertilizer application was selected,
the participants could then select (2a) the type
of fertilizer (phosphorus-free or phosphoruscontaining) and (2b) when to apply the fertilizer
(during warm and dry weather or during cool
or wet weather). As participants selected different
options on the left panel, the 3 visualizations
immediately and automatically updated to illustrate environmental outcomes based on drop-down
menu selections.
The noninteractive visualization provided 6
example scenarios of fertilizer and waterfront
buffer combinations that participants read through
from top to bottom on a noninteractive webpage.
The style and type of visualizations in the noninteractive version were identical to those in the
interactive version, although only a selection of
the range of possible combinations of buffer size
and fertilizer use was presented, for brevity.
Survey metrics

Since the content information presented in the
educational intervention was designed to change
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behavioral beliefs and the ultimate goal of the
educational intervention was to alter intended
behavior, we assessed self-reported beliefs and
intentions related to applying lawn fertilizer and
installing a waterfront buffer pre- and postintervention using Likert-type scales that ranged from
1 to 7 (Table 1). All scales were coded such that
the response most aligned with the educational
goal was assigned 7 (e.g., extremely unlikely to
apply lawn fertilizer and extremely likely to install
a buffer) and the response least aligned with the
educational goal was assigned 1 (e.g., extremely
likely to apply lawn fertilizer and extremely
unlikely to install a buffer). In the preintervention
portion of the survey, we measured participants’
connection to their lakefront property, measured
by residency status (Table 1). We also collected
basic demographic information (Supplement B).
Data analysis

We analyzed pre- and postintervention responses
of the entire group of survey participants (overall
audience) and the subset of survey respondents
we identified as the target audience. We examined
the overall audience to identify whether participants who indicated their intended behavior was
aligned with the educational goal remained so
after the intervention. We considered respondents
who indicated on the preintervention portion of
the survey that they were either undecided or
intending to do the undesired behavior to be the
target audience (e.g., unlikely to install a waterfront buffer or likely to apply fertilizer). For
example, the target audience for beliefs and intentions related to applying lawn fertilizer was the
subset of respondents in the overall audience who
indicated preintervention that they were slightly
unlikely (5) to extremely likely (1) to apply lawn
fertilizer of any kind in the next 12 months. The

Table 1. Survey metrics with example question or prompt and response options.
Response variables (pre- and postintervention)
Behavioral beliefs (Fishbein and Ajzen 2010)
“To what degree do you think having a vegetated buffer along the shoreline affects water quality?”
Large negative effect (1), neither negative nor positive effect (4), large positive effect (7)
Behavioral intention (Fishbein and Ajzen 2010)
“Over the next 12 months, how likely or unlikely are you to install a vegetated buffer?”
Extremely unlikely (1), neither unlikely nor likely (4), extremely likely (7)
Moderating variables (preintervention)
Residency—permanent or seasonal resident of lakefront property in Lake Sunapee Region
Numbers in parentheses after response examples indicate numeric scale assignment for the Likert-type scale of responses.
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target audience for beliefs and intentions related
to installing a waterfront buffer was the subset
of respondents that indicated preintervention that
all or a portion of their shoreline did not currently have a waterfront buffer and that they were
slightly likely (5) to extremely unlikely (1) to
install a waterfront buffer.
Our statistical analyses varied among research
questions. To address the first research question,
we used one-sample sign tests due to nonnormal
asymmetric data distributions to determine
whether the median shift in behavioral intention
was different from zero for both the overall audience and the target audience. To address the
second and third research questions, we used
Mann–Whitney U tests due to nonnormal symmetric data distributions to evaluate whether the
shift in intention was different between visualization type (interactive vs. noninteractive) for
each behavior among the overall and target audience and to evaluate differences between residency type (permanent vs. seasonal) for each
behavior. All analyses were conducted in the R
v.4.0.4 statistical language (R Core Team 2021).
Results

