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Abstract

BACKGROUND: Integrated pest management (IPM) decision-making has become more information intensive in Washington
State tree crops in response to changes in pesticide availability, the development of new control tactics (such as mating
disruption) and the development of new information on pest and natural enemy biology. The time-sensitive nature of the
information means that growers must have constant access to a single source of verified information to guide management
decisions.

RESULTS: The authors developed a decision support system for Washington tree fruit growers that integrates environmental
data [140 Washington State University (WSU) stations plus weather forecasts from NOAA], model predictions (ten insects, four
diseases and a horticultural model), management recommendations triggered by model status and a pesticide database that
provides information on non-target impacts on other pests and natural enemies. A user survey in 2008 found that the user
base was providing recommendations for most of the orchards and acreage in the state, and that users estimated the value at
$16 million per year.

CONCLUSIONS: The design of the system facilitates education on a range of time-sensitive topics and will make it possible easily
to incorporate other models, new management recommendations or information from new sensors as they are developed.
c© 2010 Society of Chemical Industry
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1 INTRODUCTION
Integrated pest management (IPM) programs can be thought
of as a method of pest control that substitutes information-
based complexity to reduce damage in place of simple control
tactics that are applied on a repetitive basis regardless of pest
pressure or timing. Under IPM, the cost savings from eliminating
repetitive spraying and undesired environmental and worker
safety problems frequently offset the cost of obtaining the
information needed to guide the pest management program.
However, the biggest impediment to implementing sound IPM
programs is the breadth of information required and the fact that
the information is generally highly time sensitive. To be successful,
managers must be able to obtain information from a wide range
of sources quickly and efficiently, integrate this with management
actions for the full range of pest problems on the crop, as well as
deal with the normal (non-pest-related) problems of growing and
producing a marketable commodity.1

In the tree fruit industry in Washington State there has been a
marked increase in the complexity of the IPM programs in the past
10–15 years.2 Reasons for this include: (1) legislatively mandated
or influenced changes in pesticide availability; (2) development
of new control tactics such as mating disruption; (3) increased
knowledge of the biology of pests, diseases and their natural
enemies; (4) introduction of or increase in new or previously minor

pests and diseases. Concurrent with these factors, there has been
a relatively long-term reduction in extension funding and an
inability to provide anything more than basic outreach programs.

The best-known legislative mandate is the 1996 Food Quality
Protection Act (FQPA), which has eliminated or restricted the
use of several formerly available and critical pesticides for tree
fruit pests and diseases.3,4 However, at the same time, the FQPA
indirectly stimulated the registration of new pesticides to replace
those being lost. These new pesticides typically have lower efficacy
and reduced residual activity compared with older pesticides that
have been outlawed or severely restricted. In addition, they may
have a different way in which the target pest acquires the toxic
dose (e.g. ingestion versus contact) and a different spectrum
of activity on non-target pests and beneficial natural enemies.2

The new insecticides may have good activity against the pest,
but changes in efficacy, residual activity, mode of acquisition
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and non-target effects mean that errors in timing or incorrect
choice of product can result in poor control or instability in the
management programs. Fortunately, the drawbacks of the new
pesticides are offset to some degree by increased knowledge of
pest and natural enemy biology. This new information makes it
possible to schedule scouting and control activities better, so that
new pest management programs can be optimized.

To facilitate solutions to the problems mentioned above,
the authors have for the past 4 years been developing and
improving an IPM decision support system for Washington tree
fruit growers and IPM practitioners.5 – 7 This paper will focus on the
historic background behind decision support systems, the design,
structure and implementation of the Washington system and the
changes in knowledge transfer engendered by the system. Finally,
user survey data will be presented that evaluate the system and
provide clues as to the directions that need to be taken in the
future.

