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Abstract. Ecological forecasts will be best suited to inform intervention strategies if they 
are accessible to a diversity of decision-makers. Researchers are developing intuitive forecasting 
interfaces to guide stakeholders through the development of intervention strategies and visual-
ization of results. Yet, few studies to date have evaluated how user interface design facilitates 
the coordinated, cross-boundary management required for controlling biological invasions. We 
used a participatory approach to develop complementary tangible and online interfaces for 
collaboratively forecasting biological invasions and devising control strategies. A diverse group 
of stakeholders evaluated both systems in the real-world context of controlling sudden oak 
death, an emerging forest disease killing millions of trees in California and Oregon. Our find-
ings suggest that while both interfaces encouraged adaptive experimentation, tangible inter-
faces are particularly well suited to support collaborative decision-making. Reflecting on the 
strengths of both systems, we suggest workbench-style interfaces that support simultaneous 
interactions and dynamic geospatial visualizations. 
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INTRODUCTION 

Ecological forecasts are important tools for under-
standing and controlling biological invasions (Dietze 
et al. 2018). They have been used to identify high-risk 
areas, expose dispersal patterns, and assess how human 
interventions are likely to impact spread trajectories, 
making them quite valuable for crafting control strate-
gies (Gilligan and van den Bosch 2008, Cunniffe et al. 
2016, Miller et al. 2017, Jones et al. 2021a). Yet, these 
capabilities may be moot if decision-makers themselves 
cannot interact directly with the forecasts. Researchers 
have recognized a knowledge-practice gap, where 
insights from models are rarely translated into on-the-
ground decisions because: (1) models do not directly 
address the operational or policy problem at hand, (2) 
decision-makers do not fully understand the model or its 
results, and (3) decision-makers cannot use the model 
without considerable time and expertise (Bayliss et al. 
2013, Matzek et al. 2014, Cunniffe et al. 2015, Knight 

Manuscript received 21 September 2020; revised 25 February 
2021; accepted 16 April 2021; final version received 6 August 
2021. Corresponding Editor: E. Natasha Stavros.

5 E-mail: Devon.gaydos@usda.gov 

et al. 2016, Voinov et al. 2016, Muscatello et al. 2017). 
Participatory modeling, or designing and applying mod-
els in collaboration with stakeholders, has been pro-
posed to address these shortcomings (Voinov and 
Bousquet et al. 2010, Voinov et al. 2016). By guiding 
model development, stakeholders ensure that the out-
comes are relevant to decision-making while simultane-
ously learning about model processes and uncertainties, 
how to apply the model, and how to interpret findings 
(Blades et al. 2016, Olabisi et al. 2016, Jordan et al. 
2018). Additionally, modelers can capitalize on the 
diverse perspectives and local knowledge that stakehold-
ers from government (federal, state, and local), tribal 
institutions, industry, nonprofits, and other branches of 
academia provide. Participatory approaches have been 
used to support decision-making in some cases of natu-
ral resource management (Voinov and Gaddis 2008, 
White et al. 2010, Blades et al. 2016), but are still rela-
tively new in forecasting biological invasions (Miller 
et al. 2017, Crimmins et al. 2019, Gaydos et al. 2019). 
Although participatory modeling empowers stake-

holders to become amateur modelers, forecasts are often 
written in esoteric code, inherently limiting direct stake-
holder interaction (Cunniffe et al. 2015, Tonini et al. 
2017). User-friendly interfaces that enable forecasting 
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without coding are therefore key to increasing stake-
holder involvement. Interfaces can come in different 
forms, but should allow users to quickly and intuitively: 
(1) carry out model functions, (2) vary parameters to 
explore forecast uncertainty, (3) visualize ecological tra-
jectories, and (4) assess how interventions alter these tra-
jectories (Cunniffe et al. 2015, Petrasova et al. 2018, 
Jones et al. 2021a). With these capacities, interfaces can 
unmask the analytical power of forecasts, especially for 
less tech-savvy stakeholders, enabling them to easily con-
tribute their perspectives (Gaydos et al. 2019). Essen-
tially, user-friendly interfaces can enable a bottom-up 
approach in which researchers crowdsource diverse opin-
ions to develop new intervention strategies (Voinov et al. 
2016). 
Additionally, researchers must also critically consider 

how the interface facilitates collaboration. The control of 
large-scale environmental problems, such as biological 
invasions, relies heavily on cooperation between affected 
stakeholders, often across jurisdictional boundaries 
(Epanchin-Niell et al. 2010). These stakeholders bring a 
diversity of knowledge, values, resources, and regulatory 
requirements to the table that inform scenario develop-
ment and decision-making (Crowley et al. 2017, Miller 
et al. 2017). Therefore, researchers should consider how 
interfaces can support collaboration between stakehold-
ers with different technical and professional back-
grounds. Forecasting interfaces that encourage 
discussion may function as boundary objects (Star 
2010), common points of reference that mediate commu-
nication and knowledge transfer between diverse groups 
(Star and Griesemer 1989, Blades et al. 2016). Often, 
however, only the predetermined outcomes of forecasts 
are used in this boundary object capacity, limiting stake-
holders’ abilities to fully explore dynamic processes 
(Cash et al. 2006, Blades et al. 2016, Miller at al. 2017). 
Forecasting interfaces that allow intuitive, on-the-fly 
interventions may better facilitate decision-making by 
enabling stakeholders to work together to develop 
dynamic and adaptive scenarios (Gaydos et al. 2019, 
Vukomanovic et al. 2019). 
Yet, little is known about how different forecasting 

interfaces function as boundary objects. Graphical user 
interfaces (GUIs) are a common and compelling option 
because they have long been the paradigm for human-
computer interaction and can be web-based, enabling 
widespread access (Dix et al. 2004, Cunniffe et al. 2015, 
Jones et al. 2021a). However, it is unclear how GUIs 
function as boundary objects. Specifically, by confining 
users’ inputs to a mouse and keyboard, and visual feed-
back to 2D graphics, GUIs limit users’ abilities to per-
ceive and relate spatial information (Ishii 2008, Millar 
et al. 2018). In response, tangible user interfaces (TUIs) 
were designed so that users could see, feel, and directly 
experience data through the movement of physical 
objects (Ullmer and Ishii 2000, Ishii 2008). Theories of 
embodied cognition assert that by engaging our physical 
senses, TUIs inherently support intuitive interaction, 