The survey response rate was 36% (415 respondents of 1152 total individuals in the population).
Of the 415 respondents, 403 individuals (97%)
completed the preintervention portion of the survey and 329 (79%) completed both the pre- and
postintervention portions of the survey. Of the
329 full participation responses, 164 respondents
(49.8%) viewed the interactive visualization, and
165 respondents (50.2%) viewed the noninteractive visualization. To categorize participants’ residency, we used self-identified classifications of
“seasonal” and “permanent” residents in lieu of
tax records. Of the 326 respondents who answered
the residency question, 208 (64%) identified as
seasonal residents and 118 (36%) identified as
permanent residents. There were a total of 58
target audience respondents for fertilizer application (18% of all respondents) and a total of 77
target audience respondents for waterfront buffer
installation (23% of all respondents). There were
no statistical differences in target audience preintervention beliefs or intentions related to lawn

fertilizer application or waterfront buffer installation between interactive and noninteractive
visualization treatment groups (Supplement B).
Because respondents may have skipped individual
questions, the response rate of each item varied.
Question 1.1: Do educational outreach online
visualizations shift beliefs and intentions to
apply lawn fertilizer?
Combined results

The visualizations (interactive and noninteractive results combined) resulted in a significant
shift in lawn fertilizer beliefs toward the lake
management educational goal of believing fertilizer has a negative effect on water quality for
both the overall and target audience (one-sample
sign test; both P < 0.001; Supplement B). The
shift in behavioral intention to apply lawn fertilizer was not significant among the overall
audience but was significant among the target
audience (for becoming more unlikely to apply
lawn fertilizer; P = 0.23 and 0.007, respectively;
Supplement B.
Visualization-specific results

Separate analyses of the interactive and noninteractive visualizations indicate that their effectiveness in shifting behavioral beliefs and
intentions relating to fertilizer application varied.
Use of the interactive visualization did not significantly shift behavioral beliefs or intentions
related to lawn fertilizer among the overall audience or target audience (all P > 0.15; Figure 2 and
Supplement B). In contrast, use of the noninteractive visualization significantly shifted behavioral
beliefs toward the educational goal related to
lawn fertilizer of believing fertilizer has a negative
effect on water quality among the overall audience and the target audience (both P ≤ 0.002;
Figure 2 and Supplement B). Use of the noninteractive visualization significantly shifted behavioral intentions toward avoiding application of
lawn fertilizer among the target audience
(P = 0.03), but the noninteractive visualization did
not significantly shift behavioral intentions in the
overall audience (P = 0.45; Figure 2 and
Supplement B).
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management educational goal of believing waterfront buffers have a positive effect on water quality
for both the overall and target audience (one-sample
sign test; both P < 0.001; Supplement B). The combined visualizations (both interactive and noninteractive versions) resulted in a significantly
positive shift in behavioral intention to install
waterfront buffers among the overall audience and
the target audience (both P < 0.001; Supplement B).
Visualization-specific results

Figure 2. Lawn fertilizer: density distribution of shift (postintervention – preintervention response) in behavioral beliefs
(Panel A) and intentions (Panel B) for applying lawn fertilizer
in the overall and target audiences (Lake Sunapee, NH, region)
with interquartile ranges emphasized for comparison with zero
(dashed black line). Density-based medians are denoted within
each distribution by solid horizontal white lines. Circles behind
density distributions show underlying raw data, with points
jittered for differentiation; * indicates P-value < 0.05; ** indicates P-value < 0.01; *** indicates P-value < 0.001 of
one-sample sign test (Supplement B). All significant shifts in
behavioral beliefs and intentions are positive (in direction of
educational goal).

Question 1.2: Do educational outreach online
visualizations shift behavioral beliefs and
intentions to install waterfront buffers?
Combined results

The visualizations (both interactive and noninteractive versions) resulted in a significant shift in
waterfront buffer behavioral beliefs toward the lake