1.1 Historic background on decision support systems
Modeling systems to help extension began to appear in
the mid-1970s, using mainframe computers. Michigan State
University was a leader in several systems including PMEX (Pest
Management Executive System),8 the PETE (Predictive Extension
Timing Estimator) program9 and finally BIOSCHED (Pest Biological
Scheduling System).10 PETE is probably the best-known system
and was initially a mainframe FORTRAN program that evolved
over time to mini- and finally desktop computers. Decision
support systems in agriculture began appearing in the late 1980s
and early 1990s, when desktop computers became more readily
available and affordable. These programs culminated in ‘expert
systems’ that attempted to distil expert opinions into a series
of ‘rules’ or a decision tree that allowed users to input their
data (e.g. weather data, trap counts, sprays applied and timings)
and determine the best management program. For tree fruit,
perhaps the most notable system was Penn State University’s
Apple Orchard Consultant (PSAOC).11 – 13

It appears that most expert systems, including PSAOC, were
discontinued partly because of three problems: (1) the time
required to input data and to retrieve useful information back
from the system; (2) the difficulty in supporting maintenance such
as updates in tactics and changing recommendations; (3) lack
of infrastructure needed for constant updating of the products
being offered.1 However, it is important to recognize that technical
and cultural aspects made the desktop-computer-based system
difficult to implement at the time that PSAOC was being developed.
For example, in the early 1990s, computer-savvy IPM consultants
were rare. The user base was therefore small, program updates had
to be copied onto floppy disks and mailed and weather data often
needed to be entered by hand.1 The latter part was even more
problematical for disease predictions, which are typically driven
by more independent variables (e.g. relative humidity, rainfall)
than insect phenology models. While truly a revolutionary piece
of work, the timing, the mode of delivery, the time commitment
needed from users and the complexity of the program required
extensive training that was ultimately unsustainable.1 Many of
the problems associated with expert systems in the early 1990s
have been greatly reduced by the more widespread availability
of personal computers. The Internet and web-based programs
remove many of the other limitations.

One of the longest-running decision support systems in tree
fruits is a program called SOPRA. This program has been used
in Switzerland and southern Germany to forecast development

of multiple pests in apple orchards for the last 8 years.14 – 17 This
program is a Windows-based application that now has a web-
based interface (www.sopra.info). SOPRA predicts development
of eight different pests using extensive biophysical modeling
based on solar radiation, air temperature and soil temperature
(as appropriate to each pest). The system went online in 2007 for
six of the most important tree fruit pests, and two more models
were added in 2008. In addition to the phenology information, a
decision support system is integrated into the output to help users
decide on proper management techniques. The success of SOPRA
is indicative of the critical role that decision support systems can
play in IPM implementation.

2 EVOLUTION OF THE WASHINGTON STATE
UNIVERSITY (WSU) DECISION AID SYSTEM
(DAS)
In Washington State, the WSU-PAWS (Public Access Weather
System) was the first attempt to provide users with direct access
to models in the early 1990s.18 The system had the codling moth,
western cherry fruit fly, apple scab and fireblight models online,
with a simple tabular output in the format of date, degree-days,
percentage emergence or percentage egg hatch and (in the case of
diseases) infection risk. However, no attempt was made to interpret
the models from a pest management context. The next step was
the development of pesticide spray recommendations based on
the WSU pesticide recommendations,19 which were implemented
as a thinkDB database program for Palm PDAs and a Microsoft
Access and Filemaker Pro version of the same files.20 In 2005, Jones
and Brunner21 developed a Microsoft Excel-based spreadsheet
(called ‘phenosheets’) with custom-written Visual Basic routines
that provided users with management recommendations and
phenology information for five different locations and five different
insect pests after users entered their weather data. This program
was partially the result of understanding that the complexity of the
IPM programs demanded a dynamic representation of the various
actions required for good IPM. Experience with the phenosheet
program and user response convinced the authors that there was
a need for a more expansive program that automated several of
the aspects of the system and included pesticide recommendation
databases similar to those implemented on PDAs by Jones and
Grove.20 The new system is known as the WSU decision aid system
(DAS; das.wsu.edu).

A key factor that made the DAS possible occurred in 2005–2006,
when the Washington State legislature provided funding that
supported the development and expansion of WSU-PAWS from
56 stations into AgWeatherNet (AWN, weather.wsu.edu) with
132 stations and a budget to sustain long-term maintenance
of the system. This investment made it clear that AWN weather
data would be the main raw data source for the system, and it
broadened the scope of the decision support system. AWN is a
near-real-time environmental data acquisition system where data
from each station are transmitted back to a central server primarily
using wireless cell modems. These data are stored in a central
mySQL database and dispensed in various forms by AWN. The DAS
has direct access to all the data, including historic environmental
data for some stations back to the early 1990s. The relationship
between AWN and the DAS is symbiotic; AWN is the underlying
infrastructure for the DAS, while the DAS adds significant value to
raw weather data.