which may be especially important with less tech-savvy 
users (Ratti et al. 2004, Ishii 2008, Kirsh 2013). Interest-
ingly, some TUIs are designed to mimic traditional 
tabletop workbenches to encourage multiuser interac-
tions, which could naturally fit into a boundary object 
framework (Coors et al. 1999, Underkoffler and Ishii 
1999, Higgins et al. 2012, Petrasova et al. 2018). To 
date, comparisons of these different interface types are 
lacking, and it is unclear which is more conducive for 
group exploration of forecasts. A better understanding 
of how such tools resonate with stakeholders could help 
to guide the development of forecasting interfaces. 
Under the umbrella of the broader Pest or Pathogen 

Spread (PoPS) Forecasting Initiative (Jones et al. 
2021b), we designed two interfaces to enable group 
exploration of invasion trajectories: PoPS Tangible 
Landscape (a TUI) and PoPS Forecasting Platform (a 
web-based GUI) (Fig. 1). Both interfaces permit run-
ning the simulation, adjusting parameters, visualizing 
spread trajectories, and applying interventions, but differ 
in their interaction modality, which may, in turn, influ-
ence group dynamics. We evaluated how these technolo-
gies shape collaborative exploration of forecasts in the 
real-world context of sudden oak death (SOD) manage-
ment in Oregon. SOD, caused by the oomycete Phytoph-
thora ramorum, is a disruptive forest disease responsible 
for widespread tree mortality along the Pacific Coast 
(Hansen et al. 2008, Cobb et al. 2012, Peterson et al. 
2015). Uniquely, southwestern Oregon is the only place 
in the world infected by both European-1 (EU1) and 
North American-1 (NA1), two distinct pathogen strains 
that exhibit different spread patterns, complicating con-
trol efforts (Manter et al. 2010, Grunwald€  et al. 2016, 
Søndreli et al. 2019, Fig. 2). While EU1 is considered 
more aggressive, continued spread of either strain could 
inhibit the timber trade through one of Oregon’s largest 
shipping ports, jeopardizing 1,200 jobs and US$57.9 
million in annual wages (LeBoldus et al. 2017, Highland 
Economics and Mason, Bruce, Girard, Inc. 2019). In 
response, diverse stakeholder interests banded together 
to form the Oregon SOD Task Force aimed at prevent-
ing spread into new territories (Peterson et al. 2015, 
Hansen et al. 2019). While the circumstances of SOD in 
Oregon are unique, the challenges presented are com-
mon among biological invasions and the need for collec-
tive response is broadly characteristic of landscape-scale 
environmental management (Epanchin-Niell et al. 2010, 
Mills et al. 2011). 
We held a workshop with members of the Oregon 

SOD Task Force to explore near-term trajectories of dis-
ease spread, assess stakeholder perceptions of the fore-
cast and interfaces, and compile suggestions for further 
research and development. We reflect on how both fore-
casting interfaces encouraged adaptive experimentation 
and social learning. Further, given the strengths of our 
interface designs, we suggest that workbench-style tangi-
ble interfaces that support multiuser interaction and 
dynamic geospatial visualization may be best suited for 
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FIG. 1. Schematic showing the complementary functionality of the online and tangible interfaces. The systems are linked by a 
centralized database and forecast. With the tangible interface (a), multiple users physically designate treatments on a 3D representa-
tion of the study area and resulting infection statistics are displayed on an accompanying monitor. With the online interface (b), a 
single user draws treatments with a computer mouse based on verbal input from others. Dashed lines indicate the parallel function-
alities of the interfaces. 

collective decision-making. Our research demonstrates 
how forecasting interfaces can facilitate the collaborative 
exploration of alternative ecological trajectories of bio-
logical invasions. 

METHODS 

Participatory approach 

Routine and consistent engagement with stakeholders 
is a central feature of participatory modeling (Voinov 
et al. 2016). Our partnership with the Oregon SOD Task 
Force began in 2017 when we held an initial participa-
tory modeling workshop to better understand stakehold-
ers’ forecasting needs (Gaydos et al. 2019). At this first 
workshop, the Task Force’s Core Science Team explored 
a pre-existing SOD forecast using the PoPS Tangible 
Landscape interface and suggested how to tailor the 
system to Oregon’s unique conditions. Throughout 
subsequent forecast development, we continued our col-
laboration with the Core Science Team via regularly 
scheduled meetings, research symposiums, and semistruc-
tured interviews to ensure that new developments accu-
rately reflected stakeholders’ expectations. Additionally, 
the Core Science Team maintained a bidirectional flow of 
information between researchers and stakeholders which 
strengthened our participatory engagement by bolster-
ing stakeholders’ sense of involvement and improving 

researchers’ understanding of the operational and politi-
cal intricacies of management. This collaborative partner-
ship with Oregon stakeholders inspired several key 
forecasting developments, including adding yearly inter-
ventions, modeling disease strains separately, and devel-
oping the web-based PoPS Forecasting Platform. These 
updates not only improved the forecast for SOD manage-
ment, they have broad relevance for other pest and patho-
gen systems. With these improvements, we held a second 
participatory modeling workshop with all members of the 
Task Force to generate treatment scenarios, compare 
interfaces, and gather further suggestions for improve-
ment. In this paper, we report findings from this second 
workshop, including how stakeholder-driven develop-
ments supported collaborative forecasting and analysis. 