Separate analyses of the interactive and noninteractive visualizations indicate that their effectiveness in shifting behavioral beliefs and intentions
relating to waterfront buffer installation varied.
Use of the interactive visualization significantly
shifted behavioral beliefs toward the educational
goal related to waterfront buffers—believing buffers have a positive effect on water quality—
among the overall audience and the target audience
(both P < 0.001; Figure 3 and Supplement B).
Similarly, use of the interactive visualization significantly shifted behavioral intentions toward
installing waterfront buffers among the overall
audience and the target audience (both P = 0.007;
Figure 3 and Supplement B). Use of the noninteractive visualization significantly shifted behavioral beliefs toward the educational goal related
to waterfront buffers (believing buffers have a
positive effect on water quality) among both the
overall audience and the target audience (both
P < 0.001; Figure 3 and Supplement B). However,
use of the noninteractive visualization significantly
shifted behavioral intention to install a waterfront
buffer among the target audience (P = 0.03), but
the noninteractive visualization did not significantly shift behavioral intention in the overall
audience (P = 0.06; Figure 3 and Supplement B).
Question 2: How effective is an interactive vs. a
noninteractive visualization in altering intended
behavior toward fertilizer use or waterfront
buffers?

There were no significant differences between
visualization types in beliefs or intention shifts
to install a new buffer or reduce fertilizer use
for the overall audience or target audience
(Mann–Whitney U test; P ≥ 0.05; Table 2).
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than permanent residents to indicate they
intended to apply lawn fertilizer (Mann–Whitney
U = 9916, P < 0.001; Figure 4 Panel A; Supplement
B). In contrast, in the overall audience, seasonal
residents and permanent residents were equally
likely to indicate they intended to install a waterfront buffer (U = 910, P = 0.8; Figure 4 Panel A;
Supplement B). Among the target audience, there
were no statistical differences in preintervention
beliefs or intentions related to waterfront buffer
installation between seasonal and permanent residents (U = 362, P = 0.1; U = 745, P = 0.5, respectively; Supplement B).
Intention shifts

Figure 3. Waterfront buffer: density distribution of shift (postintervention – preintervention response) in behavioral beliefs (Panel
A) and intentions (Panel B) for installing a waterfront buffer in
the overall and target audiences (Lake Sunapee, NH, region) with
interquartile ranges emphasized for comparison with zero
(dashed black line). Density-based medians are denoted within
each distribution by solid horizontal white lines. Circles behind
density distributions show underlying raw data, with points jittered for differentiation; * indicates P-value < 0.05; ** indicates
P-value < 0.01; *** indicates P-value < 0.001 of one-sample sign
test (Supplement B). All significant shifts in behavioral beliefs
and intentions are positive (in direction of educational goal).

Question 3: Do responses to the interventions
vary between permanent and seasonal residents?
Preintervention intentions

There were significant differences in preintervention intentions related to fertilizer application
between seasonal and permanent residents, but
not for buffer installation. In the overall audience,
seasonal residents were significantly less likely

There were significant differences in target audience shifts of intentions related to fertilizer application between seasonal and permanent residents,
but not for waterfront buffer installation. Among
the target audience, seasonal residents were more
likely than permanent residents to shift their
intentions to apply fertilizer after using either the
interactive or noninteractive visualization (U = 267,
P = 0.01; Figure 4 Panel B; Supplement B). Among
the target audience, seasonal residents and permanent residents were equally likely to shift their
intention to install a new waterfront buffer after
the intervention (U = 764; P = 0.3; Figure 4 Panel
B; Supplement B).
Comparing pre-and postintervention responses
within residency groups demonstrates that the
response of each residency group varied by
behavior. Permanent residents were equally likely
to shift their intentions to install a new waterfront buffer and apply lawn fertilizer (U = 310,
P = 0.05; Figure 4 Panel B; Supplement B). In
contrast, seasonal residents shifted their intentions to apply lawn fertilizer significantly more
than their intentions to install a new waterfront
buffer (U = 861, P = 0.02; Figure 4 Panel B;
Supplement B).
Discussion

