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Abstract
Optimal control of spread processes over networks is a challenging problem, even for simple diffusion models. Real-world processes— 
such as infectious disease outbreaks and biological invasions—often involve multiple spread pathways and time-varying network 
dynamics. In this work, we address the problem of region-wide interventions, where the goal is to select an optimal set of regions 
(groups of nodes) in a network to minimize spread, subject to budget constraints, intervention delays, and a given spread scenario 
which reflects prior knowledge of the process—such as initial infection locations, parameter estimates, and other context-specific 
assumptions. We present a general approach based on integer linear programming and sample average approximation, applicable 
across a broad class of diffusion models. We also establish theoretical performance guarantees for our method within the bicriteria 
approximation framework. To demonstrate its effectiveness, we apply the approach to model the spread of a representative 
agricultural pest. Our method yields near-optimal solutions and consistently outperforms standard baselines. The results emphasize 
the value of scenario-specific intervention strategies, showing that early action can significantly reduce spread under limited budgets 
and produce stable outcomes even under model uncertainty.
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Introduction
Many real-world spreading phenomena, such as the transmission 
of infectious diseases, invasive species, memes, and malware, can 
be naturally represented as propagation processes over networks 
(1–4). Some examples include the spread of infectious diseases, in
vasive species, memes, and malware. Mitigating such spread 
processes is well-studied from a network perspective and corre
sponds to removing targeted nodes or edges in order to minimize 
the spread (4, 5). There are practical constraints, such as limited 
availability of resources, costs incurred, delay in discovery of the 
outbreaks, and the inability to respond promptly, that limit how 
many nodes can be intervened at and how quickly one can achieve 
this (6–9).

However, controlling network propagation processes is compu
tationally very challenging due to the cascading effects (10). Most 
of the existing solutions are entirely based on structural proper
ties of the underlying network that are known to influence the 
spread such as centrality measures or spectral properties 
(11–15). The few recent works that do account for the dynamics 
are only applicable to simple epidemiological models (13, 16–19). 
In most practical settings, the high complexity of the stochastic 
spread processes manifest in their models. One has to rely on in 
silico studies to understand spread dynamics as closed-form ana
lytical solutions are seldom possible (20–29). In addition, these ap
proaches for control are not typically equipped to incorporate 
priors such as possible introduction scenarios and response 
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capabilities. Our objective is to bridge this gap. We develop a gen
eric simulation-driven approach for scenario-specific control of 
network propagation processes with provable guarantees and ap
ply it in the context of biological invasions.

Pests and pathogens (P&P) are a major threat to the environ
ment, agriculture, and health (30–34). The spread of P&P is a mul
tipathway phenomenon driven by various natural and 
anthropogenic factors (35), which can be modeled as a network 
propagation process, (6, 36–45), where nodes represent spatial re
gions (eg grid cells, farms, counties, and hosts) and edges re
present flows between regions (eg through wind, trade of crops, 
or animal movement) through which the organism spreads over 
the network. An example of such a network is provided in Fig. 1b.

Modeling has played an important role in preparing for an inva
sion as well as guiding surveillance and interventions during an 
outbreak. Risk assessment tools are regularly used to assess emer
ging threats by identifying pathways of introduction and spread, 
determining the spatial distribution of establishment potential, 
and evaluating management methods (46, 47). There is extensive 
work on evaluating reactive strategies such as host removal and 
ring vaccination (livestock) during an outbreak (21–24, 27, 29, 48). 
However, in the context of preparing for an impending invasion, 
these works do not directly address the problem of where to inter
vene when resources are limited. Existing methods provide solu
tions based on structural properties of the underlying network 
without considering probable introduction scenarios and interven
tion delays (43, 44, 49, 50). Developing practical scenario-specific 
intervention strategies at the appropriate scale that account for 
model complexity, heterogeneity, and resource limitations is an 
important requirement in this domain (51).

In this work, we introduce a new budgeted group intervention 
problem with time delays. Let G(V, E) be a graph with a collection 
of mutually disjoint subsets of nodes called groups. While in gen
eral, a group can be an arbitrary subset of nodes, from the domain 
perspective, it is a patch of spatially contiguous nodes (such as a 
city or a county, see Fig. 1b). A spread scenario S encapsulates pri
or knowledge, including the diffusion model, its parameters (or 
more generally, their distributions), and the potential seeding of 
the contagion. Intervening at a group corresponds to removing 
all nodes belonging to that group, thus controlling the spread. 
The objective is to determine the optimal set of regions to inter
vene, satisfying the budget constraints, so that the spread is mini
mized under the given scenario. The formal definition is as 
follows. Intervening at a group corresponds to removing all nodes 
belonging to the group, thus controlling the spread.