In 2005, models and management information from the
phenosheets were transferred into a web-based program that
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would access a limited subset of automated environmental
monitoring stations from WSU-AWN.7 In 2006, access was
expanded to all AWN stations, and the system was opened to
a small beta user group. The system was opened to general use in
2007.5

2.1 Structure of the WSU decision aid system
The goal of the DAS is to provide a clear framework for pest
management programs that will help pest managers obtain
information needed to optimize management decisions in a timely
fashion. At its heart, the DAS is a mySQL database application that
imports weather data, uses the data to drive insect and disease
models and then integrates that information with physiological
time-based pest status and management messages. For example,
between 101 and 160 degree-days, the message for a given model
may indicate what percentage of the population is in a particular
stage and give an indication that adult flight may start by a
certain time. The model subroutine then fills in the percentage in
that stage, based on the current degree-day accumulation. The
management recommendations for that timeframe may provide
information on timing of sampling, pesticide applications, times
to restrict pesticide application to preserve natural enemies or
risks associated with a delay of management tactics. Because
it is a simple database table, it was possible to add organic
recommendations in another database field; users can switch back
and forth between organic and conventional recommendations
from any screen. These warnings are relatively easy to change, and
they provide far more information than the typical model output
found in older systems such as WSU-PAWS. The current design
separates the interface from the model subroutines, so that the
interface can be changed without having to be concerned that
the models might be inadvertently changed when the HTML code
that draws the actual screen image is rewritten. This sort of design
simplifies the maintenance of the program and opens the door to
easy change of the language by simply translating the database
tables; this design is enabling a Spanish version to be put online
this coming year with only minor changes to the overall system.

Integral to the entire process is a beta user group (currently 14
users) who assist in troubleshooting problems, suggesting new
features, and who work with a particular part of the system for an
entire season before it is released to the public. The beta test group
is composed of growers, fieldmen or consultants from several of
the major tree-fruit-growing regions in the state. The beta group
has dramatically improved the quality and adoption of the system;
they catch problems early, so that the general release is relatively
error free, and they serve as enthusiastic supporters among their
peers.

As mentioned above, the DAS is only as good as the underlying
environmental data, which are currently available from two
possible sources. The most common source is AWN, but a second
source is user-entered data from user-maintained environmental
monitoring stations. These data are typically more restricted (either
by sensors or time interval recordings), and quality control of the
data is entirely the responsibility of the user. The disease models
are not active when user-entered data are used because of the
complexity of the environmental data (multiple sensors, each with
their own calibration issues) required for most disease models.
Recording intervals are also issues with the disease models that
may negatively impact upon model reliability. The authors have
devised a simple interface for allowing users to cut-and-paste data
from spreadsheets or text files, or directly to import weather data
from text files.

A key feature of the DAS is the ability to project pest and disease
conditions into the near future (1–10 days) to provide time for
managers to plan and implement management tactics. To this end,
xml feeds from NOAA are used to obtain site-specific (5 × 5 km
grids) weather forecasts that make it possible to project pest and
disease conditions into the near future.22 Although longer-term
forecasts of pest phenology would be possible using historical
weather data, this feature has not yet been implemented, in
part because AWN has added a large number of stations at new
monitoring sites within the past year, so that historical weather
data are not available. The NOAA weather data also provide
the raw forecasting data that will eventually make it possible to
provide comprehensive weather forecasts (including wind speed,
probability and amount of precipitation, weather radar, etc.) as
needed to help interpret and plan management activities.

In terms of models, the DAS currently has ten insect models, four
diseases and a model for storage scald of apple (Table 1). Several
new models are also being worked upon, which it is hoped will be
implemented within 2 years. All models in Table 1 have been either
developed in Washington or validated using Washington data. In
terms of output, users have graphical output of pest phenology,
as well as a short text message indicating pest population trends,
such as timing for emergence, percentage of the population
in different stages or whether populations are increasing or
decreasing (Fig. 1). If the management recommendations indicate
that a control tactic is needed, the user can access the pesticide
recommendation database built into the DAS. This database
automatically displays (in a new window) the materials that would
be appropriate for the pest and time of year. Users can further
filter the materials on the basis of the type of program (no-OP,
conventional and organic) or by pest pressure. The window also
details other pests controlled by a particular material and the
effects on natural enemies. The pesticide database is based on
WSU Extension Bulletin EB-0419 ‘Crop protection guide for tree
fruits in Washington’,19 which is currently moving to an online
pesticide database (jenny.tfrec.wsu.edu/eb0419/).

