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Trade and transport of goods is widely accepted as a primary pathway for the introduction
and dispersal of invasive species. However, understanding commodity flows remains a challenge
owing to its complex nature, unavailability of quality data, and lack of systematic modeling
methods. A robust network-based approach is proposed to model seasonal flow of agricultural
produce and examine its role in pest spread. It is applied to study the spread of Tuta absoluta,
a devastating pest of tomato in Nepal. Further, the long-term establishment potential of the
pest and its economic impact on the country are assessed. Our analysis strongly indicates
that trade plays an important role in the spread of T. absoluta. The economic impact of
this invasion could range from USD 17-25 million. The proposed approach is generic and
particularly suited for data-poor scenarios.

1 Introduction
Invasive alien species spread is a complex phenomenon driven by various natural and anthropogenic
factors. While the knowledge of biology and climate is essential to assess establishment risk and devise
sustainable management strategies (Sutherst 2000), it is critical to understand human-mediated pathways
to prevent introduction and mitigate immediate impact (Hulme 2009; Banks et al. 2015). Increasingly,
the need for a comprehensive outlook to tackle this problem is being highlighted (Cunniffe et al. 2015;
Robinet et al. 2012; Carrasco et al. 2010); yet studies that analyze trade and travel in the context of food
safety are only beginning to emerge (Colunga-Garcia and Haack 2015; Tatem 2009; Ercsey-Ravasz et al.
2012; Nopsa et al. 2015; Early et al. 2016).
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As is the case with many built infrastructures, trade of goods naturally yields to network representations.
Typically, nodes of the network represent locations–ranging from markets to continents depending on the
context–connected by transportation infrastructure. The influence of one node on another is captured by
an edge with weight that is a function of the transaction volume across that edge. A major challenge
in constructing such networks is estimating the temporal flows. The intricate web of supply chain
logistics makes it hard to document transactions, and even in economically developed countries, obtaining
commodity specific flow data is a challenge (Magarey et al. 2011). On the other hand, it is comparatively
easy to obtain datasets on production, population, and economic indicators at finer spatial resolution,
thus allowing the use of spatial interaction models such as the gravity model (Haynes et al. 1984). Such
an approach is also better suited for data-poor regions.
A representative flow network can yield valuable insights into the phenomenon. The network struc-

ture helps identify possible entry points and hubs (Nopsa et al. 2015; Sutrave et al. 2012). Network
dynamical processes such as the SEIR (Susceptible → Exposed → Infected → Recovered) model from
epidemiology (Pastor-Satorras et al. 2015) are applied to capture the spatio-temporal evolution of the
invasion. Model selection and validation is challenging due to the lack of accurate ground surveillance,
since very few countries have the capacity to effectively react to impending and emerging invasions (Early
et al. 2016). Therefore, there is a need for a robust modeling framework that can operate with limited
observational data.

This work addresses three key issues that current modelers encounter: (i) lack of a systematic approach
to investigate the role of human-mediated pathways, (ii) the difficulty in evaluating models in the
absence of accurate validation datasets, and (iii) the need to synthesize disparate datasets and modeling
methodologies in order to provide a comprehensive assessment of the situation. Our framework is outlined
in Figure 1. We apply it to study the spread dynamics of Tuta absoluta (Gelechiidae, Lepidoptera)
(Meyrick,1917), a devastating pest of the tomato crop. The region of interest is Nepal, a biodiversity
hotspot (Kindlmann 2011) and largely agrarian economy, which recently reported T. absoluta invasion in
2016 (Bajracharya et al. 2016).