IASCONTROL problem: Let G = (V, E) be a temporal edge-weighted and 
edge-labeled directed graph with a set of groups Q and S be a spread scen
ario specifying priors corresponding to the stochastic spread process and 
potential introduction of the contagion. Given a budget B on the number of 
groups that can be intervened, an intervention delay τd (the number of 
time-steps after revealing the source at which the intervention is per
formed), the objective is to select B groups to intervene at time step τd 

so as to minimize the spread for scenario S.
Node-level intervention, which is very well studied, is a special 

case where each node belongs to its own group. The interventions 
considered in this work are nonadaptive, ie the decision to inter
vene is not made by observing the system state at time τd − 1 or be
fore, unlike reactive control. Instead, it is based on the expected 
state of the system at τd. It corresponds to the delay anticipated 
by the modeler between the start of the spread and the implemen
tation of the intervention, which could be due to various reasons 
such as the late discovery of the spread due to insufficient surveil
lance or the lack of infrastructure for prompt control of spread.

Contributions
This work addresses the IASCONTROL problem for a broad class of 
discrete-time network diffusion models. We show that for even 
very restricted settings, the IASCONTROL problem is computational
ly hard. Our approach to solve this problem involves sample aver
age approximation (SAA) (52–54) and rounding linear programs 
constructed from a (small) user-generated scenario-specific sam
ple of simulation instances (henceforth referred to as cascades). 
Figure 1a provides an outline of the process). This general frame
work enables a user to specify various (often complex) what-if 
counterfactuals and better prepare for an impending or ongoing 
invasion. Rigorous theoretical guarantees with respect to the opti
mal solution and extensive experimentation on realistic networks 
demonstrate the effectiveness as well as feasibility of the method. 
We apply our approach to study the spread of the South American 
tomato leafminer (55) (Phthorimaea absoluta), a representative pest 
that has rapidly spread worldwide. We demonstrate the superior 
performance of our approach by comparing it with multiple base
lines. We extensively analyze the solutions with respect to the 
quality of approximation, stability with respect to cascade sample 
size, and model uncertainty. Our experiments emphasize the 
need for effective surveillance towards early discovery of P&P 
that enables effective mitigation under various uncertainties, 
while delays in intervening can lead to larger budget requirements 
and variance in solutions.

Results
Our work is applicable to the general class of SEI(RS) discrete-time 
network diffusion processes, where S, E, I, and R stand for node 
states Susceptible, Exposed, Infectious, and Recovered, respect
ively. In this work, we will focus on the MULTIPATH model of 
McNitt et al. (43) in the context of invasive species spread over a 
geographic landscape. It is an SEI process defined over a multi
scale directed weighted network. All these models are defined in 
the Methods.

Computational hardness
We show that the group-scale intervention problem for MULTIPATH 

is NP-hard even when the graph G is a tree. Further, while the ap
proximation hardness for IASCONTROL is still open, we show that a 
variation—where a target bound K on the number of infections is 
given and the goal is to minimize the budget so that the expected 
number of infections is at most K—is very hard to approximate 
due to the group-level decisions. Formal statements are provided 
in the Supporting information (SI).

SPREADBLOCKING framework
We present a framework to solve the IASCONTROL problem (see 
Fig. 1). Then, we argue that this approach can be generalized to 
other complex diffusion models that follow SEIR-class dynamics 
such as SI, SIS, SEI, SEIR, etc. Our framework has the following two 
main steps (see Fig. 1a): (Step 1): Represent the dynamics of the com
plex epidemic model as an Susceptible-Infectious-Removed (SIR) pro
cess (overview of dynamics of SIR model are presented in Methods). 
This can be achieved by the notion of auxiliary graphs such as 
time-expanded networks. (Step 2): Solve the control problem corre
sponding to SIR process on the auxiliary graph. We use the SAA 
technique from stochastic optimization and the linear program
ming (LP) relaxation and rounding techniques to solve the control 
problem (16, 18).
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(Step 1) Representing MULTIPATH model as an SIR process
We represent the MULTIPATH model as an SIR process (instead of 
the SEI process) on an auxiliary network called the time-expanded 
network. Let Hte(Vte, Ete) denote the time-expanded network corre
sponding to the multipathway model on G(V, E). See Fig. 1c for a 
time-expanded graph of G in Fig. 1b. The key idea is to treat every 
node u at each time step as a distinct node, ie we have T + 1 copies 
{u0, . . . , uT} of u, where ui represents the copy of u at time step i. 
Here, T is the time horizon of the spread process. To incorporate 
the exposed state in the underlying SEI process of the multipath
way model, we have ℓ additional copies {ui,0, . . . , ui,ℓ−1}, corre
sponding to each ui, where ℓ is the latency period (time to 
transition from exposed E to infectious I). The edge set Ete consists 
of exactly the following four types of edges which corresponds to 
different events in a SEI process: S→ E, E→ E, E→ I, and I→ I. 
Figure 1c shows these transitions. The details linking the edges 
of Hte to G are in the SI.