Collectively, engaging with either the interactive
or noninteractive visualization was effective in
shifting intended behavior among the target audience toward the educational goals of both becoming more likely to install a new waterfront buffer
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Table 2. Mann–Whitney U test results of difference in shift of behavioral beliefs and intentions between visualization tool
types.
Effect size (U/
Umax)
P
0.55
0.05
(12434/22638)
Target
0.1 (–0.1;0.7) 23
0.3 (–0.1;1.1) 35
0.55 (464/840)
0.26
Waterfront buffer
Overall
0.5 (0;1.3) 43
0.4 (–0.1;1.1) 36
0.53 (828/1548)
0.57
Target
0.5 (0;1.3) 41
0.3 (–0.1;1.1) 33
0.54 (734/1353)
0.50
Behavioral
Fertilizer
Overall
0 (–0.2;0.2) 152
0 (–0.3;0.4) 156
0.50
0.81
intentions
(11970/23712)
Target
0.2 (–0.3;1.0) 23
0.5 (–0.3;2.1) 35
0.58 (465/805)
0.30
Waterfront buffer
Overall
0.2 (–0.2;1.1) 45
0.2 (–0.2;1.2) 37
0.51 (855/1665)
0.82
Target
0.2 (–0.2;1.2) 43
0.3 (–0.2;1.3) 34
0.50 (730/1462)
0.99
x is the density-based median response value (as in Figures 2 and 3), lq is the lower quartile value (25%), uq is the upper quartile value (75%), n is
the total number of responses in that category, U is the Mann–Whitney U test statistic, Umax is the maximum possible test statistic (n × n). Effect
size ∼0.5 indicates distributions of sample 1 and sample 2 are similar.

Response
Behavioral beliefs

Behavior category
Fertilizer

Audience
Overall

Interactive shift
x (lq;uq) n
0 (–0.2;0.3) 147

and less likely to apply lawn fertilizer (Figures 2
and 3). Postintervention beliefs shifted toward
the perception that fertilizer has a negative effect
on water quality and waterfront buffers have a
positive effect on water quality (as indicated by
the majority of respondents above the zero line
in Figures 2 and 3). When considering visualization types separately, the noninteractive version
was effective for shifting respondents’ beliefs and
intentions on both fertilizer use and buffer installation, but the interactive version was only effective for waterfront buffer installation (Figures 2
and 3 and Supplement B). Since interactive online
interfaces can require computational expertise
and substantial time and money to develop, and
the interactive visualization was no more effective
than the noninteractive visualization (Table 2),
noninteractive informational websites may be sufficient for lake outreach specialists to effectively
reach their audience. However, the majority of
respondents were not in our target audience (i.e.,
they were already doing the lake-friendly behavior), so our fertilizer and waterfront buffer target
audiences sample sizes were relatively small for
the interactive (n = 23 and 43, respectively) and
noninteractive (n = 35 and 43, respectively) visualizations. Therefore, some of our nonsignificant
target audience results may be due to small target
audience sample sizes.
Contrary to expectation, the interactive visualization was no more effective in altering beliefs
and intentions than the noninteractive visualization (Table 2). Interactive visualizations are often
a type of multimedia experience (Ioannidou et al.
2006) combining text, visualizations, and

Noninteractive shift
x (lq;uq) n
0.1 (–0.2;0.5) 154

user-determined selections, which are known to
increase learning outcomes (Mayer 2003).
Therefore, improvements from interactivity in
previous studies (e.g., Fawcett 2018) may in part
be due to the multimedia format of the information. Our interactive and noninteractive versions of the visualization had the same type of
multimedia components (e.g., text, diagrams,
photos), which may explain why we did not
detect a significant effect of interactivity in our
study. Furthermore, interactivity can be classified
across a spectrum, where very high levels of
interactivity can increase recollection of information within interactive portions of a website while
lowering recollection of information elsewhere
on the website (Xu and Sundar 2016). We did
not test different levels of interactivity in this
study, so a higher or lower level of interactivity
in a revised visualization may improve learning
outcomes in future outreach applications. Most
research on the effectiveness of interactive visualizations has been in classroom contexts (e.g.,
Fawcett 2018), for online marketing purposes
(e.g., Xu and Sundar 2016), or for news journalism (e.g., Geidner et al. 2015), so assessing the
effectiveness of other interactive webpages for
educational outreach (e.g., by a lake association)
is needed to generalize results.
There are important benefits to interactive
visualizations that we did not examine. For example, if given an option to engage with information
or not, people may be more likely to engage in
interactive portions of a website than with noninteractive portions (Xu and Sundar 2016) and
may prefer interactive webpages in general
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Figure 4. Density distribution of seasonal and permanent residents’ (Lake Sunapee, NH, region) preintervention intended
behavior (Panel A) and shift (postintervention – preintervention) in intended behavior (Panel B) to apply lawn fertilizer
and install a waterfront buffer with interquartile ranges emphasized for comparison with zero (dashed black line).
Density-based medians are denoted within each distribution
by solid horizontal white lines. Circles behind density distributions show underlying raw data, with points jittered for
differentiation; Panel A gray shaded region is the portion of
responses from the nontarget audience; * indicates P-value <
0.05; *** indicates P-value < 0.001; ns indicates not significant,
for one-sample sign test (Supplement B).