Indigenous to South America, Tuta absoluta or the South American tomato leaf miner was accidentally
introduced to Spain in 2006 (Desneux et al. 2010). It has rapidly spread throughout Europe, Africa,
Western Asia, the Indian subcontinent, and parts of Central America (Biondi et al. 2018) over the past
decade. Since tomato is among the top two traded vegetables worldwide (http://www.fao.org), it is
strongly suspected that trade played a critical role in T. absoluta’s rapid spread. Indeed, on multiple
occasions it has been discovered in packaging stations, e.g., in Netherlands (NPPO 2009). Karadjova et al.
(2013) observed that the spread pattern in Bulgaria was correlated with prime trade routes. With tomato
being a commercially important crop (Grousset et al. 2015), T. absoluta has had a significant global
impact. For example, in Turkey, the annual estimated intervention cost is €167M per year (Oztemiz
2014). Due to extensive insecticide treatment in Europe (Gontijo et al. 2013), insecticidal resistance
has been recently observed in populations of T. absoluta (Guedes and Siqueira 2013). Lack of effective
natural enemies has made integrated pest management challenging.
We propose a network-based model to represent seasonal flow of agricultural produce among major

markets accounting for production, population, per capita income, and transportation infrastructure.
Under the hypothesis that trade is the primary driver of spread, pest dispersal is modeled as a stochastic
dynamical process over the seasonal flow networks. Applying techniques from an emerging field in network
science, namely epidemic origin inference (see for example (Shah and Zaman 2011), we establish a strong
correlation between the expected spread over the flow network and observational data. This is the first
application of this method in the context of invasive species spread.
Our analysis strongly indicates that given its dependency on vegetable imports and the pattern of

agricultural produce flow unraveled by our model, Nepal is extremely vulnerable to attacks from pests
and pathogens that can spread through trade. Our assessment of suitability for T. absoluta establishment
based on growth and stress factors and observational data is that except for the mountainous regions
in the north, T. absoluta can survive year-round in Nepal. However, the highest damage potential is in
the southeastern parts. Our assessment of the economic impact based on a partial equilibrium approach
predicts a social welfare loss of $17.5-24.7 million due to this invasion.
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Figure 1: A schematic of the modeling framework showing the diverse datasets used and the different
modules.

2 Methods
2.1 Data
Datasets used in our framework are listed in Table ??, Supplementary Information. We link several
open-source datasets along with qualitative inputs from local experts in order to model the seasonal
trade of the tomato crop as well as pest dynamics. Some of the challenges arise from the fact that the
datasets vary in their spatial and temporal resolution and their year of release. Owing to the unique
geography of Nepal, the vegetable production cycle varies with altitude (see Figure 2b). The annual
production data was combined with the knowledge of production cycle to model the spatio-temporal
variation in production across seasons. Major vegetable markets were geolocated using Google Maps, and
Google Distance Matrix API was used to construct the road network and compute travel times. Several
organizations have been involved in the monitoring of T. absoluta spread in Nepal: Nepal Agricultural
Research Council (NARC), United States Agency for International Development (USAID), iDE Nepal,
ENBAITA, and Agricare Pvt. Ltd. The pest was monitored using pheromone traps that were installed in
several Village Development Committees (VDC). In May 2016, T. absoluta was officially reported by
NARC’s entomology division in Lalitpur (near Kathmandu). More details are provided in Section ?? of
Supplementary Information. For the purpose of our analysis, we used surveillance data until May 2017, a
year after the first official report (Figure 2c).

2.2 Nepal’s physiography, tomato production, trade and demographics
Despite being a small country (800km along the Himalayan axis, 150-250km across), Nepal has high
geographic diversity owing to its altitude. Along the north-south axis, Nepal is divided into three belts,
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namely Terai, Mid Hills and High Hills (or Mountains) (Figure 3a). Terai is a densely populated region
(with more than 400 people/sq.km. (Ali 2000)), while the High Hills are the least populated (with
the exception of Kathmandu valley, which has the highest population density in Nepal). The altitude
variations also impose different seasonal cycles for agricultural production (see Figure 2b). Production
in the Mid Hills and High Hills is largely restricted to the summer months of May to November, while
the Terai region produces during the winter months of November to May. Even though Nepal imports
tomatoes from India all year round, the volume is not significant enough to influence domestic trade.
For instance, in 2014 Nepal exported only 1% of its tomatoes and imported about 6-7% of its total
consumption (http://www.fao.org/faostat). Also, the tomato processing industry in Nepal is not well
developed, and fresh tomatoes are mostly traded for consumption (Nepal Economic, Agriculture, and
Trade 2011). This motivates the use of population and per capita income as indicators of tomato
consumption in a given district. Nepal is divided into development regions from east to west as shown in
Figure 3e. The Central Development Region (CDR), which includes Kathmandu, generates 80% of the
country’s revenue, and 60% of government expenditure is allotted to it (Vandernoot and Van Hove 2014).
In comparison, the revenue generated by the Far Western Development Region was less than 5% of that
of CDR.