Let OG denote a stochastic disease outcome of the SEI model on 
G or simply the cascade—this specifies the state σG(v, t) for each 

(v, t), and set of the edges (u, v, λ, t) such that node u infects v at 
time t through pathway λ. Similarly, let OHte denote a cascade in 
the SIR model on Hte. The following result establishes the equiva
lence between the MULTIPATH on G and the SIR process on Hte. The 
proof is in the SI.

THEOREM 1 Consider the multipathway diffusion process on 
G(V, E) for T time steps with a latency period ℓ ≥ 0 and the SIR pro
cess on the corresponding time-expanded graph Hte(Vte, Ete). 
Then, for any cascade OG and a consistent cascade OHte , the prob
ability that OG is the cascade in the multipathway process on G is 
equal to the probability that OHte is the cascade in the SIR process 
on Hte.

(Step 2) Intervention Algorithm
In Figure 1a, we provide the outline of the SPREADBLOCKING and in 
Fig. 1d, a simpler form of the algorithm is provided. A more de
tailed version of the algorithm is in the SI. Here, we extend the 

a

b

c

d

Fig. 1. SPREADBLOCKING framework. a) The workflow comprising of simulation of the user-defined scenario followed by transformation of the cascades to a 
standard time-expanded graph form, and the application of the SPREADBLOCKING algorithm on the transformed cascades. b) An example spatial network G 
with nodes (grid cells such as a and b) and groups of nodes Qi. Cascades Hi corresponding to a scenario are depicted. c) The time-expanded graph Hte 

corresponding to G for the given latency period ℓ (=2) and time horizon T (=4) is depicted. Also shown are the different types of nodes and the 
corresponding transitions. d) The simplified form of the SPREADBLOCKING integer linear program (ILP), where all variables are Boolean. The ILP is relaxed and 
solved. The final solution QSB is obtained by rounding the solution of the relaxed program. In some of our analysis, we also apply the heuristic where the B 
groups with the highest group variable values are selected as the solution.
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SAA-based techniques developed for node-level and edge-level 
intervention problems (16, 18). Firstly, M simulation outcomes or 
cascades {C1, . . . , CM} are generated for the scenario S. These cas
cades from the MULTIPATH process are converted to cascades corre
sponding to the SIR process on the time-expanded graph 
{H1, . . . , HM}. An ILP is constructed given these cascades, interven
tion delay τd, and budget B (see Fig. 1d). This ILP is relaxed to a lin
ear program LPτd , which is solved (in polynomial time) to obtain an 
optimal fractional solution. The fractional solution is rounded us
ing a simple threshold 1

2gm 
for each variable xq,τd corresponding to 

group q. Here, gm is the maximum number of groups associated 
with the set of nodes on any path in any cascade Hj, which can 
be computed efficiently (details in the SI). Groups whose variables 
were rounded to 1 correspond to the solution QSB selected for 
intervention. We provide theoretical performance guarantees 
for SPREADBLOCKING with respect to the optimal solution for the 
IASCONTROL. In particular, we show that SPREADBLOCKING is a bicrite
ria approximation algorithm (formally stated in the SI). Our main 
result is as follows (proof in the SI).

THEOREM 2 Given budget B and any positive real number ϵ < 1, let 
M ≥ (6B + 3)ϵ−2n be the number of cascades. Let QSB be the inter
vention set computed by SPREADBLOCKING algorithm. Then with 
probability 1 − 1

|Q|
, (i) infT(V(QSB)) ≤ 2( 1+ϵ

1−ϵ )infT(V(Q∗)), where Q∗ ⊆ Q
is an optimal solution for the given instance of IASCONTROL and 
(ii) |QSB| ≤ 2gmB.

Note that the approximation is at two levels: (i) Infection size, 
which is within a multiplicative factor of the infection size corre
sponding to an optimal solution and (ii) Budget violation: the num
ber of groups intervened is within a multiplicative factor of budget 
B. Note that these are worst-case bounds. In practice, even for very 
small sample sets of cascades, the algorithm achieves much 
smaller multiplicative factors as demonstrated in the following 
discussion. We propose a simple method to provide solutions 
that satisfy the budget constraint exactly. First, SPREADBLOCKING is 
called for multiple budget values. Then, we construct a solution 
by taking the largest available solution that is within the budget 
and add to it groups of high marginal importance from outside 
this set. A precise description is provided in the Methods. The re
sulting algorithm is denoted as SPREADBLOCKING+.