(Chung and Zhao 2006). In our study, participants were assigned one of the 2 visualizations
and did not have a choice between using a visualization or not. However, if instead lake residents

were given the choice of whether to use either
visualization or not and were more likely to
engage with the interactive visualization, then the
interactive visualization could have a greater
effective impact by reaching more people. Future
research should examine whether participants are
more likely to engage with interactive visualizations for outreach applications, if given an option
to engage or not.
Seasonal residents were more likely to change
their intentions to apply lawn fertilizer than their
intentions to install a waterfront buffer. This difference of response between behavior types
among seasonal residents may be due to different
patterns of adoption for habitual behaviors (e.g.,
applying lawn fertilizer) that happen on the daily
to weekly scale vs. occasional behaviors (e.g.,
installing a waterfront buffer) that happen on the
annual to decadal scale (Lavelle et al. 2015).
Choosing to not apply fertilizer is a simpler
behavior to adopt in comparison to the decision
to install a new buffer, which likely requires more
time, money, and labor. Since seasonal residents
only spend a portion of the year at their property,
they may be less inclined to adopt the more
intensive behavior of installing a new waterfront buffer.
Permanent residents were more likely than seasonal residents to apply fertilizer preintervention
and less likely to shift their fertilizer intentions
postintervention (Figure 4). Seasonal residents
may have been less likely to apply lawn fertilizer
preintervention because they did not want to
spend the limited time they have at their property applying fertilizer or are not at their property at the best times of year to apply fertilizer.
However, this potential explanation for preintervention differences does not explain why seasonal
residents would be more likely to shift intentions
postintervention. We hypothesize that the pattern
of permanent residents being more likely to apply
fertilizer preintervention and less likely to shift
fertilizer intentions postintervention may be
because the permanent residents in our study
were already aware of the information we presented, in part through the outreach efforts of
the Lake Sunapee Protective Association regarding lawn care best management practices (Fitchett
2019). Additionally, various local outreach
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programs, such as University of New Hampshire
(UNH) Cooperative Extension and New
Hampshire Department of Environmental Services
(NH DES), provide extensive outreach materials
and community-engagement initiatives (e.g., UNH
Cooperative Extension 2007, Wawrzynek et al.
2007, Franz and Townson 2008, NH DES 2016,
Clyde et al. 2018). In fact, educational interventions like the ones in this study are most effective
when people want to do the right thing but are
uninformed about the topic (Manfredo 1992).
Thus, it is possible that permanent residents who
still apply lawn fertilizer may be doing so even
though they are aware of the consequences.
Therefore, the permanent residents in the target
audience likely have a different barrier to adoption than the barrier our visualizations aimed to
overcome: lack of awareness that applying fertilizer harms future water quality (Schultz 2002).
Additionally, observed differences between seasonal and permanent residents for each behavior
may be related to differing strength of place
attachment, or place attachment based on different underlying reasons (different place meanings).
Previous research with similar populations of
lakefront property owners has found that seasonal
residents have stronger place attachment (Stedman
2006, Simoni and Floress 2015) and are more
likely to be attached to the environmental quality
of the area than are permanent residents (Stedman
2006). If the seasonal residents are specifically
attached to the environmental quality of the lake,
and they perceive lake water quality as threatened
by environmental change, they may be more
likely to adopt the environmentally friendly
behavior (as in Stedman 2002, Rajala et al. 2020).
Or, if seasonal and permanent residents have differing tendencies for attachment to the viewshed
of their property or the greenness of their lawn,
they may be unlikely to adopt the lake-friendly
behavior. Therefore, the pattern we observed of
seasonal residents being more likely than permanent residents to indicate they were unlikely to
apply lawn fertilizer before the educational intervention and exhibiting significantly greater shifts
in intentions after the intervention could be due
to differing place attachments. Though we collected additional metrics related to place connections, including length of ownership, generations
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of the family that have owned the property, and
annual time spent, we did not observe any relationships between these ownership characteristics
and the response to the visualizations. Future
