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ABSTRACT
Globally, invasive alien species pose a growing threat to native ecosystems, health, food security and economic stability. The dynamics of biological invasions, particularly pests
and pathogens associated with agricultural crops, are influenced not only by biological and climatic factors, but
also human-centric activities such as trade, travel, supply
chains, agricultural practices, etc. Modeling such a complex
phenomenon requires integrating data, models and expertise from various disciplines. We survey the current modeling methods and identify their limitations, highlighting the
computational and data challenges involved in modeling and
simulating the spread of invasive species. We then envision
a network-based modeling paradigm for building realistic
models which represent and integrate various ecological and
human-mediated pathways responsible for the rapid spread
of pests. The framework will be presented in the context of
a representative pest, the South American tomato leafminer
which has been ravaging tomato crops across the globe. We
believe that the methodology is generic enough to be easily
adapted for other invasive alien species.

CCS Concepts
•Networks → Network structure; Network dynamics; •Computing methodologies → Modeling and simulation; •Applied computing → Agriculture; Forecasting;
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One of the unintended fallouts of globalization has been
the rapid increase in biological invasions causing unprecedented disruptions to native ecosystems [2], human, animal
and plant health [13]. Such invasions compound the effects
of climate change and threaten global food security and consequently economic stability [12]. In general, plant pathologists have acknowledged [3] the need to understand the
dispersion dynamics of invasive pests that attack agricultural crops, causing significant yield reduction. In this case,
the problem is further exacerbated if the invaded region is
typically devoid of its natural predators, and trade & travel
aid in its survival and rapid dispersal. This may lead to deployment of immediate myopic responses such as increased
use of insecticides, trade restrictions, etc. While attempting to mitigate direct impacts due to crop loss, such measure may have indirect consequences on the environment,
consumer-producer welfare, and at the extreme, political
unrest. Thus there is an essential need to consider an integrated approach to pest management, spanning biological,
ecological and socio-economic disciplines.
The entry, establishment and spread of invasive species is
a complex process, with several factors affecting the dynamics. On one hand, we have ecological drivers such as climate,
pest life-cycle, host availability, natural predators, etc. On
the other we have anthropogenic drivers such as commodity flow, international trade, travel and migration, farming
practices, and control measures ranging from pest management, trade & travel restrictions, phytosanitary measures,
etc. A modeling framework should be capable of succinctly
representing these components of the system at their appropriate scales as well as the interplay between them.
An ideal framework should provide reliable forecasts about
the pest prevalence, with possibly causal explanations for
the extent and dispersion. Further, in order to be practically
useful, they should enable the policymaker to test various
counter-factual scenarios, and evaluate the impact of different policies and interventions. In the context of aggressive
pests, the model should help answer pertinent questions including: Which regions are highly vulnerable to invasion?
Which locations need to be monitored for early detection
and control? What are the primary and secondary effects
of the prescribed control strategies? From the researcher’s
perspective, the model should guide data collection and assimilation, aid in hypothesis generation and explain the core
dynamics. While these aspirations are well justified and
widely acknowledged, the current repertoire of models do

not completely satisfy the expectations, at least not in isolation.
In this paper, we will briefly survey the existing approaches
to pest modeling and point out their limitations while building holistic models for pest invasion (Section 2); We then
propose an interaction-based approach to modeling plant
diseases (Section 3) with emphasis on the process of synthesizing network-based models for human-mediated pathways,
while highlighting the research challenges of interest to the
data science community. Finally, we discuss the potential
analyses that can be carried out on such models and the
impact they can have on policy design (Sections 4). Here,
we will use the South American tomato leafminer (Tuta absoluta) as an illustrative example but the proposed methodology is generic enough to be extended to a wide range of
biological invasions.
Tuta Absoluta: Tuta absoluta or the South American tomato
leafminer is a devastating tomato pest. It is native to South
America and has spread throughout the Mediterranean, Europe and parts of Asia. It has been recently reported in subSaharan Africa, the Indian subcontinent and Central America (Panama and Costa Rica), and poses a serious threat to
Mexico and the USA 1 . It can cause up to 100% loss in yield
if no control measures are taken. It is known to overcome
geographic and climatic barriers, surviving in greenhouses,
and found in tomato crates/boxes. Insecticides have been
the only control measure in deployment, though their effectiveness is limited due to pest’s acquired resistance. No
effective natural enemies have been identified for T. absoluta[4]. Studying the dispersion dynamics of such a rapidly
spreading pest that severely affects a significant agricultural
crop is both essential and timely.

2.

