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1  | INTRODUC TION

A pest is an organism that conflicts with human welfare, because it may affect crops, stored products, animals, or 
people (Rafikov & Balthazar, 2005). It is important to highlight that an organism is considered a pest only when its 
abundance reaches a level that seriously affects human welfare (Herzfeld & Sargent, 2017). Such pest outbreaks 
can threaten local flora and fauna (Tepley, Juan Paritis, & Veblen, 2012), and especially some agricultural pests can 
cause damages with significant economic impact for producers and the food supply chain, possibly threatening 
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Abstract
In this article, we explore the potential of combining favora-
bility modeling with collaborative geo-visual analysis to de-
termine when and where to apply countermeasures for the 
olive fruit fly. The favorability function estimates locations 
and times at which the conditions favor a species exceed-
ing acceptable abundance levels, thus becoming a pest. We 
built two models based on monitoring data for the olive fruit 
fly in Andalusia, Spain. The models were used in a geo-visual 
analytics prototype to produce map series for the seasons 
2012 to 2018, and to explore the models’ outputs collabo-
ratively with stakeholders. Results showed that the models 
capture known species’ dynamics, but tend to overpredict 
favorable conditions for pest development. Discussions 
with stakeholders indicate that the prototype facilitates the 
communication and discussion of modeling results between 
researchers, authorities, and field technicians, which also 
enables a better understanding of the pest dynamics, and 
the planning and execution of control activities.
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food security (FAO, 2005). Additionally, some pests threaten human health as well when they serve as infection 
vectors for diseases (Williams, Straw, Townsend, Wilkinson, & Mullins, 2013). Despite such negative effects, these 
species are part of a natural ecosystem, therefore proper pest management is needed to minimize their negative 
effects without disrupting that natural ecosystem (Gilioli, Pasquali, & Marchesini, 2016).

Pest management includes three stages. First, the monitoring stage, in which the species’ presence or abun-
dance is measured at several locations with a set temporal frequency. This aims to represent the pest population 
dynamics in the area of interest. Second, the control stage, in which countermeasures are taken to keep the species 
within acceptable geographic areas or abundance levels. Third, the evaluation stage, in which the effectiveness of 
the monitoring and control actions is assessed (Herzfeld & Sargent, 2017). The Food and Agriculture Organization 
of the United Nations (FAO) defines integrated pest management (IPM) as: 

The careful consideration of all available pest control techniques and subsequent integration of ap-
propriate measures that discourage the development of pest populations and keep pesticides and 
other interventions to levels that are economically justified and reduce or minimize risks to human 
health and the environment. IPM emphasizes the growth of a healthy crop with the least possible 
disruption to agro-ecosystems and encourages natural pest control mechanisms. (FAO, 2017)

However, in agronomic production, the use of chemical treatment is significant, and the lack of effective methods 
to determine when and where to apply the treatment can lead producers to incur unnecessary expenses. Further, 
overuse can cause problems such as reduced effectiveness of the treatment due to increased resistance of the pest, 
reduction of biodiversity by affecting also natural enemies of the pest, and accumulation of chemical residues in 
crops, soil, and water bodies (Herzfeld & Sargent, 2017). For this reason, researchers have developed different meth-
ods and tools that aid producers in a better understanding of pest dynamics, and support decision-making in pest 
management.

Pest monitoring data enables producers to decide when and where to perform control actions. However, its 
collection is expensive and time-consuming, thus statistical models play a key role in the study of pest populations 
by providing a means to understand the factors driving the population dynamics, and to estimate pest abundance/
presence in non-monitored locations/areas.

The spatiotemporal distribution of pest species is heterogeneous, because of variations in topography, envi-
ronmental and climatic conditions, and human intervention of ecosystems. Therefore, pest management needs 
to be addressed as a geographic problem, and spatiotemporal analysis and visualization techniques can enable 
effective monitoring and control activities (Ivana, Antonela, Renata, & Jasminka Igrc, 2010). Thus, mapping tools 
are essential for stakeholders such as land managers, conservation biologists, and entomologists in order to un-
derstand the distribution and diversity of species in an area of interest, and to make informed decisions on their 
management and habitats (Janicki, Guo, Conway, Donohue, & Roth, 2014).

Diverse spatiotemporal analysis and visualization techniques have been applied to study and manage pest 
species. For example, Gutierrez, Ponti, and Cossu (2009) developed a weather-driven physiologically based demo-
graphic model to simulate the potential effects of climate change on the distribution and abundance of olive trees 
and the olive fruit fly (OFF) in the USA (specifically in Arizona and California) and Italy. Pontikakos, Tsiligiridis, and 
Drougka (2010) developed and validated a location-aware system for precision farming to assist in the planning 
and execution of chemical treatments for OFF. Voulgaris, Stefanidakis, Floros, and Avlonitis (2013) proposed a 
real-time online alert information system based on the biological cycle of the OFF, topological configuration, 
and weather conditions, which predicts OFF outbreaks, aiming to enable timely execution of control activities. 
Miranda et al. (2019) developed a decision support system based on semi-automatic pest monitoring for man-
aging OFF; the results of a test showed a reduction of one-third in the volume of insecticide used in the control 
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activities. These works mostly focus on the computer processing, modeling, and decision-making parts, but nei-
ther enhance stakeholders understanding of the pest dynamics, nor enable collaboration among stakeholders 
with diverse knowledge and interests regarding pest management. We aim to address this gap.