Forecasts 

Based on local observations provided by the Oregon 
SOD Task Force, we adapted a forecast of SOD spread 
in California (Meentemeyer et al. 2011) to reflect Ore-
gon epidemiology (Gaydos et al. 2019). The forecast is 
a stochastic, spatially explicit, susceptible-infected-
removed (SIR) simulation that uses raster-based initial 
infection locations, relative host density, and weekly 
weather conditions to mimic pathogen dispersal and 
establishment across the landscape. Forecasts are largely 
controlled by two parameters, reproductive rate and 
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2020 Distribution of Phytophthora ramorum in Oregon 

FIG. 2. The distribution of both strains (EU1 and NA1) of Phytophthora ramorum in Curry County, Oregon in 2020. Stake-
holders are concerned with preventing northward spread into Coos County, which could have economic implications for timber 
trade. 

dispersal distance, which were calibrated for the EU1 
and NA1 strains separately. Mirroring field observa-
tions, EU1 is forecasted to spread faster than NA1. For 
this second workshop, we forecasted a three-year period 
from 2020 to 2022, starting with 2019 infections. Infec-
tion locations, obtained from the Oregon Department of 
Forestry, represented the distribution of each strain in 
September 2019. Some infections were still pending 
genotyping and could not be definitively assigned to a 
strain. For these cases, the closest genotyped strain 
served as a proxy as most SOD dispersal is local (Peter-
son et al. 2015). Host data representing the proportion 
of tanoak in a cell were adapted from forest species maps 
created by Ohmann et al. (2011) and can be found at 
our Github repository (Jones and Gaydos 2021). We 
assumed an average future weather scenario generated 

by resampling historical Daymet weather data (Thorn-
ton et al. 2020) using the process described in Meente-
meyer et al. (2011). All raster data were processed at 
100-m resolution and represented the extent of Curry 
County, Oregon. 
Treatments have the same impact on the forecast, 

regardless of which interface they were designed with. 
The user designates treatment polygons using either felt 
markers in PoPS Tangible Landscape or a point-and-
click draw tool in PoPS Forecasting Platform (Petrasova 
et al. 2018, Jones et al. 2021a, Fig 1). If a cell intersects 
a treatment polygon, all infected trees and a proportion 
of susceptible trees (relative to the cell area covered by 
the polygon) are removed. By conducting treatments in 
this way, we assume that all infected trees in a partially 
treated cell are located and removed but that the cell 
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could become reinfected later. Treatment locations are 
determined at the beginning of the year, but are not 
applied until the following December to account for 
realistic time-lags between detection and treatment 
(Kanaskie et al. 2011). Treatments cost US$1.23/m2 

(Highland Economics and Mason, Bruce, and Girard, 
Inc. 2019), but were not considered expenditures where 
treatments overlapped or no hosts were present. 
In previous studies by our research team, treatments 

could only be conducted in the first year of the forecast 
(Tonini et al. 2017). With guidance from Oregon stake-
holders, we developed an adaptive management capacity 
that allows for yearly interventions (Gaydos et al. 2019, 
Petrasova et al. 2020). To accommodate the model’s 
stochastic nature, we developed an iterative framework 
in which management is conducted on a single stochastic 
iteration, but future disease spread is visualized as a 
probability, allowing users to understand the potential 
range of outcomes. Users place treatments based on the 
current 2019 infections and then run ten stochastic itera-
tions until the final year (2022). The single iteration that 
is closest to the average of all iterations is selected and 
replaces 2019 as the new starting point, essentially the 
new “simulated reality.” To see how the trajectory may 
play out into the future without any new treatments, 
users can visualize the infection probabilities in 2021 and 
2022. With this information, users decide how to treat 
the 2020 infections, repeating this process until the final 
management year (2021) and the final visualization year 
(2022). This adaptive management capacity allows a user 
to walk through a simulated reality and explore the 
direct effect of treatments while simultaneously forecast-
ing likely disease spread and impacts (Petrasova et al. 
2020). 

Forecast interfaces 

The forecast, composed of R and C++ code, can be 
run via two open-source interfaces: PoPS Tangible 
Landscape and PoPS Forecasting Platform (Fig. 1). The 
interfaces share the underlying simulation, can be linked 
via the Forecasting Platform, and were designed with 
complementary functionality for visualizing spread tra-
jectories, and applying interventions (Fig. 1). Impor-
tantly, stakeholder feedback guided the development of 
both systems to improve usability (Gaydos et al. 2019, 
Jones et al. 2021a). 
Tangible Landscape is a TUI interface in which users 

guide a geospatial simulation via physical actions 
(Fig. 1). It was designed as a general geospatial model-
ing tool and has been used in several applications besides 
pest and pathogen forecasting (Petrasova et al. 2018). 
The system consists of a scanner, a projector, a physical 
representation of the study area, and a computer 
equipped with GRASS GIS and Tangible Landscape 
software (GRASS Development Team 2019, Jones et al. 
2021b, Fig. 1a). Infection locations, host density, and 
aerial imagery are projected onto the physical landscape 

for visualization. Stakeholders design scenarios by 
arranging felt treatment polygons (using either prede-
fined or customized shapes) on the physical landscape. 
Cumulative cost metrics are automatically updated as 
new treatments are proposed to inform scenario devel-
opment. Users run the forecast one year into the future 
with the click of a physical USB-enabled button and 
scroll through past observations and future forecasts 
using a clicker. Detailed statistical summaries of scenar-
ios are stored on the PoPS Forecasting Platform to allow 
quick comparisons of all previous scenarios. This inter-
face has been used in multiple case studies (Tonini et al. 
2017, Vukomanovic et al. 2019), including our first par-
ticipatory modeling workshop with Oregon stakeholders 
(Gaydos et al. 2019). 
Stakeholders’ requests from this first workshop 

sparked the development of the PoPS Forecasting Plat-
form (Fig. 1b), an online interface with similar function-
ality as PoPS Tangible Landscape (Gaydos et al. 2019). 
Here, users design scenarios by drawing treatment poly-
gons on a web map of the study area. Users can either 
select predefined treatment shapes, or create unique 
shapes using a point-and-click draw tool. As with PoPS 
Tangible Landscape, cumulative costs are displayed to 
inform scenario development. Users can run the forecast 
one year into the future through the click of a button 
and can scroll through past observations and future pro-
jections with the display year toggle. The Forecasting 
Platform stores detailed statistical information about all 
scenarios, and this capacity can be linked with PoPS 
Tangible Landscape so users can quickly and intuitively 
compare scenarios developed on either interface 
(Fig. 1). 
Although the interfaces are complementary, key dif-