Performance evaluation
We compared SPREADBLOCKING+ to several baselines for different B 
and τd values by applying it on five realistic networks each 

corresponding to a country relevant to the spread of P. absoluta: 
Bangladesh (BD), Indonesia (ID), Philippines (PH), Thailand (TH), 
and Vietnam (VN) (details in Methods and the SI). In each case, 
the average fraction of nodes infected and budget violation was 
used as the metric for evaluation. We used four baselines, which 
are described in the methods. The baselines Maximum outflow 
and Eigenvector centrality choose candidates based only on their 
position in the network, while the Vulnerability baseline chooses 
candidates based on their role in the diffusion process. Only the 
baseline Personalized pagerank is seeding-scenario-specific but 
does not consider the diffusion model. We use the objective value 
from the relaxed program to compare with the integral solution: 
LP-LB (LB for lower bound) is the objective value corresponding 
to budget B′. It serves as a lower bound for expected number of in
fections for the integral solution, which uses a budget of B′.

Efficacy
Representative results for two networks are in Figure 2, one corre
sponding to increasing B for a fixed τd and the other corresponding 
to increasing τd for a fixed B. Summary results across networks, 
scenarios, B, and τd are shown in Figure 3a. In general, the per
formance of SPREADBLOCKING is superior compared to the baselines. 
We note that for lower B and τd, the performance is better suggest
ing that the solutions provided by SPREADBLOCKING for early inter
vention and limited resources scenarios are significantly better 
than other schemes. We note that SPREADBLOCKING has much better 
approximation guarantees in practice compared to the bound in 
Theorem 2. For most cases, the factor is <1.5. Even when compar
ing with the lower bound LP-LB (Fig. 3b), we notice that for almost 
all cases, the approximation factor is around 1.6 indicating that 
the performance is near-optimal for the considered networks 
and scenarios.

Budget violation
Figure 3c corresponds to budget violation given by the ratio of 
budget of the solution provided by the algorithm to the given 
budget with respect to a specific threshold used for rounding 
(1/2gm in the figure). In most cases, the budget violation is at 
most 2. This ratio goes down further with increase in budget. 
Occasionally, we also see that the given budget is higher than 
what is required, leading to a solution with fewer groups to inter
vene at. We observe that the threshold 1/2gm is a conservative 
choice and leads to budget violations that are higher than neces
sary. We experimented with higher thresholds as well (see SI) and 

a b

Fig. 2. Comparison of accumulated infections resulting after employing the algorithm(s) with respect to (a) budget and (b) intervention delay for one 
network and one scenario. The lines correspond to median values. These plots are for the rounding threshold of 1/2gm. The titles contain the following 
information in the order in which they are mentioned: network, budget/delay, seeding scenario, and pathway parameters αs and αℓd (short-distance and 
long-distance parameters defined in Methods in the description of the MULTIPATH. Plots for other networks is available in the SI.
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observed that the budget violation can be reduced significantly 
with a small impact on the number of infections.

Stability of solutions across sample sets
Since the solution of SpreadBlocking depends on the sampled 
cascades, it is possible that the solutions vary across different 
sampled sets corresponding to the same simulation scenario. 
From an end-user perspective, this is important as a large vari
ation in the solutions across different sample sets could lead to 
less confidence in decision making particularly if the solutions dif
fer in efficacy and budget violation. To analyze the variability in 
the solution set, we generated multiple sets of cascades with the 
scenario and number of cascades per set (M) fixed. Then, we com
puted Jaccard index for each pair of the solutions to quantify the 
similarity between them. The first row in Fig. 4 shows the results 
for two networks. More results are in the SI. We observe that vari
ation in solutions depends mainly on M. The greater the M, the 
lesser the variability. Consistently across networks, the variability 
is low for M ≥ 100. We note that, to a lesser extent, budget and 
intervention delay also play a role. Higher budget and higher 
intervention delay mean more candidates for intervention sets, 
and therefore, a higher chance of variance. The second row in 
Fig. 4 shows the distribution of the objective value (infection 
size) corresponding to each solution. As M increases, even if sev
eral solution sets are possible, we observe that they have very 
similar effectiveness in controlling the spread.