Kathmandu

East-West Highway

(a) Market network
(b) Production seasonality
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Figure 2: Market locations, production cycle and T. absoluta monitoring and distribution in Nepal. Data
shown represents surveillance until May 2017.
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2.3 Modeling the domestic tomato trade network
The domestic trade of tomato is modeled as a network of flows between major vegetable markets in Nepal
based on the following premise: the total outflow from a market is a function of the amount of produce in
its surrounding regions, and the total inflow is a function of consumption, which in turn is a function of
the population to which it caters and the corresponding per capita income. The main assumptions in this
model are based on the discussion in the previous section. They are: (i) imports and exports are not
significant enough to influence domestic trade; (ii) fresh tomatoes are mainly traded for consumption as
there is negligible processing; and (iii) the higher the per capita income, the greater the consumption.
The nodes of the flow network are the major markets, 69 in all (Figure 2a). The seasonal flows are

estimated using a doubly constrained gravity model (Kaluza et al. 2010; Anderson 2011). The flow Fij

from location i to j is given by Fij = aibjOiIjf(dij) where, Oi is the total outflow from i, Ij is the total
inflow to j, dij is the travel duration from i to j, f(·) is the distance deterrence function, and coefficients ai

and bj are computed through an iterative process to ensure flow balance. The reader should note that
the resulting network can contain self loops representing volume consumed locally. The total outflow Oi

is a function of the seasonal production assigned to that market. The total inflow Ij is a function of
consumption at the market. Based on Figure 2b, we identified two seasons – S1: June to November and
S2: December to May. We partitioned the districts into two groups: Mid Hills and High Hills belong
to group 1, while the Terai districts belong to group 2. All districts belonging to group i were assigned
their respective annual production for season Si and zero for the other season. Thus, we derived two
distinct flow networks, one for each season by assigning for every district, its production to one season.
The details of how these quantities were estimated is in Section ??, Supplementary Information. Also
provided are the methods used for validation and sensitivity analysis.

2.4 Spread dynamics
We apply a discrete-time SI (Susceptible-Infected) epidemic model (Pastor-Satorras et al. 2015) on the
domestic trade networks to simulate the spread of T. absoluta by the domestic trade pathway. Each
node is either susceptible S (free from pest) or infected I (pest is present). Henceforth, we use the term
“infected” for a node or a region frequently to imply T. absoluta infestation at that location. A node i in
state I infects each of its out-neighbors j in the network with probability proportional to the flow Fij at
each time step t. The infection probabilities are obtained by normalizing flows globally: λij = Fij

maxi,j Fij
.

The model is based on two assumptions: (i) an infected node remains infected and continues to infect its
neighbors, and (ii) the chance of infection is directly proportional to the volume traded. Considering
the fact that Nepal was ill-prepared for this invasion and the lack of effective intervention methods,
(i) is a fair assumption. Historically, T. absoluta has spread rapidly in regions where tomato trade has
been the highest (parts of Europe and Middle-East for example) thus motivating assumption (ii). The
quantity of interest is the probability that node i is infected by time t given the initial condition f0 (which
assigns probability of infection at time step t = 0 to each node). We denote it by PI(i, t, f0). In general,
computing it is difficult. We adopt the dynamic message passing algorithm by Lokhov et al. (Lokhov
et al. 2014) to estimate this. This is described in (Venkatramanan et al. 2017).