ferences exist. Because PoPS Tangible Landscape is a 
TUI, it could naturally facilitate group interaction as 
users gather around the physical landscape to negotiate 
scenarios and work together to designate treatment loca-
tions (Coors et al. 1999, Underkoffler and Ishii 1999, 
Geller 2006, Petrasova et al. 2018; Fig. 1a). Due to the 
technical complexity of multiuser web interactions, the 
PoPS Forecasting Platform is controlled by a single user, 
so groups must designate an individual to draw the pro-
posed treatments (Fig. 1b). So although the forecast is 
the same, the group interaction caused by the interfaces 
could be quite different. The flexibility of the study area 
is another key distinction. In PoPS Tangible Landscape, 
the physical landscape cannot be altered, so the study 
area is fixed. Additionally, increasing the scale of the 
study area also increases the scale of treatments, so to 
conduct realistic treatments, the study area must remain 
relatively compact (Petrasova et al. 2018). In compar-
ison, the PoPS Forecasting Platform offers more flexibil-
ity to pan and zoom around the data with no limits on 
study area size. Because of these differences in study 
extent, we modeled the widely dispersed NA1 strain 
using PoPS Forecasting Platform and the confined EU1 
outbreak using PoPS Tangible Landscape. 
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Workshop 

With the help of the Core Science Team, we organized 
our second participatory modeling workshop on 
September 10th, 2019 at the Oregon Department of For-
estry Headquarters in Salem, Oregon (Fig. 3). Our goals 
were to: (1) provide decision support for SOD managers 
in Oregon, (2) assess stakeholder perceptions of the fore-
cast and interfaces, and (3) collect suggestions to guide 
further research and development. We invited the entire 
Oregon SOD Task Force (including our collaborators 
on the Core Science Team) to capture a diversity of per-
spectives. Participants were invited from each of the 37 
Task Force organizations, starting with the main con-
tacts provided by Task Force organizers. If a participant 
could not attend, they were encouraged to recommend 
another individual to represent their organization. All 
organizations were contacted at least three times: twice 
by researchers and once by Task Force administrators. 
Research suggests that smaller groups promote partic-

ipatory interaction (Kaner et al. 2007, Blades et al. 
2016, Gaydos et al. 2019). Prior to the workshop, we 
split participants into two subgroups, A and B, using a 
stratified random sample. We categorized each organiza-
tion into the following groups: federal government, state 
and local government, tribal government, timber indus-
try, nonprofits, and academia. Within each organization 
type, participants were randomly assigned to either 
group A or B until the participant list was exhausted. 
This stratified random approach allowed us to create a 
small group dynamic while preserving the Task Force’s 
organizational diversity. 
We partitioned the full-day workshop into several dis-

tinct activities, starting with the pre-workshop question-
naire. Then researchers presented an overview of the 
forecast and interfaces and explained how the Core 
Science Team influenced development. To avoid the per-
ception of a “black box” system, participants were 
encouraged to ask questions and challenge the forecast 
assumptions during this time (Voinov et al. 2016). Stake-
holders were then split into the stratified groups, with 
Group A assessing EU1 spread at the PoPS Tangible 
Landscape station and Group B assessing NA1 spread 

at the PoPS Forecasting Platform station. Researchers 
walked participants through the functionality of the 
interfaces, demonstrated the adaptive management 
workflow, and encouraged participants to test manage-
ment scenarios. Following lunch, the groups switched 
stations to ensure that all participants used both inter-
faces. Each modeling session lasted 90 min, the upper 
limit recommended for group activities (Kaner et al. 
2007). Once all participants had used both interfaces, we 
administered the post-workshop questionnaire followed 
by a semistructured group discussion to summarize key 
insights and promote convergent thinking, a creative-
thinking activity shown to aid group decision-making 
(Cropley 2006, Kaner et al. 2007). Immediately follow-
ing the workshop, the Task Force held a meeting to 
review the current treatment plan in light of what was 
learned via the forecast. 

Questionnaires 

We administered questionnaires before and after the 
workshop, a common technique in participatory model-
ing (White et al. 2010, Blades et al. 2016, Morisette 
et al. 2017). Questionnaires were adapted from our prior 
participatory work with PoPS Tangible Landscape (Gay-
dos et al. 2019), and were a combination of open-ended 
questions, 5-point Likert-items, and yes/no questions 
(Dillman et al. 2014, Fowler 2014). 
The pre-workshop questionnaire gauged participants’ 

background knowledge of GIS and disease forecasts, as 
technological expertise may influence perceptions of the 
forecasts and interfaces (Harvey and Chrisman 1998, 
Gaydos et al. 2019). The post-workshop questionnaire 
collected participants’ perceptions of the forecast, the 
interfaces, and the workshop using three common con-
structions of preference: credibility (scientific accuracy), 
salience (usefulness), and legitimacy (respectfulness and 
mediation of different viewpoints) (Van Voorn et al. 
2016). 
Stakeholders assessed forecast credibility by rating the 

accuracy of simulation processes, assumptions, and host 
data. We focused on the host data specifically because 
stakeholders previously identified this as an area for 