In this article, our objective is twofold. First, to explore the potential of the favorability function (Real, Barbosa, 
& Vargas, 2006) to build models for the spatiotemporal dynamics of the OFF (Bactrocera oleae) using existing 
data that were collected for applied pest management, which is the result of years of pest management activities 
following official protocols. The models aim to estimate locations and times at which the combination of human, 
topographic, environmental, and climatic factors favor a species becoming a pest. Second, to explore the potential 
of geo-visual analytics (GVA) to enable non-academic stakeholders who are actually doing the pest management 
to better understand the pest behavior and impact of pest control measures, by building, deploying, and evalu-
ating a prototype. Our focus in this article is on model development and prototype evaluation, at the expense of 
detailed information about prototype development. In this context, we are convinced that our research offers ad-
vances towards promising, scientifically sound solutions to a common real-world problem: improving collaborative 
decisions based on valuable data that might not be up to the highest scientific standards, obtained by practitioners 
who might not have scientific training, but years of experience, and who work within a legal and regulatory frame-
work that is not easy to change.

Another innovative aspect of our research is the use of the GVA environment to enable stakeholders with 
the knowledge to design and develop processing methods (i.e., mostly researchers) to communicate their results 
to stakeholders who possess valuable domain and local knowledge (i.e., mostly authorities and field technicians), 
and who can validate the results. Specifically, we show that GVA can help in bridging the gap between scientific 
modeling and practical pest management.

Based on the stated objective for this article, the following questions guided the research process:

1. How accurate can the favorability function model the OFF spatiotemporal dynamics using existing data 
collected for practical pest management?

2. How do stakeholders evaluate the utility and usability of the prototype to analyze the pest management data, 
and the models’ outputs?

3. How do stakeholders evaluate the prototype’s support for collaborative analysis in general?

2  | BACKGROUND

2.1 | Olive fruit fly

The OFF is considered a major pest in olive-growing regions worldwide. It is currently present in southern Europe, 
North Africa, the Middle East, and in some areas of the USA and Mexico (Nardi, Carapelli, Dallai, Roderick, & Frati, 
2005). It has a high reproductive potential, and depending on the local conditions there can be between three and 
five generations per year (Pontikakos et al., 2010). Additionally, it has high mobility, with reported flying distances 
of up to 4 km to find olive tree hosts (Rice, 2000).

The damage caused by the OFF is reflected in the quantity and quality of the produced table olives and olive 
oil (Nardi et al., 2005). A single female fly can lay up to 500 eggs (in its lifetime), usually one egg per olive fruit 
(Zalom, Van Steenwyk, Burrack, & Johnson, 2009). The damage is caused by the oviposition stings1 and the OFF 
larvae who feed inside the olives, resulting in destroyed pericarp and the entry of secondary infection by bacteria 
and fungi that rot the fruit (Zalom et al., 2009). The oil from affected olives shows a higher acidity level (Olivero, 
García, Wong, & Ros, 2004), which reduces its commercial value. Economic losses due to OFF infestations have 



4  |     GARCÍA-CHAPETON ET Al.

been reported up to 100% for table olives, and 80% for olive oil (Rice, 2000; Zalom et al., 2009), because the for-
mer are not sellable, and the latter can only be used to produce low-quality oils.

The OFF population's development is greatly influenced by the seasonal development of its main host, 
the cultivated olive (Zalom et al., 2009) and climatic factors, especially temperature and relative humidity 
(Kalamatianos, Kermanidis, Avlonitis, & Karydis, 2016). In optimum temperature conditions (20–30°C), a com-
plete generation cycle takes about 30–35 days (Rice, 2000; Zalom et al., 2009). Additionally, temperature af-
fects the activity of adult flies—the species is not very active below 15°C and above 35°C (Zalom et al., 2009). 
Finally, high relative humidity favors ovarian maturation, egg production, and longevity of the OFF (Broufas, 
Pappas, & Koveos, 2009).

2.2 | Favorability function

The favorability function provides a measurement of the degree to which a set of conditions favors the occurrence 
of an event, regardless of the event prevalence (Real et al., 2006; Acevedo & Real, 2012). Favorability values range 
between 0 and 1, and are defined by: 

Here, n1 and n0 are the number of positive (i.e., the event occurs) and negative (i.e., the event doesn’t occur) sam-
ples, respectively, and y is a regression equation of the form: 

where α is a constant and β1, β2, …, βn are the coefficients of the n predictor variables x1, x2, …, xn. This y can be 
yielded by logistic regression: 

Favorability values can, however, also be obtained from any method capable of producing probability estimates 
(P) using the equation: 

Because favorability values are leveled to the event prevalence in the dataset, the value 0.5 indicates a com-
bination of conditions that neither increase nor decrease the probability of the event's occurrence with respect 
to its prevalence, while values under (over) 0.5 represent conditions that are detrimental (favorable) for the oc-
currence of the event (Acevedo & Real, 2012; Real et al., 2006). Some successful applications of the favorability 
function are downscaling a species distribution model (Olivero, Toxopeus, Skidmore, & Real, 2016), assessment 
of a native species' vulnerability due to an invasive species (Romero, Báez, Ferri-Yáñez, Bellido, & Real, 2014), and 
favorability values as a proxy for species density (Muñoz, Jiménez-Valverde, Márquez, Moleón, & Real, 2015). 
Additionally, it was also applied successfully in the context of spatiotemporal modeling to assess the effect of 
deforestation in Ebola virus disease outbreaks (Olivero et al., 2017).
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2.3 | Geo-visual analytics

The term “visual analytics” (VA) was used by Wong and Thomas (2004) to describe “the formation of visual ab-
stract metaphors in combination with a human information discourse (interaction) that enables detection of the 
expected and discovery of the unexpected within massive, dynamically changing information spaces” (p. 20). 
Later, Thomas and Cook (2005) further discussed visual analytics and defined it as “the science of analytical rea-
soning assisted by interactive visual interfaces” (p. 4).