The initial configuration f0 is chosen to mimic a spatially dispersed seeding scenario. We first select a
central seed node, and then use a Gaussian kernel with parameter σ around the seed node to assign initial
infection probabilities for neighboring markets. A market at a geodesic distance d from the seed is assigned
the infection probability e−

d2
2σ2 . The kernel accounts for factors such as uncertainty in determining the

pest location, the possibility of spread of the pest through natural means, as well as interactions between
these markets.

A Bayesian inference approach for model evaluation. Given that Nepal had limited resources to
monitor the T. absoluta invasion, the pest incidence reports are not adequate. While it is hard to
determine month of invasion at any location, some confidence can be placed on whether introduction
happened by the end of a particular season. We evaluated our model based on the following backward
inference problem: for an observation of node states at time t, what is the most likely origin of invasion
(also known as the source detection problem (Shah and Zaman 2011))? We examined the likelihood of
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markets or regions being the source nodes, and in particular, we compared this with the likelihood of
the region around Kathmandu being the source. Suppose O is the observation criterion; it consists of
pairs (v,X) where v is a node and X ∈ {S, I} is a state. For each candidate initial condition f0, we
estimated the joint probability of O at a time step t as a product of the marginal probability estimates
from the message passing algorithm and define an energy function for each tuple (f0, t) as

φ(O|f0, t) = − log
( ∏

(v,X)∈O

PX(i, t, f0)
)

The lower the value of φ, the higher the likelihood of f0 being the initial condition. Secondly, recalling the
uncertainty in interpreting time step t, we examined the relative likelihoods of each f0 and the stability of
the ranking across a range of model parameters. This is again discussed in (Venkatramanan et al. 2017).

2.5 Long-term establishment
In order to evaluate the long term establishment potential of T. absoluta in Nepal, various growth
and stress factors regulating the development of T. absoluta were computed with particula reference
to Kathmandu District. The parameter fitting values used in our study for CLIMEX modeling were
iteratively changed after Tonnang et al. (Tonnang et al. 2015). This was done particularly for lower
temperature threshold (DV0) and upper temperature threshold (DV3) to 7°C and to 40°C, respectively, in
order to accommodate areas with T. absoluta infestation reported in Nepal. We used EI scaled up to 100
in order to get a clear gradient picture in terms of suitability of the pest in different geographical localities
within Nepal, with 0 EI indicating non-suitable areas for T. absoluta establishment and areas with higher
EIs indicating proportionately more favorable climatic conditions for the pest. Meteorological data of
Nepal over the years indicates an increase in the average temperature at a rate of 0.05°C/year between
1975 to 2005 (Marahatta et al. 2009). Rising temperatures may a have a direct impact on the spread and
establishment of the insect pests. Keeping this in view, an impact of 1°C rise in temperature scenario
was also modeled to determine the near future potential areas for the establishment of T. absoluta. The
resulting differences in EI values were mapped to find the influence of a 1°C rise in temperature for
different regions in Nepal for T. absoluta establishment.

2.6 Economic impact
Direct economic impact. The direct impact measures the direct revenue loss from the tomato crop as
determined by P

∑
i hyilizi which is the sum of loss encountered by each district. For each of Nepal’s 75

districts, the spread dynamics module provides the probability of invasion and hence the proportion of
area affected (zi). The proportional loss in the affected area (h) is assumed to be 0.25. Here yi is the yield
per unit of land in district i before being affected and li is the tomato production area in the district.