FIG. 3. Workshop participants developing intervention scenarios using PoPS Tangible Landscape (a) and PoPS Forecasting 
Platform (b). 
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improvement (Gaydos et al. 2019). Salience was mea-
sured by interface usability (described in detail below), 
how the interface enabled treatment prioritization, and 
whether stakeholders could test all relevant treatment 
scenarios with the forecast. Legitimacy was assessed by 
how the interfaces facilitated discussion and collabora-
tion, the perception that treatment functionality was 
designed to meet stakeholder needs, and if the workshop 
facilitated open discussion. As the forecast and treat-
ment type (culling tanoak) were the same for both inter-
faces, questions about processes, assumptions, 
underlying host data, and treatments were asked only 
once. In contrast, questions about usability, treatment 
prioritization, and enabling discussion and collaboration 
could vary by interface and we assessed separately for 
PoPS Tangible Landscape and PoPS Forecasting Plat-
form. 
We integrated the System Usability Scale into the 

post-workshop questionnaire to assess the usability of 
both interfaces. Often described as a “quick and dirty” 
survey, the System Usability Scale provides a broad, sub-
jective measure of usability, which has proven to be a 
reliable and valid industry standard (Brooke 1996, Ban-
gor et al. 2008). It can be applied to a wide range of 
technologies and has been used to assess differences 
between interfaces, making it highly applicable to our 
case (Bangor et al. 2008). It is composed of ten 5-point 
Likert-items, alternating between positive and negative 
concepts to limit response bias (Dillman et al. 2014, 
Fowler 2014). Total scores are converted to a 0–100 
scale, with 100 being the most positive (Brooke 1996), 
which relates to a qualitative scale with categories 
including: best imaginable, excellent, good, okay, poor, 
awful, and worst imaginable (Brooke 1996, Bangor et al. 
2008). 
Additionally, we collected open-ended responses to 

better understand collaborative learning, a key aspect of 
participatory modeling, and to guide future research 
and development (Voinov et al. 2016, Jordan et al. 
2018). By asking participants to self-report what they 
learned, we gathered rich contextual information about 
stakeholders’ perceptions of the workshop. Additionally, 
to expand our forecast functionality, participants were 
asked to describe any relevant management scenarios 
that could not be tested as-is. Lastly, participants were 
asked to give broad feedback on the forecast, interfaces, 
and workshop to inform future collaborative forecasting 
workshops. All open-ended answers were inductively 
coded into emergent themes by two researchers. Catego-
rization differences were thoroughly investigated and 
discussed until both researchers reached consensus. 

RESULTS 

At the Sudden Oak Death Management Scenarios 
Workshop, 34 participants represented 24 organizations 
spanning state and local government [8], federal govern-
ment [6], nonprofits [5], timber industry [3], academia 

[1], and tribal government [1]. Three participants were 
members of the Core Science Team of the Task Force 
and had attended the first participatory workshop (Gay-
dos et al. 2019). A stratified random sample split partici-
pants into two smaller subgroups, A and B. Group A 
had 15 participants representing the federal government 
[4], state/local government [4], academia [3], timber 
industry [2], and nonprofits [2]. Importantly, the three 
members of the Core Science Team who were present at 
our first workshop were all randomly assigned to Group 
A. Group B had 17 participants representing the federal 
government [4], state/local government [6], academia [2], 
timber industry [1], nonprofits [3], and tribal govern-
ment [1]. Additionally, two participants were not 
assigned a group because they could only attend one of 
the two modeling sessions. Rather, these participants 
briefly participated in both groups to interact with both 
interfaces. 

Stakeholder preferences 

Of the 34 participants, 32 (94%) returned the pre-
workshop questionnaire and 29 (85%) returned the post-
workshop questionnaire. One post-workshop survey was 
incomplete, so comparisons of PoPS Tangible Land-
scape and PoPS Forecasting Platform had a sample size 
of 28. Responses were coded from 1 to 5, where 3 is neu-
tral and 5 is the most positive. While Groups A and B 
returned a similar number of questionnaires (Group A: 
15 pre, 14 post; Group B: 15 pre, 13 post), Group B had 
a slightly lower response rate due to a larger group size 
(Group A: 100% for pre, 93% for post; Group B: 88% 
for pre, 76% for post). Participants who missed any part 
of either the pre- or post-workshop surveys were given 
two opportunities to respond to an online version. While 
nonresponses could potentially bias our results, we find 
this response rate comparable with other similar work-
shops (Blades et al. 2016). 
We characterized participants’ familiarities with GIS 

and disease simulations, which may impact their percep-
tions of the forecast and interfaces (Harvey and Chris-
man 1998). Most stakeholders considered themselves 
familiar with GIS (average = 4.38), but only a third 
(34%) had used it for forest disease management. Partici-
pants were less familiar with disease forecasts (aver-
age = 3.34), and fewer than a third (28%) had used 
them. Only 7 of the 32 participants who completed the 
pre-workshop questionnaire had used both GIS and dis-
ease simulations, suggesting that most participants were 
new to the geospatial disease forecasts used in the work-
shop. 
Participants predominantly found the forecast credi-

ble, especially simulation processes (average = 4.20) and 
assumptions (average = 4.12), which were widely 
regarded as accurate representations of the system. 
Responses were positive, but more varied, regarding host 
data (average = 3.85), suggesting that this may still be 
an area for improvement. Notably, a handful of 
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participants (4 or 5) chose the “don’t know” option, so 
while most felt confident in the scientific accuracy of the 
forecast and data, others felt unable to comment. We 
conducted Mann-Whitney U tests to compare whether 
participants with background knowledge of GIS and 
disease forecasts rated aspects of credibility differently 
than those without this technical background. Results 
revealed no significant differences (Table 1), suggesting 
that technological expertise had little effect on how cred-
ible participants found the forecast and data. 
Studies have determined that 69.69 is an average rat-

ing on the System Usability Scale (Bangor et al. 2008). 
Here, we find that both PoPS Tangible Landscape (aver-
age = 71.34) and PoPS Forecasting Platform (aver-
age = 68.26) had average usability (Table 2). When 
converted to the qualitative scale described by Bangor 
et al. (2008), both systems were considered “good.” 
While the usability ratings were similar, PoPS Tangible 
Landscape received higher scores from 16 participants. 
Users’ interface ratings were compared via a paired Wil-
coxon signed-rank test, and we found a significant pref-
erence for PoPS Tangible Landscape (Table 2). 
However, for both interfaces, a Wilcoxon signed-rank 
test revealed that prior GIS or disease forecasting experi-
ence did not impact usability ratings (Table 1). 
Other measures of salience were also rated favorably. 