Analysis of the scenario-specific solutions
Intervention delay and model uncertainty
We studied the stability of solutions with increasing intervention 
delay under model uncertainty. Due to uncertainty in model pa
rameters, there can be multiple intervention solutions for a given 
spread scenario, budget, and intervention delay. To analyze these 
solutions under model uncertainty and thereby, provide robust 
solutions, we used a ranking-based approach. For a given seeding 
scenario and intervention delay τd, we gathered all solutions cor
responding to the various model parameters (see Experiment set
up in Methods) and budget values. We ordered the groups by their 
frequency of occurrence in these solutions with the interpretation 

that, higher the frequency, the more important is the group. Some 
of these plots are shown in Fig. 5 (last column) for one network 
with different seeding scenarios. We note that as the intervention 
delay increases, the ranking of groups changes significantly. 
Major production areas continue to be important with increasing 
τd. However, groups that are not production areas but are closer to 
the seeded location are important in the beginning, but lose their 
importance later. Even major production areas can lose their im
portance when all their neighbors are infected. Groups that were 
far away from seed groups to begin with will gain importance as 
the spread front approaches them. We also observed that with in
creasing τd, since the invasion is more widespread, the number of 
unique groups appearing in different solutions increases, and it 
becomes difficult to choose one group over the other. This under
scores the need for early discovery of the P&P and speed of intervention.

The effect of introduction scenarios
To study the dependence of the intervention solution on the seeding 
location(s), we considered different scenarios based on the pathway 
analysis in McNitt et al. (43). In Fig. 5, two seeding scenarios are 
shown. We note that the solutions and their evolution with respect 
to delay τd can be very specific to seeding scenarios. Under uncer
tainty in the seeding scenarios, the rank plots help identify common 
groups (if any) that can be intervened at for different τd.

Temporality of the pathway network and time of introduction
Since the network is time-varying, the rate of spread varies over 
the time. During peak growing season, high volumes of the host 
crops are traded facilitating faster spread. At the same time, dur
ing off-season, many nodes do not have any production, and 
therefore, are not suitable for establishment of the pest. 
Therefore, it is important to study interventions with respect to 
time of introduction. We considered different months of the 
year as the time of introduction keeping the budget and interven
tion delay constant. The results for one of the networks is in Fig. 6. 
We observe that significance of timing of interventions depends 
on the peak growing season. For example, intervening early is cru
cial at start month 3 due to peak production in many localities and 
high volume of trade, but not as crucial when the start month is 7. 

a b c

Fig. 3. Evaluating the results with respect to the number of infections and budget violation. This is a summary evaluation across networks, model 
parameters, seeding scenarios, budget and intervention delay. a) Performance evaluation of SPREADBLOCKING+ with respect to the accumulated infections: 
We plot the ratio of the number of infections given the solution of SPREADBLOCKING+ (#SPREADBLOCKING+) to the number of infections given the solution of the 
baseline (#Baseline) mentioned on the x-axis. Lower the better. b) Performance evaluation of SPREADBLOCKING+ with respect to the LP lower bound, and c) 
Budget violation with respect to user-given budget B. We plot the ratio of the SPREADBLOCKING budget and the user-given budget. Lower the better. Results 
for other thresholds are provided in the SI.
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Such knowledge can help in planning interventions such as bio
logical control and setting of traps whose efficacy can be time 
dependent.

The influence of pathways on the efficacy of interventions
Importance of pathways has been considered from the perspec
tive of extent of spread and damage (38, 43). Here, the focus is 
on the efficacy of the intervention. In the MULTIPATH model, three 
types of pathways (short-distance or natural, local human- 
mediated dispersal, and long-distance human-mediated disper
sal) are considered. For a fixed network and introduction scenario, 
we varied the short-distance pathway (parameter αs) and long- 
distance human-mediated (αℓd) pathway parameters. For the 
resulting models, SPREADBLOCKING was applied to compute the inter
vention solutions for various combinations of budget and inter
vention delay. Our results are in Fig. 7, where the efficacy of the 
intervention is evaluated based on the number of infections. To 
compare the solutions corresponding to different (αs, αℓd) pairs, 
we used the number of infections corresponding to LP-LB—the ob
jective value of the relaxed program corresponding to budget B— 
as the actual solutions of the SPREADBLOCKING algorithm might 
violate budget differently. When the intervention delay (τd) is 
small, with a small budget, long-distance spread can be effectively 
mitigated. In this case, the spread is controlled even for large val
ues of αs. However, for a larger τd (12), we observe that even a large 
budget is not effective in preventing the spread even for low values 
of αs and αℓd. This behavior highlights the importance of multipath
way spread in the context of intervention efficacy. Network struc
ture and the introduction scenario play an important role as well.