Total economic impact. We use the partial equilibrium approach (Alston et al. 1995; Soliman et al.
2012), which focuses on the dynamics of the tomato market and assumes that the price for substitute
and complementary goods are given, i.e. no changes occur in the substitute and complementary goods
market due to changes in tomato prices. Due to T. absoluta infestation, the supply curve of tomato
shifts leftwards in each district based on the probability of invasion. Assuming no changes occur in
the downward sloping demand curve, shift in supply results in a higher equilibrium price and lower
equilibrium quantity. This further impacts the consumers’ and producers’ welfare as measured by the
consumers’ surplus and producers’ surplus (profits).
The total economic impact, or the change in social welfare, is the sum of change in consumers’ and

producers’ surplus. To measure this, we first estimate the demand parameters given the initial price and
then use it to estimate the new equilibrium price. Once both prices are known, we calculate the changes
in consumers’ and producers’ surplus and hence the social welfare. For details on the economic impact
calculation, please see the Supplementary Information.
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3 Results
3.1 Structural properties of the trade network
Recall that there are two networks, one for each season S1 and S2, each comprising of 69 nodes. Analysis
of the networks with respect to the gravity model parameters is discussed in (Venkatramanan et al. 2017).
In Figure 3, we present representative observations of tomato trade between markets resulting from the
gravity model. It is helpful to view these results in terms of the physiographic divisions (Figure 3a) and
development regions (Figure 3e). Our model accounts for the fact that the High Hills/Mid Hills and the
Terai are the primary sources of tomato during seasons S1 and S2 respectively. This is clearly reflected in
the net flow diagram between geographic regions: north (High Hills/Mid Hills) to south (Terai) in S1 and
south to north in S2. However, an interesting pattern to be noted is the significant flow from east to west
during S1 as observed in the net flow diagram between the Development Regions. The East and Central
Development Regions produce significantly more tomatoes than the other regions. Also, the presence of
the arterial East-West highway that almost covers the entire breadth of the country (Figure 2a) helps in
the east to west trade.

Comparison with the annual flow network. To evaluate the importance of seasons, we constructed the
annual flow network by using the gravity model with annual production for each district. The resulting
flows are shown in Figures 3h and 3d. Compared to the seasonal flows we see that annual flows are of
shorter distance and thus there is not much flow between regions (either between east and west or south
and north). This comparison clearly emphasizes the need to account for seasonal trade.
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Figure 3: The spatio-temporal structure of the flow network. S1 ranges from May toNovember,
while S2 ranges from December to April. The first row shows the flow from east to west between
development regions of Nepal. The second row depicts the flow from north to south between
regions of different altitudes. While the second and third columns correspond to seasonal flow,
the last column corresponds to the flows generated from annual data.
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3.2 Role of trade network in pest spread
The experiment was setup under the premise that T. absoluta was first introduced to Nepal in the
Kathmandu valley. Ground experts have high confidence in this assumption since the pest was not
discovered in the previous growing season in other parts of Nepal. Given the pest reports till December
2016 (Figure 2c), we evaluate our model based on the following backward inference problem: for an
observation of node states at time t, what is the most likely origin of invasion? This is also known as
the source detection problem (Shah and Zaman 2011). Using the energy function defined in Methods,
we examine the likelihood of markets or regions being the source nodes, and in particular, we compare
this with the likelihood of the region around Kathmandu being the source (see Figure 4). Secondly,
recalling the uncertainty in interpreting time step t, we examined the relative likelihoods of each f0 and
the stability of the ranking across a range of model parameters.

We considered the spread during June-November (season S1) for model evaluation. Using the S1 flow
network, our objective was to rank various starting configurations f0 based on φ(O|f0, t) given O, t. For
a given σ, we evaluated the likelihood of each node being the central node. We considered two criteria
based on which the likelihood of each f0 as the starting configuration was computed: (i) OG: this is the
set of all pairs (v, I) where v is a market node that belongs to a district that reported pest presence by
December 2016. (ii) OB: this is the set of (v, I) for all nodes v, setting up the baseline which assumes no
observational data.