To use the system, each user must register and set up a profile
that specifies which models to run for which environmental data
stations. A Google Maps station locator (google.com) has been
implemented, which allows the users to specify a location by
city, zip code, address or latitude/longitude pairs. The station
locator allows the users to pinpoint their orchard location and
then determine the difference in distance and elevation from
each station. The station markers are also color coded, so that
the user can tell which stations they have set up, and the type of
station (user defined or AWN). The Google Maps interface greatly
simplifies the location of stations, which in AWN are often named
rather randomly (e.g. Fishook, K2H, BMF, Station 2, Station 4). When
users have selected the appropriate station, they simply choose
which crops and models they wish to use, and whether that
station by default displays conventional or organic management
recommendations. Once the user profile is complete, the users
merely log on with their username and password and receive (on
the next page) model output and recommendations for all the
sites and models. Users can sort the output by model (e.g. codling
moth at each site) or by site (e.g. all models for site 1), or can set up
groups of stations that they want to access at the same time (e.g.
all the sites they would typically visit on the same day of the week).
The Google Maps interface also simplifies the configuration of
user-defined weather stations and provides location information
needed to access the NOAA site-specific weather forecasts used
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Table 1. Models available on the WSU-DAS and the source of models

Common name Species Source of model

Insects
Apple maggot Rhagoletis pomonella Walsh Jones et al.28,29

Campylomma bug Campylomma verbasci (Meyer) Reding30

Codling moth Cydia pomonella (L.) Riedl et al.,31 Welch et al.,9 Jones et al.32

Lacanobia fruit worm Lacanobia subjuncta (Grote & Robinson) Doerr et al.33

Pandemis leafroller Pandemis pyrusana Kearfott Jones et al.34

Peach twig borer Anarsia lineatella Zeller Brunner and Rice35

Obliquebanded leafroller Choristoneura rosaceana (Harris) Jones et al.34

Oriental fruit moth Grapholita molesta (Busck) Croft et al.36 Degree-day calculation only for
quarantine requirements

San Jose scale Quadraspidiotus perniciosus (Comstock) Jorgensen et al.37

Western cherry fruit fly Rhagoletis indifferens Curran Jones et al.38

Diseases

Apple scab Venturia inaequalis (Cooke) Mills and LaPlante,39 MacHardy and Gadoury,40

MacHardy41

Cherry powdery mildew Podosphaera oxyacanthae (Wallr.: Fr.) Lev Grove et al.42 – 46

Fireblight Erwinia amylovora (Burrill) Smith47

Shot hole of stone fruits Wilsonomyces carpophilus (Lev.) Adaskaveg, Ogawa &
Butler

Grove48

Horticultural model

Apple storage scald Fidler,49 Merritt et al.50

for projecting pest and management recommendations into the
near future.

For customer support, the authors are implementing short
(<2 min) narrated video screen capture tutorials for various tasks
(e.g. setting up a profile, setting up a user-defined weather station),
and they already have a frequently asked questions database that
is maintained to help users with problems. An email account is
also provided that is checked regularly to deal with user problems.

3 IMPLEMENTATION ISSUES
The biggest technical problems to date have been related to
different web browsers. Most of the open source browsers have few
problems, but Microsoft Internet Explorer 7.0 and 8.0 implement
HTML differently from the industry standard, which results in
significant alterations in appearance and functionality. The authors
therefore routinely test web pages against ten Macintosh and
Windows browser combinations to ensure compatibility and
similar functionality. Along with the display irregularities, Explorer
7 and 8 also have several settings that need to be changed to ensure
compatibility with the DAS. In order to remedy or circumvent the
settings issue, it has been necessary to implement routines that
prompts clients to change their browser settings as needed.