Network-specific observations
In networks with multiple interconnected localities that are large 
production centers (like VN and BD), the spread is difficult to con
trol. However, if the production centers are far apart, it is easier to 
isolate the affected localities and prevent further spread. Our ex
periments show that the Bangladesh network (BD) presents the 
greatest control challenge. This difficulty stems from the coun
try’s relatively small area (it is half the size of the next smallest 
country among those studied), dense internal connectivity with 

regard to commodity flow, and constant importation from 
neighboring regions, all of which facilitate rapid propagation. 
Also, considering the performance gap between the LP-LB and 
SPREADBLOCKING solutions (see Fig. 2 and SI), BD would benefit 
most from rapid, country-wide interventions, as opposed to highly 
targeted approaches. Conversely, for the PH and ID, targeted 
interventions prove effective due to their more localized produc
tion structures. For Vietnam (VN network), production and 
demand are clustered into two distinct northern and southern re
gions. Since P. absoluta was first detected in the north in 2019 and is 
yet to be reported in other parts. Our experiments are inline with 
this observation as they show that it is relatively easy to isolate or 
delay the spread to the south (Fig. 5, first column).

Discussion
The importance of scenario-specific interventions
Our analysis of solutions for various budget–delay combinations 
highlight the importance of early discovery and prompt response. 
In the case of P. absoluta, this can be attributed to how our food sys
tems are structured; concentrated production centers that are 
well-connected by human activities. It’s ability to spread through 
multiple pathways enables rapid range expansion as it jumps 
from one locality to another in one or two production cycles, 
which has been observed in multiple regions globally (55, 56). In 
most countries, by the time the pest was discovered and acknowl
edged as a threat, it had already spread to multiple localities, and 
without coordinated efforts to control it, it spread further in the 
subsequent growing seasons (56–59). Our experiments provide 
useful insights for preparing for and controlling in regions such 
as North America, where P. absoluta is not yet reported. In the 
United States, for example, there is a large influx of tomato im
ports from Mexico and Canada. The production regions in the 
United States are concentrated in a few areas such as California 
and Florida. Our experiments suggest that early detection and 
rapid intervention in the production regions close to the points 
of entry can help prevent or delay the spread to the rest of the 
country. Also, it is critical to estimate the time it takes for the 
pest to spread from one production region to another.

A B

C D

Fig. 4. Solution stability with respect to number of simulation instances M: Keeping the network and spread model parameters fixed, the number of 
simulation instances M was varied for several budget–intervention delay pairs. For each M, solutions for 100 independent sample sets were generated. 
The plots show the distribution of Jaccard index for each pair of solutions corresponding to two networks. More results are in the SI. a) and b) correspond 
to pairwise Jaccard index as the metric for solution similarity, while c) and d) correspond to variation in the objective value across different solutions.
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Interventions literature
The control of epidemic processes on networks is an extensively 
studied topic. In ordinary differential equation models, interven
tions can be computed optimally, eg Medlock and Galvani (60). 
However, optimizing individual-based interventions in network 
SEIR models is much harder (5, 13, 16–18) (as also seen from our 
hardness results). Prior approaches do not immediately translate 
to solutions for the P&P context. Firstly, the multipathway models 
like those considered in this work (38, 43, 61) are different from 
simple diffusion models for which the strategies are developed. 
Secondly, the goal is to minimize the expected number of work 
(13, 39, 45). In order to address these gaps, our work significantly 
extends the techniques developed in earlier works (16, 18) in sev
eral aspects. Using the notion of time-expanded graphs to re
present the simulation outcomes of the MULTIPATH model, we 
were able to apply the SAA approach to a broader class of 
SEIR(S) models. This approach naturally works for temporal net
works, for which there are relatively very few works that address 
interventions (4). Also, to the best of our knowledge, group-scale 
interventions of the form proposed in this work have not been 
considered before.

P&P literature
Previous works on control and surveillance in the spread of in
vasive species have mostly relied on heuristics such as degree 
centrality and risk-based criteria (43, 44, 49, 50). In the context 
agricultural pests and pathogens, areas of large production of 
host crops (or livestock) are natural candidates according to 
this strategy. Our results show that while these characteristics 
are important, the efficacy of such mechanisms critically 

depends on factors such as the introduction scenario and the 
delay in intervention. For example, if the production areas are 
far apart, at any given time not every production area needs to 
be intervened at. However, when there is uncertainty in the 
introduction scenario (both space and time), the challenge is 
to come up with solutions that are effective for each of the pos
sible scenarios. If prior probability distributions of scenarios can 
be estimated, it is straightforward to extend this work to ac
count for uncertainty in model and introduction events by sam
pling cascade ensembles from the respective scenarios 
according to a prior probability distribution. In this context, no
tions of robustness can be incorporated into the framework. For 
example, one natural objective would be to minimize the worst- 
case expected size of infection across the different scenarios 
(62). In the SI, we provide a modified version of SPREADBLOCKING 

ILP that achieves this objective. Chades et al. (6) use a simple 
spatial networked representation of metapopulation of the tar
get species to come up with simple rules for controlling spread. 
They develop strategies for various network motifs that are pre
sent in these representations.