GVA can be described as a subfield of VA that deals with the specific issues related to the analysis of geo-
graphic phenomena (Andrienko et al., 2007; Ho, 2013). It enables analytical reasoning and decision-making on 
geographic phenomena by producing a synergy of human analytical skills, with the storage and processing power 
of computers, coupled through interactive visual interfaces (Andrienko et al., 2007; Tomaszewski, Robinson, 
Weaver, Stryker, & MacEachren, 2007). GVA integrates knowledge from fields such as information and scien-
tific visualization, GIS, and data mining (Ho, 2013; Tomaszewski et al., 2007). Given that phenomena in geo-
graphic space occur or evolve in time, GVA has put special emphasis on the relationship between space and time 
(Andrienko, Andrienko, Keim, MacEachren, & Wrobel, 2011). GVA deals with applications that usually involve 
multiple stakeholders with a diversity of interests, knowledge, and skills. For this reason, GVA pays special at-
tention to the issues of collaboration, communication, and flexibility (Andrienko et al., 2007). Recent examples of 
GVA applications are the analysis of criminal activity (Rodrigo, 2020), human mobility (Zhang et al., 2019), and road 
accident accumulation zones (Ramos, Silva, Santos, & Pires, 2015).

3  | MODELING THE OFF DYNAMIC S

3.1 | Study area

The study area is located in the region of Andalusia, in southern Spain (see Figure 1). It covers an area of approximately 
7,000 km2, with terrain elevation ranging between approximately 0 and 1,400 m above sea level. The area includes a 
total of 1,210 olive growing parcels with an approximate total area of 40 km2. The main olive variety in the region is 
hojiblanca, which can be used for both table olives and oil production. The harvest time defines the olives’ destina-
tion; while table olives are harvested very soon after summer, between September and October, when the fruits have 
already achieved their maximum size, and are still green-colored and robust, olives for oil production are harvested 
later, between November and January, when fruits have naturally turned black and their pulp is becoming soft. The 
production of olives is an important source of income in the local and regional economy (Extenda, 2017).

3.2 | Data sources and data preparation

The Integrated Production Associations (APIs, by Spanish acronym) “Antequera” and “La Camorra” provided us 
with a dataset of the monitoring and control of the OFF in the study area for the years 2012 to 2018 (inclusive). 
This dataset was obtained following the protocol established by the Junta de Andalucía (i.e., the regional admin-
istration) for the monitoring of olive crops.2 This dataset includes information about weekly OFF abundance and 
fertility, damage to olives, application of chemical treatments, and phenology of the olive trees. Every measure-
ment is georeferenced by a parcel identifier, for which coordinates are available, and time stamped with the date 
of the field observation.

The dataset was produced for practical pest management, therefore it does not necessarily follow the highest 
scientific standards for data collection. This is a common scenario in many studies, where data was produced under 
a legal and regulatory framework. Such datasets might be the result of several years of work and a significant 
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expenditure, and therefore an asset for their stakeholders. Changing the data collection protocol requires a polit-
ical and administrative effort, and therefore is out of the researchers' control, moreover, changing it also means 
that old data will become incomparable. This is the case for pest management in Andalusia, which motivated us to 
look for a scientifically sound solution to take advantage of the existing data.

The APIs use two types of monitoring device to measure the OFF abundance: plastic McPhail flycatchers and 
yellow chromotropic sticky traps. The McPhail flycatchers capture flies attracted by the yellow color of the trap 
and a liquid feeding lure. This device provides information about the general size of the population and attracts 
in similar proportion males and females (Olivero et al., 2004). The efficacy of this device is conditioned by the 
weather, because the feeding lure requires evaporation to work. The yellow chromotropic sticky traps capture 
principally males attracted by the yellow color of the trap and a pheromone. The information provided by this 
device is directly related to the sexual activity of the OFF population (Olivero et al., 2004). The captured flies are 
inspected to determine the percentage of female flies and female flies with eggs. Additionally, olives are sampled 
to determine percentages for: stung olives, olives with alive forms, olives with exit hole, and olives with parasitized 
flies. This monitoring strategy is described in the Andalusian Integrated Production Regulation for Olives.3

The abundance measurements are reported as “flies per trapping device per day,” which means that they are 
the average numbers captured by several devices during several days. The protocol defines that a monitoring 
point is representative for an area of 300 ha, and should include three devices of each type (i.e., six devices in total 
per monitoring point), with monitoring visits every 7 days to count the trapped individuals and clean the devices. 
For example, a measurement of one fly per flycatcher per day means that the field technician found in total 21 flies 
captured by all three flycatchers over a period of 7 days. The percentage of female flies with eggs is with respect 
to the total amount of female captures over the monitoring period.

F I G U R E  1   Study area in Andalusia, Spain
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The monitoring protocol defines four thresholds for decision-making about the application of chemical treat-
ments: one distinct threshold for each of the first and subsequent applications of a chemical treatment for table 
olives, and for olives for oil production. We used the provided information to define dependent variables for 
two favorability models using the thresholds for the first application. Events were defined as “the observation 
exceeded the threshold.” We label as 1 (i.e., positive) the observations with values exceeding the threshold, and 
0 otherwise.

To rule out any influence of differing data recording practices between the two APIs, we decided to continue 
the modeling process only with the data from “Antequera,” because it is the largest association and contributes 
75% of the data. Table 1 describes the thresholds, the number of observations for each threshold, and the number 
and percentage of positives and negatives.

Additionally, we selected potential explanatory factors for the occurrence of the previously defined events. 
These were selected based on literature review and interviews with experts. They are seven expert stakeholders 
of the OFF management in the study area, and the information was obtained in face-to-face meetings, in which 
they were asked to describe the behavior of the OFF, and the behavioral drivers. They fall into the following four 
categories: human intervention and topographic, environmental, and climatic conditions. The data for location 
(i.e., X, Y coordinates), human intervention (i.e., application of chemical treatment), and phenology of olive tree 
came from the dataset provided by the APIs. All remaining data were obtained from the publicly available of-
ficial sources at the Centro Nacional de Información Geográfica (CNIG; www.cnig.es), the Red de Información 
Ambiental de Andalucía (REDIAM; www.junta deand alucia.es/medio ambie nte/site/redia m/), and the Red de 
Información Agroclimática de Andalucía (RIA; www.junta deand alucia.es/agric ultur aypes ca/ifapa/ ria/). For a list 
of the potential explanatory factors and their source, see Table 2.