work should examine strength of place attachment and the reasons underlying a respondent’s
level of place attachment among different outreach audiences.
Overall, respondents demonstrated greater
shifts in their beliefs and intentions to install a
waterfront buffer than to reduce fertilizer application, which could be due to several reasons
that we cannot isolate with this study but that
warrant future consideration. Two possible reasons are methodological limitations of our study:
First, because of anticipated small sample sizes
during the COVID-19 pandemic, we did not conduct a fully controlled study for messaging differences across behaviors in the educational
intervention. For example, we included social
norm messaging in the outreach visualizations
for waterfront buffers but did not control for its
inclusion (i.e., we did not include a treatment
group without waterfront buffer norm messaging). Therefore, the greater effectiveness of the
intervention for installing waterfront buffers
could be due to the embedded social norm messaging (Byerly et al. 2018). Second, the difference
in effectiveness could be due to the different
complexity of information provided in both interventions. For waterfront buffers, the messaging
was quite straightforward: A buffer is better than
not having a buffer and a larger buffer is better
than a smaller one. For fertilizer, we included
more nuanced information about the content of
the fertilizer (phosphorus-containing vs.
phosphorus-free) and the timing of application
(during cool, wet weather vs. during warm, dry
weather). Because simpler messaging may increase
comprehension of material (Andres and Petersen
2002), controlling for message complexity may
provide greater insights into effectiveness of interactive visualizations. Future work should control
for social norm messaging and simplified vs.
complex educational information.
To implement findings from this study, a few
study limitations should be considered. The visualizations assumed all property owners in the
watershed selected the same behaviors. Since the
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water quality effects from one property are much
smaller than from the entire watershed, future
studies should examine how spatial variability
and the distribution of land use decisions as
related to water quality outcomes may affect visualization effectiveness. Further, this study examined one type of visualization in a high water
quality lake, and future work should examine the
potential for a variety of interactive visualizations
across a range of lake types, including lower quality lakes requiring improvements in management.
Additionally, tracking changes in actual behavior,
rather than behavioral intention, would provide
a stronger assessment of visualization effectiveness. However, use of short-term interventions
like the visualizations in this study is likely more
effective when applied as one part of a broader
outreach program with a diversity of approaches
to overcome different types of barriers to adoption (e.g., financial incentives, skill-building workshops; Pratt and Bowman 2008, Byerly et al. 2018).
In summary, our educational outreach was
effective in shifting beliefs and intentions immediately after the intervention. The finding that
interactivity was no more effective than a noninteractive webpage with the same information
suggests that either visualization approach can
positively affect beliefs and intentions. While the
shifts in beliefs and intentions reflect an immediate effect of the intervention rather than a
long-term change, short-term (~5 min) outreach
endeavors like this one may be particularly useful
when incorporated within a broader outreach
program.
Future work should combine longer term
tracking of behavioral intention shifts to identify the effectiveness of the intervention at longer time scales. Also, adequately assessing target
audience place attachment and place meanings
may improve effectiveness of targeted messaging. Additionally, the participants that did
change their intentions post intervention likely
have a different barrier to adoption than knowledge of water quality consequences, and lake
managers should consider potential economic
barriers or incentives to increase adoption of
lake-friendly property management actions.
Nonetheless, our data show that short, relatively
simple interventions like the visualizations used

in this study can result in measurable change
in intentions immediately following the intervention. Educational interventions that make
the direct connection between current behavior
and future water quality may be particularly
useful in communicating best management practices to protect oligotrophic lakes into the future.
Our interactive visualization is publicly available and easily adaptable to other lake watersheds
in the New England region of the United States
(see Ward 2021). We view this work as a first
step in developing scenario-based tools to directly
link current private property decisions with future
water quality. The visualization is available under
an MIT license, and we welcome efforts to build
on and expand the tool.
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