Another problem that surfaced in the implementation of WSU-
DAS was that, while predictions for insect phenology are done on
a degree-day (physiological time) basis, consultants and managers
tend to think in terms of calendar time. This difference necessitated
several changes in the output to accommodate the users. First, all
graphs have a drop-down menu that provides users with a choice
of graphical output based on degree-days or calendar days. For
most graphs, views of either the cumulative percentages that have
passed through a stage (e.g. cumulative % adult emergence) or
the relative number of the different stages present are provided.
In addition, whenever a predicted event is forthcoming, the time

of predicted occurrence according to the models is provided on a
degree-day basis, and this is then converted into days using the
projected weather forecast. The graph options are currently being
expanded and color-coded to allow users quickly to see patterns
(e.g. green means that treatments will not disrupt natural enemies)
that will simplify interpretation of management timing.

Perhaps the challenge to full-scale adoption of the DAS is not
technical but educationally/culturally based. Regardless of the
interface, there still appears to be a significant fraction of users
who are intimidated by a computer or who are afraid that they
are going to break things unintentionally. Some of this will be
overcome by familiarity over time, but it will probably require
significant educational efforts to engage this user group. While
some efforts will be web based (screen capture videos as described
above), it is likely that one-on-one or small class interactions will
be necessary for certain groups and/or users of computers who are
afraid to change user settings for fear of either breaking something
or opening their computer to virus invasion.

3.1 Advantages of web-based systems
The web-based decision support systems have many advantages
over the desktop-based expert systems of the early 1990s. First,
household computer usage increased from 22.8% in 1993 to 61.8%
in 2003 (the last year for which census data are available).23 In
addition, broadband Internet access is becoming more common,
and wireless Internet access via cell technology allows access for
users in remote areas. Increasingly common smartphones also
provide Internet access without the expense or weight of a laptop;
users can either directly access the website or have predictions
emailed to their phone.

Another factor favoring web-based systems is the ability to
access and integrate data from widely separated locations in a
manner transparent to the user. For example, the DAS routinely
accesses the AWN weather server at WSU in Pullman, the NOAA
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Figure 1. Screen capture of WSU-DAS, showing the output for the obliquebanded leafroller and the various options. The graph is color coded so that
users can see at a glance the stage of the populations and whether treatments would be a reasonable management option at this time. If the bar is
mostly green, larvae are small and would have caused minimal damage, and pesticides would be appropriate; if the bar is mostly red, damage has already
occurred and a treatment would disrupt natural enemies; if the bar is mostly orange, they would be in the pupal stage and not affected by pesticide
treatment.

server, databases housed at WSU Tree Fruit Research Center in
Wenatchee, WA, and web pages for diseases at the WSU Irrigated
Agriculture Research and Extension Center in Prosser, WA. The
web-based program allows a modular design; there is no need to
worry about how to integrate the interface with AWN or NOAA, or
to worry extensively about a monolithic program, which has many
competing design constraints. Instead, it is merely necessary to
know how to access the data and focus on how to design the
functions and interface elements required to satisfy user needs.

A major advantage of web-based systems is that the automation
of the various complex tasks frees outreach personnel from
answering routine questions on things that can be easily predicted
and displayed. From the research perspective, the information can
be presented dynamically to give the user a clearer understanding
of complex phenomena than would be possible using printed
matter alone. In addition, web-based systems provide users with

continuous access to predictions and recommendations without
having to filter the information through various levels of the
extension hierarchy that may introduce errors in the intended
meaning or be subject to the availability of the extension
personnel.

Perhaps the greatest advantage of web-based systems over
desktop-based software programs is that changes in the decision
support system at the server are instantly propagated to all users
at the next login, so errors can be quickly corrected without having
to send out notices that users need to update their system. The
current DAS system is a ‘pull’ system, where the user requests
data each time. However, there is the capability of easily adding a
‘push’ system, where user-requested information can be directly
emailed to users depending on their stated preferences. Proper
implementation of the push system will probably require some
of the messages to be rewritten to fit the display limitations of
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smartphones. However, up to 20% of users have already accessed
the current DAS unmodified on their smartphones.

Finally, because the system requires login and passwords, it
is possible to require all users to take part in a simple survey
designed to determine problem areas, desired features and which
demographics are needed to help access the system. In addition,
because all the user data are stored on the authors’ server, it
is possible to determine the relative importance of the different
models, stations and frequency of access – all factors that will help
to improve the service to clients.