The results are shown in Figure 4. Firstly, we observed that for both criteria OG and OB, the top few
ranks are relatively robust to varying network and model parameters. Also, for both criteria markets
from the Central Development Region (CDR) that belong to Kathmandu and its adjacent districts are
among the top ranked nodes. Interestingly, for the criterion OG, Dhankuta (EDR), with the highest
assigned production has a very low rank (Figure 4a) and a low φ value compared to the top market
in OG. However, for OB, it is ranked second (Figure 4b). This clearly shows that while Dhankuta has
the potential to infect a large number of areas, given what has been observed it is very unlikely that it
was the source of infection. Dhankuta reported presence of the pest only towards the end of 2016 (see
Figure 2c).

Spread in season S2 To study the spread from November 2016 to May 2017, we considered the dynamics
on season S2 network. To set the initial conditions, we used the results of our inference study and chose
Kathmandu with σ = 10 as the seed distribution. For this initial condition, we obtained the probability
of infection for all nodes in S1 for T1 time steps. This distribution is used as initial condition for the S2
network spread. Figure 4c shows the infection probabilities for a particular combination of (T1, T2). As
seen in Figure 4c, our model suggests that most of Terai and Mid Hills regions of CDR and WDR were
affected by the end of May 2017, and in the subsequent seasons, the pest should affect most of the Terai
and Mid Hills region. From Figure 2c, we see that regions belonging to Terai in CDR and Mid Hills of
WDR and MWDR had already reported pest presence (marked in Figure 4c). The latest reports indeed
corroborate our findings. With the exception of 3-4 districts, the pest is present in the entire Terai and
Mid Hills regions.

While the intended usage of the origin inference formulation is to determine the source of infection, we
have adapted it to compare expected spread in the model with observed data. Our results demonstrate
that this framework is in general very useful in finding the likely pathways of introduction of the pest.

3.3 Establishment potential
Figure 5a shows the plot of Ecoclimatic Indices (EI). The Terai and Mid Hills show relatively favorable
climatic conditions for T. absoluta establishment. The locations that already report pest incidence
have EI ranging from 30-75. High Hills does not favor its establishment, which may be attributed to
severe cold stress. Eastern parts of Nepal (districts such as Udaypur, Saptari, Sindhuli and parts of
Sansari) are more favorable to T. absoluta establishment than the central and western parts. With
a rise of 1°C in temperature, most of the Terai regions of Nepal may experience a reduction in the
EI value (ranging from 15-20), though the pest can survive and establish itself in these regions (see
Figure 5b). But some parts of Mid Hills may experience an increase (15-20) in EI values with a 1°C
rise. However, considering the increasing adoption of protected cultivation methods (Nepal Ministry of
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Figure 4: Evaluating the spread model using epidemic source inference framework. (a) The
average rank of each market based on the likelihood for the criterion OG for a range of model
parameters. (b) Same as (a), but for criterion OB. (c) Spread in S2. The parameters used
were β = 2, κ = 500, σ = 15, γ = 1, T1 = T2 = 10 with Kathmandu as the seed node. The blue
dots correspond to markets whose districts reported T. absoluta presence before December 2016
(season S1), while the red dots correspond to markets which reported later. More details on
sensitivity analysis are presented in (Venkatramanan et al. 2017).

Agriculture Development 2012), this is in some sense a conservative estimate. As observed in Europe
and Mediterranean regions (Karadjova et al. 2013), T. absoluta has been known to survive unfavorable
weather conditions in greenhouses.

In particular, Kathmandu and its surrounding locations have an EI in the range of 15-45, corresponding
to low to moderate level of infestation. Growth index analysis for Kathmandu region (see Figure S4 in
Supplementary Information) indicates that infestation can be expected throughout the year. The weekly
growth index peaks during February-March and October-November, indicating the possibility of higher
incidence of T. absoluta; the lower weekly growth index during April-May indicates lower incidence of the
pest. Another growth promoting factor for T. absoluta identified for Kathmandu is the moisture index
which directly influences the weekly growth index of the pest.