RELATED WORK

Since invasive pest modeling is perched at the intersection
of phyto-pathology, entomology and conservation ecology
with palpable environmental and economic impact, we often find researchers addressing different aspects of the problem. In this section, we provide an overview of the various
approaches. While we acknowledge the importance of these
methods, we highlight their limitations especially when used
in isolation.
Ecological models: These models are primarily aimed at
predicting the geographic distribution and relative abundance of the species under various climate scenarios. The
outputs of such models are typically in the form of a pestrisk map embedded into a geographic information system
(GIS). There are two distinct approaches prevalent in the
literature: niche- and process-based. Ecological Niche Models (ENM) (e.g. CLIMEX) are correlative models which
map the known occurrence/absence records of the species
to a set of climatic and edaphic variables thus characterizing the ecological niche of the species. On the other hand,
process-based models (e.g., ILCYM) follow a deductive approach. Based on observations made in controlled field or
laboratory studies, these models capture the physiological
responses of a species to biotic and abiotic factors, providing the conditions in which the species can ideally persist
and thrive.
Models for Anthropogenic dispersal: Given their flight
1
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range and life expectancy, the migratory capacity of T. absoluta is fairly limited. The very fact that it is rampant
globally signifies the crucial role played by humans in its
dispersion. Researchers have put forward disease models on
complex networks as an approach for understanding longdistance dispersal pertaining to plant pathology [8]. Koch
et al. [9] use empirical data on commercial trade and recreational transport to evaluate the potential forest pest invasion risk for more than 3000 urban areas in the U.S. Nopsa
et al. [11] evaluate the structure of rail networks for grain
transport to study the spread of post harvest diseases in
wheat.
Intervention Models: A plethora of bioeconomic models
that combine invasion ecology and economic analysis have
been proposed [5] in the literature. By integrating human
behavior models with the pest spread, one can make suitable recommendations for policymakers. Rebaudo et al. [14]
study the success of IPM programs depending on the efficacy of information dissemination mechanisms in place, and
the heterogeneity in farmer behavior. They use an ABM for
modeling human mobility at the local level coupled with a
cellular automaton model pest dynamics, to study the impact of farmer’s mobility and knowledge of pest control on
pest spread. Carrasco et al. [1] studied the effectiveness
of control measures, when the compliance of farmers could
depend on their learning/imitation behavior and the availability of information.
Limitations: There are several hurdles to implementing
realistic integrated models for plant diseases. Cunniffe et
al. [3] identify 13 challenges, broadly classifying them into
those arising while modeling plant hosts, pathogens or control. Current modeling approaches either focus on a specific aspect of the problem or a small geographic area, thus
resorting to a level of abstraction which does not capture
the complexity of the problem. For instance, the ecological
models, while capable of capturing climatic effects, cannot
account for the proliferation of greenhouses where pests are
provided with a year-round controlled environment free of
climatic effects. On the other hand, there are no known
models of anthropogenic dispersal that account for multiple
modes (trade, travel, supply chain logistics) of dispersion.
Finally, models for policy design rarely span across scales,
from the farm level to the country level. They sidestep the
fact that the socio-economic impact to individual farmers,
tomato production firms and the national import/export
need to be considered in conjunction.

3.

AN INTEGRATED MODELING
FRAMEWORK

Despite these challenges, one can be inspired by the development in computational epidemiology over the past couple of decades, where similar hurdles have been surmounted
by the use of detailed computational models [10]. Aided
by advances in surveillance, big data analytics and high
performance computing, researchers in computational epidemiology have embraced this methodology with great success [7]. For instance, in computational epidemiology, modelers have traditionally used compartmental models implemented through coupled differential equations on completely
mixed populations to understand the spread of diseases.
Though they are quick to setup and analyze, they provide
causal explanations or policy recommendations at a very
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Figure 1: Integrated modeling framework for invasive plant pests
coarse scale, nor are they equipped to handle spatial and
social heterogeneity. In recent years, data-driven network
models have been very successful in this regard.
With origins in statistical physics, these complex network
models have quickly gained traction across disciplines owing
to the availability of (a) data that yields itself to a network
abstraction, (b) a rich collection of mathematical tools from
graph theory and dynamical systems, and (c) the computational power to run detailed processes on such networks.
Further, network analysis is capable of revealing emergent
patterns that may not be evident from raw statistical analysis of the available data. Viewing the data aggregated at
different resolutions in conjunction with the interactions allows us to characterize the role played by different nodes
and edges that lead to observed system behavior by means
of their position in the network [11]. Studying networks with
explicit hierarchy allows for policy design at various spatial
and system scales.
In the study of invasive species, especially in the context
of plant pathology, though there has been growing interest
in using network models, [3, 8], efforts have been limited.
Since human-induced pest spread has been widely acknowledged, mapping out these networks and studying their impact will be crucial to understand global spread of invasive
pests. While complementing the ongoing research on food
security and economic vulnerability via study of international food trade networks [6], they also allow positioning
decades of entomological/ecological research in a wider context.
We envisage a multi-layered network-based modeling framework that has the potential to capture the various dynamics
of biological invasion shown in Figure 1. The ‘bottom’ layer
corresponds to the ecological subsystem which represents
the influence of biotic and abiotic factors on the dynamics,
provided in the form of a pest risk map. One can then embed a patch-based spatial model, say a cellular automata,
which models the natural dispersion of pests across neighboring farms. The ‘top’ layer is used to model the effects
of human activities of pest dispersal, conveniently modeled
using a multi-layered hierarchial network capturing the flow