We used data aggregation and interpolation methods to prepare data layers for the predictors at a spatial 
resolution of 1 km2, and, where applicable, at a temporal resolution of 1 week (i.e., some predictors are static in 
time, see Table 2). In other words, there is one layer for each static predictor such as altitude, slope, and distance 
to in-land water, and 350 layers for each time-varying predictor such as phenophase, average temperature, and 
radiation (one for each week of the study period running from 1 January 2012 to 16 September 2018). Later, we 
used the location and time stamp of the measurements to extract data from those layers and create vectors of the 

TA B L E  1   Treatment thresholds used to define the dependent variables for the statistical models

Name Description
# Valid 
observations Positives % Positives Negatives % Negatives

Threshold 1 
(table olives)

(flies per flycatcher 
per day ≥ 1)

1,701 595 35 1,106 65

and

(percentage of 
female flies with 
eggs ≥ 50%)

Threshold 2 
(olives for oil 
production)

(flies per flycatcher 
per day ≥ 1)

1,701 354 21 1,347 79

and

(percentage of 
female flies with 
eggs ≥ 60%)

and

(percentage of stung 
olives> 0%)

Note: These thresholds are defined in the Andalusian Integrated Production Regulation for Olives.

http://www.cnig.es
http://www.juntadeandalucia.es/medioambiente/site/rediam/
http://www.juntadeandalucia.es/agriculturaypesca/ifapa/ria/
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predictors for each field measurement. In this step, we also created variables that represent the conditions of the 
n previous weeks (i.e., time-lagged predictors). This procedure is illustrated in Figure 2. For the modeling process, 
we decided to use a time lag of 5 weeks, because under optimal conditions, a complete OFF generation cycle takes 
about 30–35 days (Rice, 2000; Zalom et al., 2009).

TA B L E  2   Potential predictors for the favorability models for OFF

No. Category Predictor Temporal variation Source

1 Topographic X No APIs

2 Topographic Y No APIs

3 Topographic Altitude No CNIG

4 Topographic Altitude averagea  No CNIG

5 Topographic Altitude differencea  No CNIG

6 Topographic Slope No CNIG

7 Topographic Slope averagea  No CNIG

8 Topographic Slope differencea  No CNIG

9 Topographic Exposition to south No CNIG

10 Topographic Exposition to west No CNIG

11 Environmental Distance to in-land water No REDIAM

12 Environmental Distance to sea No REDIAM

13 Environmental Distance to wild olives No REDIAM

14 Environmental Distance to roads No REDIAM

15 Environmental Distance to urban centers No REDIAM

16 Environmental Phenophase Yes APIs

17 Climatic Minimum temperature Yes RIA

18 Climatic Average temperature Yes RIA

19 Climatic Maximum temperature Yes RIA

20 Climatic Precipitation Yes RIA

21 Climatic Accumulated 
precipitationb 

Yes RIA

22 Climatic Minimum humidity Yes RIA

23 Climatic Average humidity Yes RIA

24 Climatic Maximum humidity Yes RIA

25 Climatic Radiation Yes RIA

26 Climatic Evapotranspiration Yes RIA

27 Climatic Accumulated 
evapotranspirationb 

Yes RIA

28 Climatic Wind direction Yes RIA

29 Climatic Wind speed Yes RIA

30 Human intervention Chemical treatment Yes APIs

Abbreviations: APIs, Asociaciones de Producción Integrada; CNIG, Centro Nacional de Información Geográfica; 
REDIAM, Red Ambiental de Andalucía; RIA, Red de Información Agroclimática de Andalucía.
aVariables were interpolated over a grid with cells of 1 km2; the values of these variables were calculated from the eight 
neighboring cells of the corresponding predictor. 
bAccumulated precipitation/evapotranspiration from the last 1 September (start of hydrological year for the region). 
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Additionally, during this step we also created 24 derived variables as defined in Table 3. The procedure to 
create these variables is illustrated in Figure 3.

3.3 | Modeling process and validation

We started the modeling process with 129 candidate variables: 15 static independent variables and 15 dynamic 
independent variables for which we use the week of the measurement and the previous 5 weeks (i.e., 90 vari-
ables in total, see Table 2), and 24 derived variables as defined in Table 3. After removing any predictor with a 
constant value, we identified and removed predictors with high multi-collinearity. For the latter, we iteratively 
removed variables until the remaining ones had a variance inflation factor (VIF) of less than 10 (Marquaridt, 1970; 
Montgomery & Peck, 1982). The VIF measures the correlation between variables, which can be used to detect and 
remove redundant predictors. This is important because adding highly correlated variables increases the model’s 
complexity but contributes little to its accuracy. The high number of predictor variables might cause type I errors. 
To reduce the false discovery rate (FDR), we used the procedure proposed by Benjamini and Hochberg (1995), 
keeping only predictors that are significant when tested on q = 0.05. This is crucial because as the number of per-
formed hypothesis tests increases, the probability of obtaining false positives also increases; the FDR is the ratio 
of false positives to total positives, therefore the controlling procedures aim to limit the tolerance for that ratio. 
Finally, we used forward–backward stepwise logistic regression based on statistical significance to select a linear 
combination of variables. The importance of each variable within the model was assessed using the Wald test. 
This test measures whether there is a significant difference in the model’s accuracy with and without a predictor, 
therefore it provides evidence to decide if a predictor should be included or not.

To assess whether the modeling process results in overfitting of the models, we performed a cross-validation 
test. We used the repeated hold-out method on each dependent variable, and generated boxplots (for sensitivity, 
specificity, and correct classification rate—based on a favorability threshold of 0.5) to compare the models’ classi-
fication performance. We ran a total of 100 tests for each dependent variable. For each test, we split the dataset 
into training and testing datasets, using a random sample with substitution of 20% of the observations as testing 
dataset, and the remaining 80% of the observations as training dataset.