3.4 Economic impact analysis
We evaluated the economic impact of T. absoluta in Nepal based on the projection of its spread from
the initial infestation in Kathmandu. Since Nepal’s tomato production is less than 0.2% of the global
tomato production, most of which is used to meet the domestic demand for tomatoes, and it exports
only 1% of its production, so we treated it as a small closed economy (http://www.fao.org/faostat). A
25% crop loss (Bajracharya et al. 2016) in cultivated areas infected by T. absoluta results in a direct
economic impact of $19.7M (Supplementary Information). The direct impact, however, does not account
for the change in the market price of tomatoes due to loss in the crop or the impact of price change on
consumers’ and producers’ welfare.

To calculate a more comprehensive total economic impact, we used the partial equilibrium approach (Al-
ston et al. 1995; Soliman et al. 2012). The comprehensive economic impact analysis shows a social
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Figure 5: Long-term establishment potential. (a) Plot of the Ecoclimatic Index (EI) for current
climate conditions. (b) The difference between EI’s of current scenario and 1°C rise in tempera-
ture.

welfare loss of $22.4M and a price increase of 32%. The analysis assumed ‘demand elasticity to price’
to be -0.7, ‘supply elasticity to price’ to be 0.5 (https://data.ers.usda.gov), base price at $400 per ton
(www.kalimatimarket.com.np), crop loss due to pest invasion to be 25% (Bajracharya et al. 2016), and
reduced net price due to increased cost of production from pest control to be 80% (Khidr et al. 2013).
The pest risk probabilities were obtained after running the spread model for 10 time steps.

As mentioned in the model evaluation, due to inaccurate and inadequate incidence reports, it is not
clear what time duration each simulation step t corresponds to. So we performed a sensitivity analysis
of the economic impact for two other time steps; one where the spread model is run for only 5 time
steps and the other where it is run for 20 time steps. The longer run forecasts result in higher pest risk
probabilities and hence higher economic impact, and vice versa. Pest risk probabilities based on 5 time
steps, ceteris paribus, result in a direct economic impact of $16M and a total economic impact of $17.5M,
whereas after 20 time steps these numbers increase to $21.5M and $24.7M respectively.

4 Discussion
Even though Nepal is mainly an agrarian society, its agriculture has been predominantly characterized by
subsistence farming, poor marketing infrastructure, and dependency on imports from neighboring India.
However, in the past decade, there has been a surge of efforts to improve this situation (Nepal Ministry
of Agriculture Development 2012; Nepal Economic, Agriculture, and Trade 2011). Increasingly, farmers
have been adapting protected cultivation methods such as tunnel farming (Nepal Ministry of Agriculture
Development 2012) to increase yield, and reverse the trend of importing. Also, given its unique geography,
Nepal is among the most susceptible regions to climate change (Kindlmann 2011, Chapter 2). Under such
conditions, major invasion events such as T. absoluta are detrimental to its biodiversity, economy, and
societal well-being in general. Therefore, there is a desperate need for concerted efforts to understand
the complex food system of this country and increase its reactive capacity and resilience to attacks from
invasive species. We believe that our work has taken the first steps in this direction.

Although there is general consensus that vegetable and seedling trade is a primary driver of T. absoluta
spread (Desneux et al. 2010; Karadjova et al. 2013; USDA 2011; Campos et al. 2017), previous modeling
efforts have only focused on establishment potential (Desneux et al. 2010; Tonnang et al. 2015) and spatial
dispersion (Guimapi et al. 2016). This is the first work that analyzes human-mediated pathways in the
context of T. absoluta. Some methodological aspects pertaining to this work appear in Venkatramanan
et al. (2017).