4 ESTIMATION OF USER BASE AND USER
SURVEY RESULTS
The user base for the DAS was initially determined by simply
counting the number of registered users in the database. By this
measure, to begin with there were only the original 13 beta users
in April 2007, by the end of the year there were 510 registered
users and by fall of 2008 there were 1199 users. However, a close
review of the database showed that there were 121 duplicate
accounts, and 62 affiliated with WSU, for a total of 1016 unique
non-WSU users. The database also tracks how many times a user
logged on, and 527 users never logged on after registering, 151
logged on once, 76 logged on twice and 51 logged on 3 times.
To improve the estimate of the user base, it was considered that
a user would have had to log on a minimum of 10 times, which
gave an estimate of 259 users, which was very close to the value
(247) obtained from the mandatory survey (see below) that was
conducted in 2008. The numbers of people that registered but
never used the system are a question mark suggesting that they
had trouble setting up a profile, that they obtained the data in
another fashion (e.g. someone else downloading it for them) or
that they were unsure when registering what services they could
expect from DAS.

In 2008, all users were required to complete a web-based survey
before they could access the model predictions (each user did
the survey only once). The survey consisted of two parts: the
first part of the survey was focused on user demographics, and
all users were required to take it when they initially logged in.
The second part of the survey was focused on use patterns and
the value of the system to their operation, and was implemented
only after the users had been registered more than 3 months.
Unfortunately, an error in the second part of the survey required
that part of the survey to be shut down after a short period
because some users were prevented from accessing WSU-DAS.
A total of 247 users completed the first section, and 127 the
second section. Full access to all the information can be found at
entomology.tfrec.wsu.edu/VPJ Lab/DAS; only the key parts of the
survey are discussed below.

Initially, the authors were concerned that there would be
fewer older users because of potential problems with computer
familiarity. However, the user age profiles showed increasing use
with age, to the point where 47.7% of the users were 50+ years
of age (Fig. 2). Perhaps even more surprising was that 66.7% of
the users had BSci degrees or better, which is more than twice the
state (30.3%) or national averages (27.5%)24 (Fig. 3). An additional
13.2% indicated that they had Associate or technical degrees, and
13.4% indicated that they had some college. The user base was
predominately male (87.8%).

The users generally considered themselves ‘average’ computer
users (78.5%), with roughly equal numbers considering themselves
‘expert’ (10.9%) or ‘novice’ users (10.5%). Most users used both a

Figure 2. Age class distribution of WSU-DAS users in summer 2008.

Figure 3. Educational background of WSU-DAS users in summer 2008.
HS/GED = high school diploma or passed the general education
development test (high school diploma equivalent).

laptop and a desktop computer to access the DAS, with about 20%
also using a smartphone to access the system in conjunction with
either a laptop or desktop machine. In terms of ease of registering
for the first time, 96% thought it was easy to neutral (on a five-point
scale, with easy being 1, neutral being 3 and hard being 5), with
97% indicating that setting up a profile was easy to neutral.

The largest number of users found out about the DAS at industry
meetings (55%) or from a friend/employer/supervisor or colleague
(25.6%). Search engines were responsible for about 9% of the users
finding the system, but articles in grower magazines were only
responsible for about 5% of the total users.

Perhaps the most surprising numbers out of the survey related
to the market penetration that was achieved in just 2 years. The
users indicated that they provided pest control decisions on 2888
orchards and 250 094 acres, where the industry size estimates
are ≈3000 orchards and 215 427 bearing acres.25 The market
penetration estimates are high because it was not possible to
control for multiple people who might give recommendations on
a single orchard. Nevertheless, it is clear that a large portion of the
industry is using the system to help guide IPM decisions.