Reactive control
Reactive control methods (21–24, 27, 29, 48) consider the setting of 
ongoing epidemics, deciding where and when to intervene based 
on observations of the current state of the system. Our work, on 
the other hand, is applicable to impending invasions or situations 
where the IAS has been recently introduced (accounting for inter
vention delays). Nevertheless, our results agree with the insights 
derived from this body of work. Firstly, these works stress on con
trolling at the frontier of invasion for optimal performance (21). 

a b c

d e f

Fig. 5. Spread patterns and solution sets under different seeding scenarios. Each row corresponds to a seeding scenario. For a set of model parameters, 
plots (a) and (d) show the pattern of unmitigated spread, plots (b) and (e) show spread with intervention at τd = 12 and B = 4 and 6, respectively, and plots 
(c) and (f) show ranking of groups for different B and τd values. The black dots are the localities. More results are provided in the SI.
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We arrive at a similar conclusion upon analysis of our solution 
sets, though, in a multipathway spread, the invasion wave front 
is not necessarily radial due to heterogeneity and multiscale na
ture of the spread (43, 63). Secondly, these works highlight the im
portance of delay in discovery and the need for a large budget if 
the control is delayed (22). Coupling with surveillance strategies 
and adaptive feedback-based control (64, 65) is an important dir
ection to pursue.

Limitations and future work
Our work can be significantly extended in many ways. Fairness 
constraints can be included to prioritize the protection of certain 
groups or nodes (like production areas). We can easily extend the 
proposed work to incorporate jurisdictional restrictions by remov
ing groups not under the jurisdiction from the candidate set of 
groups to intervene. Our experimental results highlight several 
implementation related challenges in addressing some of these 
extensions as the framework will be required to handle many cas
cades across scenarios. Heuristics such as pruning low vulnerabil
ity nodes can help mitigate this problem (18). The proposed 
method can be easily extended to multiple types of interventions 
that affect the spread at different spatio-temporal scales as long 
as these interventions correspond to removing a subset of nodes 

or edges. Our work does not consider efficacy of interventions. It 
is possible that not all nodes of a targeted group are intervened 
or still contain the pest due to reasons such as lack of compliance 
or deficiencies in the intervention method. In the setting of spread 
in human populations, Zhang et al. (66) considered group vaccin
ation where resources are allocated to groups, but the principal 
does not have control over which individuals in the group get vac
cinated. Extending our work to account for such scenarios is an 
important direction for future work. Despite these limitations, 
this work significantly contributes to the emerging body of litera
ture (20, 25, 28, 67, 68) on applying high-resolution simulation 
models to design effective surveillance and control policies for 
complex spreading processes.

Methods
SIR model
The network-based discrete-time SIR (69) diffusion process is de
fined as follows. Each node is in one of the following states: S, I, 
or R. At any discrete time step t, each node u in state I infects its 
susceptible neighbor v with probability equal to the weight 
w(u, v, λ, t) via the labeled edge (u, v, λ). Then, u transitions to state 
R at time t + 1.

a b c

d e f

Fig. 6. Interventions under two seeding scenarios, which differ in the time of introduction of the P&P, but are identical otherwise. Plots (a) and (d) depict 
the patterns of unmitigated spread for one set of model parameters, plots (b) and (e) correspond to delay 3 and plots (c) and (f) correspond to delay 1. 
τd. Model parameters are αs = 300, αℓ = 0.2, and αℓd = 50.
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The MULTIPATH model
The model developed in McNitt et al. (43) referred to as the 
MULTIPATH model is as follows. The study region is divided into cells, 
which correspond to the set of nodes V of the spatial network. 
There are groups of spatially contiguous nodes (called localities), 
which represent regions of major supply of host crops and de
mand. Many nodes do not belong to any locality. These are not can
didates for group-scale intervention. There are three pathways of 
spread. Self-mediated dispersal corresponds to diffusion from one 
cell to its adjacent cells, local human-mediated dispersal is diffu
sion within a group (farmer-market interactions), and long- 
distance dispersal corresponds to diffusion from cells from one 

group to another (trade). The diffusion model is a discrete-time 
SEI process where a node transitions from E to I after ℓ time steps, 
where ℓ is the latency period. A node has two periodic time-varying 
attributes, suitability ϵ(v, t) for pest establishment and infectivity 
ρ(v, t). Edges are directed and labeled, and have time-varying 
weights that determine the probability of infection from source 
to target. We use the notation w(u, v, λ, t) to denote the weight of 
the edge from u to v at time t corresponding to the pathway λ. 
The probability that a node can be infected (S→ E) through a path
way is modeled as a negative exponential function of infectivity, 
pathway parameters, and edge weights. These details are provided 
in the SI.