Once we tested that the modeling procedure was not generating overfitted models, we produced models 
using all the observations. We assessed the models’ quality based on classification and discrimination capacity. 
For the classification capacity, we used sensitivity (i.e., proportion of correctly classified positives with respect 
to total positives), specificity (i.e., proportion of correctly classified negatives with respect to total negatives), 

F I G U R E  2   Using location and time stamp to prepare vectors with 1-week time lag of the predictors for 
each measurement. Min. Temp, minimum temperature; Phenophase-1, phenophase of 1 week before the 
measurement
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correct classification rate (i.e., proportion of correctly classified observations with respect to total observations), 
and Cohen's kappa (which measures the reliability of the classifier while accounting for the probability of correct 
results obtained by chance); all of them based on a favorability threshold of 0.5. For the discrimination capacity 
(i.e., capacity to separate positive and negative instances), we used the area under the ROC curve (AUC). The ROC 
curve is a graphical summary of the sensitivity and specificity values for different thresholds, ranging between 0 
and 1, and the AUC is the value of a given threshold, in our case 0.5.

4  | COLL ABOR ATIVE GEO -VISUAL ANALY TIC S PROTOT YPE

4.1 | System overview

As part of the wider objective to improve pest control, we developed a GVA prototype to enable stakeholders 
such as field technicians, authorities, researchers, and landowners to analyze the dynamics of a pest, and to 

TA B L E  3   List of derived variables

Derived variable # Variables Base variable

Consecutive weeks with [low, optimum, high] minimum temperature 3 Minimum temperature

Consecutive weeks with [low, optimum, high] average temperature 3 Average temperature

Consecutive weeks with [low, optimum, high] maximum temperature 3 Maximum temperature

Consecutive weeks with [low, medium, high] minimum humidity 3 Minimum humidity

Consecutive weeks with [low, medium, high] average humidity 3 Average humidity

Consecutive weeks with [low, medium, high] maximum humidity 3 Maximum humidity

Consecutive weeks [with, without] precipitation 2 Precipitation

Amount of precipitation in weeks 1 Precipitation

Amount of evapotranspiration in weeks 1 Evapotranspiration

Consecutive weeks [with, without] chemical treatment 2 Chemical treatment

Note: Variables of the type “consecutive weeks with/without” are computed starting from the week of the 
measurement and moving backwards to a maximum of five previous weeks.

F I G U R E  3   Creation of derived variables for average temperature. Avg. Temp, Average temperature; Avg. 
Temp.-N, average temperature of N weeks before
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support decision-making regarding the monitoring and control of it. Figure 4 shows a simplified overview of the 
components of the system. In the system, field technicians provide monitoring data which are combined with 
other relevant datasets and processed using application-specific processing functionality (i.e., the favorability 
models). The monitoring data and processing outputs are available through a web-based visual interface that 
enables collaborative analysis among the stakeholders.

The prototype supports collaborative analysis by implementing a novel approach called spatial-temporal anal-
ysis spaces (STAS), designed by us. It is an approach for long-term distributed asynchronous collaborative analysis 
in GVA environments. The main assumption of its design is that in data spaces with large spatial and temporal 
extents, features of interest such as patterns (e.g., pest population outbreak) and outliers (e.g., unrealistic high 
pest population abundance) occur in different locations and times. Therefore, enabling the analysts to create 
analysis spaces with a well-defined context, which includes a description of the feature of interest (i.e., thematic 
context) and spatial and temporal boundaries for it (i.e., spatial and temporal context), helps to focus the atten-
tion of the analysts on the feature of interest, eliciting sensible contributions and leading to the generation of 
meaningful knowledge. Inside the analysis spaces, the bounded data are highlighted, and analysts can use collab-
orative techniques such as discussion forums and storytelling to analyze the feature of interest. In our prototype, 
the implemented collaborative technique allows analysts to post and answer questions regarding the feature of 
interest. Additionally, STAS allows us to create links between related analysis spaces, so that knowledge can be 
generated from previous contributions, therefore STAS supports a long-term incremental knowledge-building 
process. Figure 5 shows the STAS interface integrated in the GVA environment.

While the system aims to provide general support for pest management efforts, this article focuses on the 
potential of the system to enable modelers (e.g., researchers) to communicate their results to other stakeholders 
with valuable domain and local knowledge (e.g., authorities and technicians), so that the latter can help to validate 
such processing methods. Once validated, the developed models and methods could become part of the stake-
holders’ analytics toolbox for daily use.

F I G U R E  4   The GVA system aims to support stakeholders to understand the development of a pest, and 
support decision-making regarding control measurement and assess their effectiveness
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4.2 | Integration of the prototype and models

The integration of the prototype and the favorability models was implemented through a shared database. To this 
end, we used the models to produce favorability maps for the monitoring seasons 2012 to 2018 at a spatial resolu-
tion of 1 km2 for the study area, specifically for 1,162 grid cells where the olive crops are located, and a temporal 
resolution of 1 week. Those maps were stored according to the prototype’s database structure, which enables it 
to expose the maps through the web interface. To create the maps, we prepared one file for each week of the 
study period, which contains 1,162 rows with the locations of interest and time stamps (which are constant within 
each file, because each file corresponds to a specific week). Then, for each file, we used the coordinates and time 
stamps to produce vectors of the predictors following the same procedure as with the field measurements. Later, 
we used the models to produce the favorability weekly maps. These maps show how favorable or detrimental the 
conditions were at locations and in times of interest for OFF development.