The cropping systems represented by models on the DAS are
apple, cherry, pear and stone fruits such as peaches and nectarines.
As apple is the largest commodity in the state, with the most
models, 98.4% of the users grew apples, 80.3% grew cherries,
58.3% grew pear and 34.6% grew stone fruits (peach, nectarine,
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Figure 4. Model usage by WSU-DAS users in summer 2008. AM = apple
maggot, AS = apple scab, CM = codling moth, FB = fireblight, Lac =
Lacanobia fruit worm, OBLR = obliquebanded leafroller, PLR = Pandemis
leafroller, PTB = peach twig borer, SJS = San Jose scale, SS = apple storage
scald, WCFF = western cherry fruit fly.

apricot, prune). Model popularity did not exactly follow the same
trends, with the codling moth being the most widely used model
(96.8%), fireblight being the next most used (78.7%) and Western
cherry fruit fly being the third most used (75.6%) (Fig. 4). The
popularity of the Pandemis leafroller model compared with the
obliquebanded leafroller model points to a potential problem
in recognition between the different species, as obliquebanded
leafroller has been displacing Pandemis leafroller in much of the
fruit-producing areas in Washington State.

Two different approaches were taken to evaluate the value of
the DAS. The first was simply to ask users how much the system
had affected user practices and the different ways it helped
the user, while the second was to ask directly the value of the
system on a per acre basis and how it should be supported
financially. In terms of how much the DAS changed management
strategies, 57.5% indicated that the system changed management
‘somewhat’ and 19.7% indicated a very large impact, 20.5% felt
the changes were ‘not much’, while only 2.4% indicated ‘not at all’
(Fig. 5). Taken together, the top two categories showed that the
DAS had a significant effect on 77.2% of the users. The main way
the DAS affected management programs was in altering timing
of management tactics (79.5%), clarifying scheduling (65.3%) and
helping with multiple pest species (38.6%), with other categories
receiving less than 25% of the votes (Fig. 6).

The estimated monetary value of the DAS on a per acre basis
was highly variable and many of the users did not fill in values
or put in wildly unrealistic values (e.g. $1500 acre−1). The data
were evaluated in two ways to estimate the value: (1) the wildly
unrealistic values ($0, or >$300 acre−1) were eliminated, and
(2) all the data were used. In both cases the mean values per
acre were similar: in condition 1 the estimate was $75.77 acre−1

(SD = 66.8, N = 53), and in condition 2 it was $73.75 acre−1

(SD = 177.9, N = 87). These two estimates suggest that the
215 427 bearing acres in Washington State give the DAS a value of
$15.8–16.3 million.

In terms of who should financially support the DAS after
the development grants have expired, 53.2% indicated WSU-
Extension, 32.5% felt the industry as a whole should support it and
14.3% felt user fees should be used. The survey also asked what
sort of fees the users felt would be appropriate, with fairly broad

Figure 5. User response to the question as to how much WSU-DAS had
changed their management strategies.

Figure 6. User response to the question as to the different ways in which
WSU-DAS had helped improve user IPM programs.

ranges of values supplied. If fees were required, 80.9% felt that
$50–100 (per user per year) would be appropriate, 13.5% went for
$100–200, 2.4% for $200–300 and 3.2% for $300+.

5 DISCUSSION
Affecting change in pest and disease management programs is
complicated by the need to integrate changes into the current
management system in a simple and logical fashion. The problems
are greatly magnified when multiple new tactics are involved, the
pest complex is large and the information is time sensitive. The
current transition from OP materials to non-OP insecticides in tree
fruit and the wide range of new insecticides with different modes
of action, different effects on natural enemies and potentially
different application timings are exceedingly complex. The DAS is
greatly simplifying this transition because it clearly outlines and
displays differences in timing, allows the user to see the effects
of pesticides on different natural enemies (when they are known)
and helps preserve natural enemies when their phenology is
known. The educational component of the DAS will be expanded
considerably in 2009 because changes in the system design
make it possible to highlight seasonally appropriate problems
and to provide active learning on a range of topics without being
obtrusive.

Another key point is that some of the pesticide recommen-
dations can be simplified because, even though it is legal for
a given pesticide to be used during a particular time, it might
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not be the best choice for efficacy. For example, the efficacy of
Bacillus thuringensis (Bt) for leafroller control in the spring can be
reduced unless temperatures are above 65 ◦F and dry weather
is forecast.26 Because the weather forecast is routinely used to
provide predicted population status and management in the DAS,
a simple ‘grid view’ has been developed that allows the users to
see the forecast for the 10 days to help them decide if Bt is a good
management choice.