Related work. In recent years, there has been a lot of interest in studying the role of international trade
and travel in invasive species spread. Nopsa et al. (2015) studied the structure of a stored grain network
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induced by storage facilities and an underlying rail network. Carrasco et al. (2010) use phenology models
along with gravity models for human-assisted dispersal. Nopsa et al. (2015) evaluated the structure of
rail networks in the US and Australia for pest and mycotoxin dispersal. Colunga-Garcia et al. (2009)
used the regional freight transport information to characterize risk of urban and periurban areas to exotic
forest insect pests in the US. Robinet et al. (2009, 2016) developed a long-distance dispersal model to
study the spread of pests that accounts for heterogeneous human population densities in the study region.
International (Early et al. 2016; Ercsey-Ravasz et al. 2012; Kaluza et al. 2010) and domestic (Magarey
et al. 2011; Colunga-Garcia and Haack 2015) trade datasets have been analyzed to assess the susceptibility
of countries to invasive alien species and contaminants. Tatem (2009) showed that the world-wide airline
network increases the risks of establishment by providing busy transport links between spatially distant,
but climatically similar regions of the world.

Challenges. Agro-trade networks are a complex system problem. The networks depend on varied factors,
including seasonal production, population distribution, cultural factors, economic activity, storage, and
transport infrastructure. Furthermore, data needed to develop agro-trade networks is often sparse, noisy,
misaligned in reporting time and is not openly available. Apart from quantitative datasets, there is
also need for qualitative information pertaining to the study region such as cultural practices, seasonal
production cycles, etc. Interpreting this data and integrating it into model design requires local knowledge.
Challenges exist in obtaining high-resolution pest distribution data. Monitoring is a resource intensive
task. Also, the pest might not have been detected during the off season due to host unavailability. Its
reporting might be delayed by farmers due to lack of awareness or fear of quarantining. Given these
constraints, there might be several months of delay in reporting pest presence. Another challenge is
validating the network representations. While international trade data is available at the commodity level,
domestic data is hard to come by. Even in data-rich regions such as the US, the available sample data
(e.g. Freight Analysis Framework1) is aggregated at the commodity level. The role of these networks in
the study of invasive species requires one to understand the ecological contagion processes.

Limitations and possible improvements. Since our study is one of the first to consider regional com-
modity flow analysis in the context of pest spread, especially T. absoluta, there are several avenues for
improvement. While some of the limitations arise from lack of refined data, others are due to the limited
understanding of the underlying complexity of pest invasions. The former may be the norm for emerging
contagions in a data-poor region, whereas the latter will need several iterations of model development
and validation by the scientific community. Our model predominantly focuses on commodity flow, and
does not explicitly account for natural or other modes of spread (infected seedlings from nurseries for
example). A more comprehensive model will need to integrate ecological suitability and biology directly in
the diffusion process. Further studies will be needed to understand the pest’s flying capacity, influence of
wind direction, alternate hosts, etc. to realistically capture spread dynamics. Transportation of infected
seedlings from nurseries to production sites and dispersal through packaging material are other possible
causes of long-distance spread, thus hinting at multiple pathways that need to be accounted for within
the umbrella term of “commodity flow”. While gravity models have been applied to study a diverse
set of phenomena that concern interaction between entities (Erlander and Stewart 1990; Kaluza et al.
2010; Bossenbroek et al. 2001; Thiemann et al. 2010; Jongejans et al. 2015; Krings et al. 2009) they do
have known shortcomings (Simini et al. 2012; Rothlisberger and Lodge 2011). Further, the model could
be refined by accounting for price variations and commodity varieties. The assignment of demand and
supply attributes was done assuming homogeneous distribution of district level production and population
information. This can be improved with (i) population and production estimates at a higher spatial
resolution, (ii) ground survey data on each market’s scope. The same holds for temporal resolution in
assigning seasonal production.
We have described a first-principles based commodity modeling framework that integrates easily

available datasets on population, production, etc. to model the flow of agricultural produce. We have
demonstrated the validity of the constructed networks, and have used it to understand the impact of
commodity flow on pest spread. Despite being limited by the availability of quality validation datasets, a

1https://ops.fhwa.dot.gov/freight/freight_analysis/faf/
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bare bones framework such as ours can be quickly extended to other vegetables, pests and regions with
minimal effort.
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