a

b

Fig. 7. The influence of the different pathways on the efficacy of intervention solutions. Here, the number of infections corresponds to the LP relaxation, 
LP-LB. Results for two networks are provided: (a) VN and (b) TH. More results are in the SI.
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The SPREADBLOCKING+ heuristic
First, we compute solutions to SPREADBLOCKING for the desired set of 
budgets B = {Bmin, . . . , Bmax} for a fixed delay τd. We denote by 
QSB(B) the solution obtained for an input budget of B. Note that 
|QSB(B)| ≥ B due to the bicriteria approximation. Next, we compute 
the marginal importance of each group q by computing a score 
􏽐

B′∈B
xq,τd (B′)

B′ , where xq,τd (B′) is the value of the variable correspond
ing to q from the LP solution for budget B′. For a target budget B, we 
choose the largest solution whose size is at most B. If no such so
lution exists, we set it to the empty set. Then, we add the remain
ing groups in the decreasing order of their marginal importance 
until the budget is met. This is denoted as Q+

SB(B). The initial set 
for intervention is chosen as the solution obtained for a smaller 
budget, as this provides a strong preliminary combination of tar
get groups. This baseline is then refined by adding marginally im
portant groups from the remaining set to meet the exact budget 
constraint.

Datasets
The networks along with their properties are listed in the SI. These 
were constructed by McNitt et al. (43) and are publicly available. 
There are several versions of the networks depending on the grav
ity model parameters. We used the values 2 and 500 for the dis
tance function exponent and cut-off, respectively. These are 
among the best model parameters obtained after calibration in 
their work. Each network has groups containing on an average 
20–30 nodes capturing key urban and producing areas. For most 
countries, a significant portion of the nodes do not belong to any 
group. However, these nodes together cover <20% of the total pro
duction and population in each country. The list of networks and 
their attributes are provided in a Table in the SI.

Experimental setup
The range of values for each parameter of the multipathway mod
el were chosen to cover the best models with highest fit to ground 
truth (43). We used a full factorial design for each network with 
pathway parameters αs ∈ [300, 500], αℓ ∈ [0, 0.2], αℓd ∈ [50, 200], 
Moore range rM = 1, start month = 5 and 100 replicates per simu
lation (unless explicitly specified). For the comparison with base
lines, each simulation was run for T = 24 time steps corresponding 
to a time horizon of 2 years. The seeding scenarios were picked 
from McNitt et al. (43). We also added a few more for counterfac
tual experiments. For performance evaluation, we used mean 
number of infections across simulation instances as the metric 
for the time horizon. More information, including our computing 
environment, is given in the SI.

Baselines
Here, we briefly describe the baselines used in the experimenta
tion. The eigenvector centrality algorithm computes the influence 
of nodes in the network—high score of a node indicates its connec
tion to many nodes that have high scores. The algorithm takes the 
network G and returns the top B nodes with highest eigencentral
ity scores (14). The personalized pagerank algorithm (70–72) takes a 
network G, the seeds of infection S, and budget B as input and re
turns the set of B nodes with highest pagerank score (personalized 
for the seeds S). The maximum outflow corresponds to ordering 
groups by outflow in the group-to-group network (similar to 
degree-based method for undirected graphs), and picking the 
top B nodes. This method is often applied in the invasive species 
literature (43, 44). In this case, we considered the annual outflow 
by aggregating the outflows across different months. The second 

method corresponds to ordering groups by vulnerability (18, 73). 
We observed number of nodes infected in each group at time 
step 12 and picked B most vulnerable groups.

Rounding scheme
In SPREADBLOCKING algorithm, the xq,τd 

variables in the fractional op
timal solution to LPτd 

are scaled by a factor 2gm, and rounded to 1 if 
the result after scaling is at least 1. The term gm corresponds to the 
maximum number of groups associated with any path in any Hj. 
To obtain the value of gm, we use a dynamic programming ap
proach leveraging the fact that each cascade is a directed acyclic 
graph. The algorithm is provided in the SI along with a computa
tional complexity analysis.

Computation time and scalability
The size of the ILP instance depends on the number of simulations 
and cascade size, which in turn depends on network size, model 
parameters, and the time horizon. We also note that the value 
of the budget—intervention delay adds to the complexity as 
more solution sets are possible. We used a high performance com
puting environment for the pipeline, where different scenario in
stances were run in parallel. More details on the computing 
environment and implementation are presented in the SI.
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