4.3 | Evaluation by stakeholders

The prototype was tested by seven stakeholders: one authority representative, one researcher, and five field 
technicians. Their expertise regarding spatiotemporal analysis and GIS varies from one very skilled user (i.e., 
the researcher) to others with no expertise at all. They all have domain and local knowledge about OFF, and 
were involved in some degree throughout the prototype’s development. They all use computers and mobile 
devices on a daily basis, therefore they can be considered technology literate at an operational level. All 
participants were trained to use the prototype, and then were asked to use the prototype to explore the 
monitoring data and the models’ outputs, and to perform activities that require the use of exploration and 
collaboration tools.

The test consisted of an evaluation form4 divided into four sections. The first section aimed to train the par-
ticipants to use the prototype; it asked them to watch a series of videos explaining how to use the prototype’s 
features, try each of them, and rate several statements about those features on a five-step scale ranging from 
“strongly disagree” to “strongly agree.” The reason for using this scale is consistency throughout the four sections, 
because the third section uses the system usability scale (SUS) (Brooke, 1986), and this approach uses the afore-
mentioned five-step scale. The second section aims to assess the ease of performing tasks with the prototype for 
a trained user and asks participants to perform four tasks with the individual and collaborative tools. Once each 
task has been completed, the user is asked to assess how easy it was to perform it. The third section uses the 
SUS, which is a 10-statement questionnaire to evaluate the general usability of the prototype. The responses can 
be converted to a numerical scale and aggregated to produce a per-test user score on a 100-point scale (Brooke, 
1986); those results can then be aggregated by simple averaging. Finally, the fourth section aims to assess the 
prototype’s usefulness for the monitoring and control of pests.

5  | RESULTS

5.1 | Model performance

The cross-validation test shows that the modeling process is not producing overfitted models. Figure 6 shows that 
on average the performance of the models drops by about 2% for the test datasets. This means that the accuracy 
of the models on new observations is close to the accuracy achieved during calibration. A large drop in perfor-
mance would indicate that a model is overfitted and hence generalizes poorly.



14  |     GARCÍA-CHAPETON ET Al.

The modeling process resulted in the selection of 21 variables for the model based on threshold 1 (hereafter 
referred to as Model 1), and 10 variables for the model based on threshold 2 (hereafter referred to as Model 2). 
Tables 4 and 5 show the selected variables, coefficients (β), standard error (SE), Wald test value (Wald), signifi-
cance (P), and VIF for Models 1 and 2, respectively.

Model 1 succeeds in classifying correctly 85% of the cases in which the threshold is exceeded (sensitivity), and 
72% of the cases in which it is not (specificity), for a correct classification rate of 77%. In comparison, Model 2 also 
achieves a sensitivity of 85%, but only a specificity of 67%, for a correct classification rate of 71%. The Cohen’s 
kappa for Model 1 is 0.53 and for Model 2 it is 0.37. According to Landis and Koch (1977), this is moderately 
good (0.41 < κ < 0.6) for Model 1, and fair (0.21 < κ < 0.40) for Model 2. Finally, the discrimination capacity (AUC) 
for Model 1 is 0.84, while for Model 2 it is 0.81. According to Hosmer and Lemeshow (2000), this is excellent 
(0.8 ≤ AUC < 0.9) for both models.

5.2 | Integration of the prototype and models

Figures 7 and 8 show examples of the generated maps together with spatial and temporal summaries of the 
results. The former shows the spatial distribution of the monitoring points and the percentages of correctly clas-
sified observations for each, and the latter shows the number of correctly classified observations per week. The 
gap between weeks 28 and 34 is due to the absence of field observations, usually because no OFF activity was 
observed in previous weeks. The visual comparison of those summaries shows that the models’ accuracy is not 
uniform either in space or time, and that in general Model 1 performs better than Model 2. An interesting observa-
tion is the accuracy drop around week 37, which we cannot yet explain.

F I G U R E  6   Results of the cross-validation test. CCR, correct classification rate; number beside CCR, 
specificity and sensitivity is the average for that specific boxplot
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Figure 9 shows the interface of the prototype displaying the favorability map for week 36 of 2017, produced 
by Model 1. The user can choose a specific week from the timeline, located in the upper part of the interface. 
The timeline displays the distribution of the available data through the (selected) year, thus for the models there 
are always 1,162 locations with data. However, for the field observations layer it changes from week to week 
(see Figure 5). The user can select locations of interest and assess their evolution through the year (using the line 
chart), and compare the values of the locations for the same week across different years (using the radar chart). 
Additionally, selecting multiple locations allows us to compare between those locations. All the charts (five in 
total: map, line, radar, bar, and bubble) include several settings to select the variables to be displayed and the 
visual schema. Using these tools, we visually analyzed the models’ outputs during one-on-one sessions with the 
stakeholders.

TA B L E  4   Variables included in Model 1. Number in parentheses in a variable name indicates the number of 
weeks before the measurement