Participants found both interfaces useful for prioritizing 
treatment locations (tangible average = 4.53, web aver-
age = 4.25), although paired Wilcoxon tests found that 
participants preferred PoPS Tangible Landscape 
(Table 2). The forecast’s ability to address all relevant 
scenarios was positive but was the lowest rated aspect of 
salience (average = 4.06). A majority of participants 
(58%) did not offer suggestions for additional manage-
ment capabilities. For those that did, comments were 
inductively coded into seven themes by two researchers: 
(1) scenarios including landowner information [3], (2) 
additional treatment customizations [3], (3) other case 
studies [2], (4) additional funding scenarios [1], (5) 
extended time frames [1], (6) other SOD hosts [1], and 
(7) adding new infection locations [1] (Appendix S1: 
Table S1). We found that participants’ GIS and disease 
simulation backgrounds did not affect ratings, nor how 
likely a person was to suggest additional scenarios 
(Table 1). 
Overall, stakeholders thought the treatment function-

ality was designed to meet their needs (average = 3.79), 
but this relationship was weakly positive. However, rat-
ings of the other legitimacy metrics were strongly posi-
tive. Both interfaces were more highly rated in their 
ability to facilitate discussion (tangible average = 4.57, 
web average = 4.39) than their ability to enable collabo-
ration (tangible average = 4.45, web average = 4.14). 
Stakeholders preferred PoPS Tangible Landscape in 
both cases, but this relationship was only significant for 
the collaboration metric (Table 2). We found no effect of 
prior GIS or disease simulation experience on ratings of 
PoPS Tangible Landscape (Table 1). However, we found 

that those with GIS experience were statistically more 
likely to consider PoPS Forecasting Platform effective 
for facilitating discussion, although this relationship was 
not seen with disease simulation experience (Table 1). 
Additionally, we assessed participants’ perceptions of 

the workshop itself. Participants overwhelmingly agreed 
that the workshop encouraged open discussion of ideas 
(average = 4.44) and promoted learning (aver-
age = 4.58). Additionally, 86% of participants provided 
comments about what they learned, which were induc-
tively coded into five themes: (1) the forecasting tools 
[14], (2) the effectiveness of treatments [7], (3) the impor-
tance of collaborative learning [5], (4) the educational 
potential [3], (5) and SOD in general [3] (Appendix S1: 
Table S2). All organization types mentioned the fore-
casting tools and the effectiveness of treatments, suggest-
ing that these were the most ubiquitous takeaways. 
Ten participants (34%) suggested improvements to the 

forecast, interfaces, or workshop relating to five themes: 
(1) additional data visualizations [6], (2) structuring 
group modeling activities [5], (3) additional outcome 
metrics [3], (4) additional scenarios [3], and (5) addi-
tional treatment features [2] (Appendix S1: Table S3). 
Some comments overlapped with aforementioned sug-
gestions for additional management capacities. Several 
suggestions reflect a desire for additional case-specific 
data and treatment options. Stakeholders also offered 
suggestions on the workshop format, including shorten-
ing the forecasting sessions and incorporating more 
structured scenarios, which will inform future scenarios. 
Lastly, several participants offered compliments that 
contained no suggestions [8]. In most cases, both inter-
faces were mentioned, but PoPS Tangible Landscape [3] 
was highlighted in comments more than PoPS Forecast-
ing Platform [1]. Following the workshop, some partici-
pants inquired about using the interfaces for other case 
studies, including teaching, citizen science, and other 
pest and pathogen systems. Intriguingly, more partici-
pants expressed interest in PoPS Forecasting Platform 
[3] than PoPS Tangible Landscape [1], likely due to the 
access from a standard laptop. 

Scenario outcomes 

The interfaces enabled stakeholders to generate 13 sce-
narios of SOD management (Table 3). Interestingly, 
Group B produced more scenarios, but Group A had a 
very productive exchange of information that led to sev-
eral key suggestions about system improvement. A 
majority of the scenarios [9] focused on the aggressive 
EU1 strain, which has been of particular concern to the 
Task Force, all of which were conducted with PoPS Tan-
gible Landscape. The remaining four scenarios focused 
on the NA1 strain and were conducted using PoPS Fore-
casting Platform. Scenarios were analyzed by total costs, 
infected area in 2022, management tactics, and budget 
distribution (Table 3). Strategies were categorized into 
the following tactics described in Filipe et al. (2012) and 
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TABLE 2. Comparison of how participants perceived PoPS Tangible Landscape and PoPS Forecasting Platform. 

Stakeholder perception Rating of tangible interface Rating of web interface Paired Wilcoxon test of difference 

Salience: System Usability Scale 
Salience: prioritizing treatments 
Legitimacy: facilitating discussion 
Legitimacy: enabling collaboration 

71.34 (9.48) 
4.53 (0.51) 
4.57 (0.69) 
4.45 (0.51) 

68.26 (12.15) 
4.25 (0.59) 
4.39 (0.50) 
4.14 (0.71) 

P = 0.04* 
P = 0.02* 
P = 0.20 
P = 0.04* 

Notes: The System Usability Scale ranges from 0 to 100 with 100 being most positive. All other metrics range from 1 to 5, with 5 
being the most positive. We report average scores with standard deviation in parentheses. * denotes significant differences. 

Cunniffe et al. (2016): (1) wave front: removing infec-
tions along the spreading-front of the disease, (2) foci: 
removing densely infected areas near the disease epicen-
ter, (3) eradication: removing all or nearly all infections 
in a single year, (4) host barrier: removing a line of hosts 
ahead of the spreading-front, and (5) preemptive host 
removal: removing uninfected areas with high host den-
sity that were nonadjacent to current infections. Impor-
tantly, stakeholders often combined tactics or applied 
different tactics in different years of the simulation. 
Additionally, stakeholders examined how to distribute 
their three-year budget. Some modeling studies have 
demonstrated that front-loading a budget (spending 
most of the budget early in disease management) is a 
cost-effective way to reduce long-term disease impacts 
(Cunniffe et al. 2016, Thompson et al. 2018). Stakehold-
ers tested this front-loading strategy in four of the sce-
narios. Additionally, stakeholders evaluated some 
extreme budget scenarios, such as NA1 Scenario 4, 
which were unrealistic but provided insights into disease 
control. 