Overall, while the DAS is a major educational supplement
for management programs, for it to be most useful, the overall
educational system for users needs to change. The DAS effortlessly
integrates so many different factors into the management
recommendations that educational efforts focused on timing
and pesticide choice are counterproductive. Instead, users need a
background that clarifies limitations and assumptions on which the
DAS and the IPM programs in general are based, the logic behind
the overall management program and specific management issues
that the DAS does not cover. As the DAS becomes more complex
in the future and begins to integrate new sensors and models, it is
critical that the educational system address these changes so that
users are better able to implement IPM programs.

The user survey provided an important snapshot of the client
base and their views on the decision support system. First, their
high educational background compared with farm workers in
general (66.7% with a Bachelor’s degree or better versus 5%
with education past high school27) suggests that pest control is
one of the more difficult tasks that managers have, and help is
needed to cope with the complexity. Secondly, the way users
discovered the system was primarily through meetings and word
of mouth; articles and Internet search engines were of relatively
minor importance, which suggests that a redistribution of effort
may be warranted. Third, users felt that the system was easy to
use and a great way to get a large amount of information with
a minimal time investment. Fourth, the recommendations had a
relatively large impact on growers and helped them clarify timing
and scheduling of the key pest management decisions. Ultimately,
the user survey makes it possible to focus some educational and
design efforts on areas that might otherwise have been ignored
or missed.

The discrepancy between the perceived value of the DAS and
the price users were willing to pay was noteworthy. A close review
of written comments also showed that some of the questions
were not precise enough. For example, many users felt that
the legislatively mandated pesticide changes were costing them
money, and that the increased efficiency provided by the DAS
was simply offsetting their losses, but they did not consider that
in their estimate of the value of the system. The reaction against
legislatively mandated pesticide changes was probably a factor
in the user survey where the majority of respondents (85.7%)
wanted either WSU-Extension or the industry to pay for system
maintenance and upgrades. If a user fee is eventually required,
and the user base remains at roughly 260 users, fees of nearly
$600 would be needed reasonably to support a programmer,
required upgrades and a manager/educator to oversee the system
and provide the constant educational component needed for
continued use and increased adoption. For this level of support
to be feasible, it is likely that other models and options (e.g.
models for predicting sunburn of apples, thinning models) would
need to be added before users would pay that price. However,
even at $600 per year, in terms of the number of pests, pest
status, management options, predictions using weather forecasts
and pesticide recommendation database, the DAS still provides

considerably more value than commercially available decision
support solutions.

The number of users recorded using the survey and querying
the database is probably best thought of as an absolute lower
estimate of the user base. First, an important point is that the DAS
has only been out for 2 years, and the user base will probably
continue to grow, albeit more slowly than it did in the first 2 years.
Second, although both methods agreed that the number was
around 260 users, a different set of queries shows that there are
some users who were accessing all the models for 15–25 stations.
These ‘super users’ are for the most part office employees for large
organizations that log on, copy the model output, print it out
and then distribute it to the various people responsible for IPM
in their company. The authors have confirmation of this practice
from several of the large commercial pest control companies. In
addition, several private consultants have said that they regularly
receive calls from colleagues in the industry to ask for the latest
projections for various pests, rather than logging in themselves.
This means that the actual number of people relying on the
DAS is much greater than can be directly estimated from either
the survey or from database queries alone. The importance of
this will be magnified if user fees have to be adopted, because
actual paying users will have to be charged more to offset the
revenue lost by users passing out the information to non-paying
individuals. Different mechanisms to fund the long-term viability
of DAS are currently being investigated, because it is clear that
research grants cannot continue to fund the program. Extension
is unwilling to fund its operation, in spite of the impact on the tree
fruit industry and the reduction in workload for its specialists and
county agents.

Finally, the trends of increasing complexity of tree fruit IPM
programs and decreased faculty, staff and funding for outreach
efforts will require a major change in how information flows
between researchers and consumers of that research. Decision
support systems can act as a counter to the above trends, but,
to be successful, they will still require involvement of outreach
faculty and industry personnel to ensure that the systems evolve
over time to meet user needs. Extension should also reconsider its
support for decision support systems, because they offer a cost-
effective way of reaching a large proportion of users at a relatively
low cost and at the same time relieve overburdened extension
personnel from doing mind-numbingly repetitive tasks.
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