of commodity and people at different spatial and temporal
resolutions. This could capture farmer movement between
fields, flows from farms to markets, flow of seedlings among
greenhouses, flow of tomatoes along the supply chain to the
consumer, all the way up to international trade and travel.
The crucial aspect of integration is that nodes in this layer
are embedded spatially, thus allowing the model fetch/feed
state information from/to ecological subsystem. Though described as static, these networks can be extended temporally,
by incorporating seasonal and long-term trends. Dispersion
dynamics are then simulated using stochastic contagion processes on these networks. Finally, the intervention subsystem allows one to observe the state at any scale and implement policies in either of the subsystems.

3.1

Models for anthropogenic dispersal

We believe that implementation of the ecological subsystem can be bootstrapped using standard tools available in
the community (e.g., CLIMEX, ILCYM). Our focus will be
on the hierarchical network that models human influence
on pest dispersion, which has received far less attention. In
this section, we describe the stages in constructing the multilayer network while bringing out the key challenges for the
data/computational scientist.
(a) Network synthesis: Some domains, such as the study
of online social networks, roadway networks, etc. have a
natural advantage that data is gathered and presented in
network form. For instance, in our context, FAO 2 provides a detailed trade matrix for tomatoes and its products, which has a natural network representation (weighted
and directed), where countries represent the nodes, and export/import trade volume is assigned to the edges.
However, such an explicit network is usually unavailable
at the regional level. As in computational epidemiology [7],
when the network is not directly available, the onus is on the
modeler to match the available data (such as activity patterns, household locations, population demographics) into a
network paradigm. In the domain of food security, similar
efforts have been carried out to map the livestock distribution in [15]. For instance, for the commodity flow within
United States, sources such as National Agricultural Statistical Service (NASS) 3 provide county-level information such
as harvest area, crop yield (intended for fresh market or processing), number of tomato farms. Other sources such as the
Agricultural Marketing Service (AMS) 4 provide an incomplete view of the domestic flows, by tracking tomato crates
between shipping points and a few chosen terminal markets.
These are gathered for different purposes and thus need not
work well together. Further some data may be unavailable
due to commercial sensitivity. One may face several challenges while integrating these data sources including (i) mismatch in spatio-temporal scales (ii) inter-data discrepancies
(iii) inherent data gaps. Further, for developing countries,
the data is even sparser, requiring a more intensive effort
in inferring the network. Network inference by integrating
such varied, incomplete and noisy sources is an interesting
challenge in itself.
(b) Structural and Dynamic analysis: Having obtained the network, one can use network measures to char2
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acterize the importance of various nodes and interactions to
the underlying process [11]. One can identify nodes that
are highly vulnerable to, or critical for the dispersion process, by virtue of their location in the network [16]. The
key challenge is to identify the network measures that are
appropriate and easy to interpret.
In order to simulate, compare and forecast pest dispersion, one must define a stochastic contagion process on the
multi-layer network. Though several standard disease models exist in epidemiology, none have yet been successfully
adapted to the domain of plant pest dynamics. The primary challenge is to appropriately choose the disease model,
keeping in mind the available data to parametrize and validate the model. Pest surveillance and interception are resource intensive, and in most cases, the timeline and extent
of pest invasion is poorly documented. Adding to this, there
are meteorological, market and political uncertainties, which
make forecasting and policy evaluation extremely difficult.
Having calibrated the model, the uncertainties in data and
the model itself must be reflected in the uncertainty quantification (UQ) of the forecasts. Finally, complex agent-based
models are computationally intensive and efforts need to be
taken to efficiently simulate and analyze these models.

4.

DISCUSSION

We believe that the proposed framework will lead to a
more informed decision making and a better understanding
of the underlying process. In addition to providing reliable
forecasts, one can perform economic and environmental impact analysis on these networked models. One can study
the impact of pest damage as well as of the proposed intervention policies. The explicit hierarchy in our framework
allows to perform impact analysis across scales. Finally, we
hope it would enable researchers across several disciplines to
converge and collaborate on a common platform of practical
and immediate need.
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