DISCUSSION 

Forecasts are effective for exploring alternative trajec-
tories of biological invasions but will have less impact on 
control strategies if inaccessible to decision-makers (Voi-
nov and Bousquet 2010). Reflecting other studies, our 
surveys show that despite familiarity with forecasting 
tools, there has been little adoption among SOD stake-
holders in Oregon (Gaydos et al. 2019). This 
knowledge-practice gap is common and limits forecasts’ 
potential to address ecological challenges (Matzek et al. 
2014, Cunniffe et al. 2015, Knight et al. 2016). We 
demonstrate how user-friendly interfaces and participa-
tory approaches can reduce this gap by enabling adap-
tive experimentation, driving future research, and 
promoting collaborative learning. 
On-the-fly collaborative exploration of intervention 

strategies would have been tedious, if not nearly impossi-
ble, with the code-based versions of the forecast. Both 
interfaces were a substantial improvement in this regard. 
Both were broadly considered credible, salient, and legit-
imate, and had “good” usability scores, reflecting a par-
ticipant’s comment that the forecast was “extremely 
useful from a planning perspective.” For most metrics, 
ratings were unaffected by prior experience with GIS 

and disease forecasts, suggesting that the interfaces suc-
cessfully reduced traditional technological barriers to 
use (Table 2). Further, the adaptive management capac-
ity, which arose from our previous participatory work-
shop (Gaydos et al. 2019, Petrasova et al. 2020), 
empowered stakeholders to generate novel intervention 
scenarios (Table 3). Although the management tactics 
themselves (e.g. wave front, host barrier) were not novel 
(Cunniffe et al. 2016, Filipe et al. 2012), stakeholders 
combined the tactics in unique ways. Most forecasting 
studies apply only one tactic per scenario, which pre-
vents the kind of adaptive experimentation that is vital 
for natural resource management (Serrouya et al. 2019). 
Here, stakeholders combined several tactics and changed 
their approaches through time, which may better reflect 
the realistic complexities of control (Walters and Holling 
1990, Kanaskie et al. 2011). These results highlight how 
interactive forecasting interfaces can open new analytical 
doors for stakeholders and researchers alike. 
Furthermore, we saw broad benefits from the collabo-

rative interactions. Participants reported that the work-
shop encouraged open discussion and learning, 
fundamental aspects of participatory modeling (Voinov 
et al. 2016, Jordan et al. 2018). Comments suggest that 
participants learned about a broad range of topics, with 
the effectiveness of treatment scenarios as one of the 
most ubiquitous takeaways (Appendix S1: Table S2). 
One participant remarked that “it made more sense that 
a wide buffer may not be a silver bullet for stopping the 
spread northeast” (Appendix S1: Table S2), a particu-
larly compelling comment because host barrier strategies 
had been proven ineffective for SOD by other forecast-
ing analyses (Cunniffe et al. 2016, Filipe et al. 2012). 
The information from these studies had not reached this 
decision-maker, highlighting a classic knowledge-
practice gap. However, through interactive forecasting, 
participants quickly discovered the effectiveness (or in 
this case, ineffectiveness) of tactics, demonstrating the 
power of experimental learning. When collaborative, 
stakeholders may also learn about each other as they 
negotiate their diverse perspectives to design scenarios 
(Jordan et al. 2018, White et al. 2018). Several partici-
pants commented that they “learned a lot about what 
stakeholders value most in containing SOD,” suggesting 
that there may be ancillary socio-political outcomes of 
the participatory process (Appendix S1: Table S2). 
These results demonstrate how user-friendly interfaces, 
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TABLE 3. Stakeholders developed 13 scenarios of SOD management in Oregon, with nine focusing on the EU1 strain and four 
focusing on the NA1 strain. 

Money spent Area infected 
Scenario name Interface Disease management tactics Budget division (US$) in 2022 (acres) 

Group A 
EU1 No Management – – – 1,282 
Scenario 
EU1 Scenario 1 Tangible 1. Eradication Evenly divided 2,801,314 66 

2. Eradication 
3. Eradication 

EU1 Scenario 2 Tangible 1. Eradication, host barrier Evenly divided 2,780,255 27 
2. Eradication, host barrier, 
preemptive host removal 
3. Eradication 

EU1 Scenario 3 Tangible 1. Wave front Evenly divided 2,117,724 596 
2. Wave front 
3. Wave front, foci 

Group B 
EU1 Scenario 4 Tangible 1. Host barrier, wave front Evenly divided 2,812,770 511 

2. Wave front 
3. Wave front, foci 

EU1 Scenario 5 Tangible 1. Eradication Evenly divided 2,736,891 160 
2. Wave front 
3. Eradication 

EU1 Scenario 6* Tangible 1. Wave front Evenly divided 1,344,419 487 
2. Wave front 
3. Wave front, host barrier 

EU1 Scenario 7 Tangible 1. Eradication Front loaded 2,384,983 34 
2. Eradication 
3. Eradication 

EU1 Scenario 8† Tangible 1. Eradication Front loaded 5,038,509 54 
2. Eradication 
3. Eradication 

EU1 Scenario 9 Tangible 1. Eradication Front loaded 4,624,446 34 
2. Eradication 
3. Eradication 

NA1 No Management – – – 6,766 
Scenario 

Group A 
NA1 Scenario 1* Web 1. Wave front Evenly divided 7,979,514 6,009 

2. Wave front 
3. Wave front 

Group B 
NA1 Scenario 2 Web 1. Host barrier, wave front Evenly divided 7,152,207 6,401 

2. Host barrier, wave front 
3. Host barrier, wave front 

NA1 Scenario 3 Web 1. Wave front Evenly divided 8,320,519 5,974 
2. Wave front 
3. Wave front 

NA1 Scenario 4† Web 1. Eradication Front loaded 520,626,142 91 
2. No management 
3. No management 