No. Variable Β SE Wald p VIF

0 Const. −1.084 0.079 −13.665 <.001 –

1 Accumulated precipitation (1) −0.809 0.116 −6.978 <0.001 3.324

2 Minimum temperature (2) 0.897 0.155 5.804 <0.001 5.404

3 Wind speed (3) −0.620 0.103 −6.034 <0.001 1.892

4 Accumulated 
evapotranspiration

−0.407 0.123 −3.303 0.001 2.804

5 Accumulated 
evapotranspiration (2)

−0.235 0.120 −1.973 0.049 4.663

6 Consecutive weeks with 
medium maximum humidity

0.661 0.099 6.678 <0.001 3.015

7 Maximum humidity (3) 0.384 0.098 3.904 <0.001 2.525

8 Distance to wild olives −0.334 0.079 −4.231 <0.001 1.280

9 Wind speed (4) −0.222 0.094 −2.364 0.018 1.834

10 Maximum humidity (1) 0.244 0.115 2.135 0.033 3.072

11 Altitude difference 0.501 0.111 4.517 <0.001 3.097

12 Consecutive weeks with 
medium minimum humidity

−0.446 0.105 −4.271 <0.001 3.091

13 Distance to in-land water −0.286 0.069 −4.178 <0.001 1.170

14 Slope difference −0.275 0.105 −2.632 0.009 2.809

15 Accumulated 
evapotranspiration (3)

−0.523 0.129 −4.054 <0.001 4.791

16 Consecutive weeks with low 
maximum temperature

0.546 0.119 4.574 <0.001 2.650

17 Minimum temperature (4) 0.634 0.135 4.689 <0.001 3.375

18 Consecutive weeks with 
precipitation

0.318 0.082 3.903 <0.001 1.788

19 Maximum humidity (5) 0.291 0.099 2.945 0.003 2.716

20 Consecutive weeks with low 
minimum humidity

−0.346 0.105 −3.308 0.001 2.787

21 Phenophase (1) −0.216 0.096 −2.263 0.024 2.390

Abbreviations: β, coefficients' value; p, statistical significance; SE, standard error; Wald, Wald test value; VIF, variance 
inflation factor.
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5.3 | System evaluation5

The first section is almost entirely composed of statements with the form “it is easy to…” (i.e., there is one ex-
ception), therefore a good result would be a tendency to the “strongly agree” side of the scale. In this section, 
“strongly agree” alone accounts for 63% of the total answers, and combined with “agree” they account for 98%. 
The comparison between the responses to the statements regarding the individual tools (i.e., statements 1–12) 
and the collaborative tool (i.e., statements 13–23) shows a slightly different tendency. While both are mostly 
within “agree” and “strongly agree,” the statements for the individual tools were rated as “strongly agree” in 73% 
of the responses, and for the collaborative workspace it was 52%. Post-evaluation discussions with stakeholders 
suggested two reasons: first, it isn’t straightforward to decide the spatial and temporal boundaries for an analysis 
space, because the features of interest don’t necessarily have well-defined boundaries; and second, the sections 
for related analysis spaces and questions don’t have a prominent separation, which results in confusion.

Once the users were trained, they were asked to perform four tasks (Section 2). While the users didn’t have 
any serious difficulty completing the tasks, it was clear that using the system on their own was harder than follow-
ing the training videos. In this section, all the statements are “it was easy to complete the task,” therefore, as with 
Section 1, a good result would be a tendency to the “strongly agree” side of the scale. The majority of responses 
were for “agree,” which represents 68% of the total responses, and together with “strongly agree” they represent 
89%, while the remainder (i.e., 11%) of the responses were “neutral.”

Section 3 is the SUS, which aims to assess the general usability of the prototype. It is important to mention that 
the statements in this section alternate between positive and negative, therefore a good result would be a ten-
dency to “strongly agree” with positive statements, and “strongly disagree” with negative ones. In total, two users 
rated the prototype as “okay/fair,” with scores of 67.5 and 70; three rated it as “good,” with scores of 72.5, 75, and 
80; and two rated it as “excellent,” with scores of 85 and 90. The total average score is 77.14, which corresponds 
to the rating of “good” (Bangor, Kortum, & Miller, 2009). This score means that while the prototype is certainly 
usable, there is room for improvement.

TA B L E  5   Variables included in Model 2. Number in parentheses in a variable name indicates the number of 
weeks before the measurement

No. Variable β SE Wald p VIF

0 Const. −1.993 0.110 −18.073 <0.001 –

1 Accumulated precipitation (1) −0.546 0.135 −4.040 <0.001 2.586

2 Altitude difference 0.307 0.069 4.450 <0.001 1.180

3 Accumulated 
evapotranspiration

−0.665 0.170 −3.914 <0.001 2.499

4 Y −0.361 0.086 −4.204 <0.001 1.212

5 Accumulated 
evapotranspiration (2)

−0.573 0.107 −5.331 <0.001 3.013

6 Minimum temperature (2) 0.690 0.117 5.894 <0.001 2.666

7 Wind speed (4) −0.333 0.097 −3.434 0.001 1.320

8 Consecutive weeks with 
precipitation

0.202 0.066 3.062 0.002 1.241

9 Maximum humidity (4) −0.190 0.082 −2.329 0.020 1.584

10 Consecutive weeks with high 
maximum temperature

−0.309 0.136 −2.274 0.023 2.309

Abbreviations: β, coefficients' value; p, statistical significance; SE, standard error; VIF, variance inflation factor; Wald, 
Wald test value.



     |  17GARCÍA-CHAPETON ET Al.

Section 4 focuses on the prototype’s potential usefulness for the monitoring and control of pests. All the 
statements in this section are positive, therefore a good result would be a tendency to the “strongly agree” side of 
the scale. The responses were 43% for “strongly agree,” 48% for “agree,” and 9% for “neutral,” which indicates that 
users considered the prototype to be a useful tool for the monitoring and control of pests. In the post-evaluation 
discussions, all the users mentioned that they would like the prototype to become a production system, and that 
it could be of general application for agronomic pests and diseases. Additionally, they suggested potential exten-
sions such as an option to highlight locations and times where a treatment threshold is reached, and producing 
predictions based on historical data.

6  | DISCUSSION

The existing data is appropriate for practical pest management, but it has deficits that limit its potential use for 
statistical modeling at high spatial and temporal resolutions. Specifically, the monitoring points change from year 
to year (i.e., heterogeneous spatial sampling), and data collection in a monitoring point only starts when OFF activ-
ity has been observed (i.e., heterogeneous temporal sampling). Therefore, the dataset does not allow us to build 
robust models. This led to models with excellent discrimination capacity, but low classification capacity, which 
limits their practical use. Another potential cause for those results is that the OFF population dynamics might be 
influenced by agricultural practices aimed at controlling other species in the study area, and this potential influ-
ence was not accounted for.

F I G U R E  7   (Spatial) The spatial distribution of the monitoring points and the percentage of correctly 
classified observations. (Temporal) The temporal distribution of the field observations and correctly classified 
ones. (32–47) The spatial and temporal variation of the favorability for the OFF population to exceed threshold 1 
for weeks 32 to 47 (with steps of 3 weeks), in 2017
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The weekly maps provide information to aid in the monitoring and control of OFF. For monitoring, they provide 
context for the field measurements, enabling analysts to quickly assess how favorable or detrimental the condi-
tions were at locations and times of interest, which helps to understand the development and current status of 
the OFF population. For control, the maps could help to understand better how the chemical treatments change 
the conditions (in space and time) that influence population development, and how they can be used to design 
strategies to determine the best locations and times for chemical treatment application.

We analyzed the produced maps with stakeholders in one-on-one sessions and supervised analysis using the 
GVA prototype. In their opinion, the maps are coherent with known OFF dynamics, for example, areas near the 
mountains offer more favorable conditions for species development. For this reason, they agree that these maps 
are a valuable tool for monitoring and control activities. However, it was also noticed that the models tend to 
overpredict favorable conditions for pest development, which means that they still require fine-tuning.

The stakeholders were able to work independently with the prototype very soon after training, showing that 
there is a gentle learning curve. We observed the stakeholders experimenting with the tools of the prototype to 
visualize known dynamics on the monitoring data, and using the resulting visualizations to explain the pest dynam-
ics. A visualization that was produced by all the stakeholders (five on their own, and two with some assistance) was 
to observe the locations and times at which threshold 1 occurred. In Figure 10, the interface is configured to dis-
play this information, and a location is selected to assess how the two variables involved change through the year.

We also observed the stakeholders selecting diverse locations and comparing the favorability values against 
different predictors, especially temperature, precipitation, and humidity. For example, Figure 11 shows that 

F I G U R E  8   (Spatial) The spatial distribution of the monitoring points and the percentage of correctly 
classified observations. (Temporal) The temporal distribution of the field observations and correctly classified 
ones. (32–47) The spatial and temporal variation of the favorability for the OFF population to exceed threshold 2 
for weeks 32 to 47 (with steps of 3 weeks), in 2017
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favorability values are clearly influenced by precipitation. It was from this exercise that they pointed out that while 
the selected predictors for the models are correct, and the general patterns fit with the known OFF dynamics, the 
models tend to overestimate favorable conditions for pest development.

The results show that the general stakeholders’ opinion is that the models and prototype are valuable tools 
for OFF management. This is supported by the responses to the evaluation form, and by the direct claims from 
the stakeholders to be willing to see it becoming a production system to support their work. Some characteristics 
of GVA that were deemed relevant are: it enables a stakeholder without knowledge of GIS to work with complex 
geodata sets, which has the potential to improve their understanding of the spatiotemporal dynamics of a pest; it 
enables asynchronous collaborative analysis among geographically distant stakeholders, which removes the con-
straints of time and location on participation in the analysis effort; and it has the potential to effectively support 
the design of eco-friendly and cost-effective control strategies. Additionally, this case study showed that GVA can 
enable stakeholders to work with the outputs of advanced processing methods, and use their domain and local 
knowledge to provide feedback to improve and validate such methods.

Finally, the models and prototype can be used to simulate and perform visual analysis of different scenarios 
such as early/late spring, years with low/high precipitation, and different strategies to apply chemical treatment. 
With this aim, the values of the predictors can be adjusted to represent the simulated conditions, using the model 
to assess how the pest dynamics are influenced. This has the potential to improve stakeholders’ understanding of 
how different conditions may affect the development of the species, and how they favor or prevent it becoming a 
pest. This knowledge can become an important input in the development of IPM programs.

7  | CONCLUSIONS

The results of the models' calibration show that the models created from existing data produced for practical pest 
management have excellent discrimination capacity, but low classification capacity, thus with potentially limited ap-
plication in practice. Additionally, the analysis of the weekly favorability maps show that the models capture known 
OFF dynamics, but tend to overpredict favorable conditions. Therefore, the produced models are not very accurate 
in terms of capturing the spatiotemporal dynamics of the OFF population. We currently see two options to improve 
the presented results: first, by looking for potential predictors that were not identified during this attempt to build 
the models; second, by exploring the potential of using a spatiotemporally explicit model to yield the probabilities 
that will later be transformed into favorability values. On the positive side, the combination of modeling and GVA 
prototype gives clear indications and guidelines how to improve the spatial and temporal sampling. This will not 
require any change in the monitoring protocol, and has the potential to greatly improve the quality of the dataset.

The results of the prototype’s testing provided evidence that stakeholders find the prototype useful to analyze 
the pest monitoring data and models’ outputs. Of special relevance is that all stakeholders claim to be willing to 
see the prototype becoming a production system. Additionally, it was evident that the prototype has a smooth 
learning curve and provided an effective mechanism to analyze the pest’s spatiotemporal dynamics. Regarding the 
support for collaborative analysis, the prototype also received a positive evaluation, although it was slightly harder 
for the stakeholders to grasp how it works. The stakeholders especially appreciated the possibility of contributing 
regardless of location or time, and building upon previous contributions. Finally, our experience during this exercise 
suggests that GVA has the potential to help bridge the gap between data science and practical pest management.
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ENDNOTE S
 1 Hole in the olive fruit where the OFF egg was laid. 

 2 Available in Spanish at https://www.junta deand alucia.es/agric ultur aypes ca/porta l/expor t/sites/ defau lt/comun/ galer 
ias/galer iaDes carga s/minis ites/raif/manua les_de_campo/ Proto colos Campos_Olivar.pdf 

 3 Available in Spanish at http://www.junta deand alucia.es/boja/2008/83/d2.pdf 

 4 It was applied in Spanish, because all the stakeholders are native Spanish speakers. For the interested reader, the form 
is available as Supporting Information. 

 5 The responses to the evaluation form are available in a tabular format as Supporting Information. 
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