Notes: Scenarios are differentiated by money spent, area infected in 2022, tactics applied, and how budget was distributed. The 
most cost-effective and least cost-effective scenarios for each strain are designated with an * and †, respectively. 

regardless of mode of interaction, can empower stake- usability, prioritizing treatments, and enabling collabora-
holders to collectively learn about control tactics and 
others’ perspectives. 

tion. So, while both interfaces provided advantages over 
code-based versions, participants preferred PoPS Tangi-

We observed some key differences, however, in how 
stakeholders used and perceived the two interfaces. Both 
groups generated more scenarios using PoPS Tangible 
Landscape, which exceeded PoPS Forecasting Platform 

ble Landscape for collaborative forecasting. Our obser-
vations suggest that this preference was driven by the 
physical setup and the multiuser interaction. The physi-
cal setup energized the group dynamic as participants 
physically gathered around the system (Fig. 3a), echoing 
suggestions that workbench-style tangible interfaces 

in all survey comparisons (Table 1). Further, this prefer-
ence was statistically significant for three metrics: system 
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naturally promote group interaction (Coors et al. 1999, 
Underkoffler and Ishii 1999, Geller 2006, Millar et al. 
2018, Petrasova et al. 2018). Additionally, this work-
bench layout enabled several participants to access the 
interface, paving the way for the multiuser input which 
was likely the greatest collaborative advantage of PoPS 
Tangible Landscape (Figs. 1a and 3a). Essentially, stake-
holders could simultaneously construct interventions 
that facilitated teamwork and reduced the time taken to 
develop scenarios. We also found that, like other tangi-
ble systems (Underkoffler and Ishii 1999), PoPS Tangi-
ble Landscape stimulated playful interactions, with one 
participant commenting, “the Tangible Landscape really 
gets stakeholders talking and engaging in a fun and con-
structive manner.” This playful dynamic may be espe-
cially important, as studies have shown that 
stakeholders are more likely to prioritize fun or novel 
engagement activities (White et al. 2018). These factors 
combined to make PoPS Tangible Landscape a particu-
larly effective forecasting boundary object. 
However, the PoPS Forecasting Platform outper-

formed PoPS Tangible Landscape in some areas. Both 
researchers and participants observed that PoPS Fore-
casting Platform provoked in-depth dialogue, with one 
participant commenting, “I was fascinated with the Tan-
gible Landscape, but PoPS Forecasting Platform seemed 
to trigger more inclusive discussion.” As with Tangible 
Landscape, this is partly due to how the interface influ-
enced group dynamics. The single-user input necessi-
tated greater verbal communication as groups dictated 
scenarios to the individual drawing treatments (Figs. 1b, 
2b). However, we also observed how the dynamic data 
visualization fueled communication. As participants 
panned and zoomed around the flexible study extent, 
they analyzed fine-scale details of the treatments and the 
underlying GIS data. This sparked conversations about 
the patterns of disease spread, the accuracy of the under-
lying host data, the spatial configuration of treatments, 
and what other data would be relevant for decision-
making, which ultimately inspired participants’ recom-
mendations. Essentially, the web interface became a plat-
form to analyze the GIS data, which may explain why 
those with GIS experience rated it more favorably for 
facilitating discussion (Table 2). As mediating knowl-
edge transfer is a central function of boundary objects, 
this aspect of the PoPS Forecasting Platform warrants 
recognition. 
Given the strengths of both systems, we suggest devel-

oping workbench-style interfaces that support intuitive 
multiuser interactions and dynamic geospatial visualiza-
tions. Multitouch tables, like those commonly found in 
interactive museum displays, naturally fit this context 
because they are intuitive, visually dynamic, responsive 
to touch, and enable multiuser data exploration (Geller 
2006, Antle et al. 2011, Higgins et al. 2012). We are cur-
rently exploring how to customize such tables for the 
collaborative forecasting of biological invasions. How-
ever, we acknowledge that such workbench-style 

interfaces will be the most impactful when stakeholders 
are collocated and can physically convene. When this is 
not the case, forecasting tools should seek to enable dis-
tributed, virtual collaboration. With this in mind, we are 
exploring how websockets (Lombardi 2015), commonly 
used to host online chat rooms, may enable multiuser 
input for the PoPS Forecasting Platform. This virtual 
collaboration may be especially beneficial for agencies 
that coordinate pest management and research at 
national and international scales, such as the United 
States Department of Agriculture (USDA), Animal and 
Plant Health Inspection Service (APHIS), and the Uni-
ted States Forest Service (USFS). We will continue to 
work alongside such partners as we expand our mul-
tiuser web capabilities. Additionally, Web3D is becoming 
a vital tool in distributed science and we are exploring 
how 3D visualizations could enhance the web platform’s 
interactivity and increasing its similarity to PoPS Tangi-
ble Landscape (Zhang et al. 2007). By linking dynamic 
data visualization with multiuser interactions, both the 
multitouch tables and collaborative web portal are 
promising alternatives for increasing the collaborative 
capacity of biological forecasts. 
Notably, we have seen continued interest in the fore-

cast and interfaces following the workshop. Four partici-
pants inquired about using PoPS Tangible Landscape 
and PoPS Forecasting Platform in other applications, 
including teaching, citizen science, and forecasting other 
socio-ecological systems. Additionally, the Oregon SOD 
Task Force has been mobilizing to expand their manage-
ment capacity in response to what was learned at the 
workshop (Sarah Navarro, personal communication). 
Although continued engagement with these stakeholders 
will be necessary to fully incorporate such forecasting 
tools into the decision-making process, we consider these 
positive indications that stakeholders saw direct value in 
forecasting “what if” management scenarios. By docu-
menting our process and sharing our data and code, we 
provide a path for other researchers to build upon these 
forecasting systems or to develop interactive forecasting 
systems of their own. Our work demonstrates how inter-
active forecasting systems can enable analytical scenario 
experimentation by diverse users, thereby empowering 
stakeholders to collaboratively develop novel and adap-
tive solutions to biological invasions. 
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