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Abstract

SARS-CoV-2 has highlighted the challenges of social intervention measures for disease
control, which are difficult to implement and highly disruptive to modern society. Simula-
tion models have demonstrated the efficacy of primary and secondary tracing at SARS-
CoV-2 disease control but at the cost of quarantining large proportions of the population.
This paper develops novel tracing strategies that harness node (individual) influence in a
social association network for contact-tracing approaches to disease control. The over-
arching assumption is that an individual’s potential to spread disease can be modeled

by their ability to propagate influence through a network. Models of idea and influence
propagation have been widely studied in the context of social networks but have limited
application to disease models. The PRIoritization and Complex Elucidation (PRINCE)
algorithm is leveraged to estimate an individual node’s influence score that reflects their
ability to propagate disease based on network connectivity. In this study, we propose
novel augmented tracing strategies that leverage a node’s influence to assist with tar-
geted tracing in its 1-hop and 2-hop neighborhoods: i) pseudo-secondary tracing (tracing
and quarantining the immediate contacts and the influential contacts of contacts of an
infectious symptomatic individual) and ii) selective secondary tracing (tracing and quaran-
tining the influential immediate contacts, and influential contacts of contacts of an infec-
tious symptomatic individual). Contagion dynamics on simulated and real-world networks,
benchmarked with existing strategies, demonstrate that our novel strategies mitigate
societal disruption by lowering the maximum number of people quarantined concurrently
while also assisting the ease of on-ground deployment by reducing the number of individ-
uals to be traced for every infectious individual detected when compared with the most
effective existing tracing strategy. Novel approaches of this type that embed network
influence into pandemic control provide an opportunity for disease control that ultimately
lessens the disruption to society.

PLOS COMPLEX SYSTEMS | https://doi.org/10.1371/journal.pcsy.000004 1

June 2, 2025 1/16



https://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcsy.0000041&domain=pdf&date_stamp=2025-06-02
https://doi.org/10.1371/journal.pcsy.0000041
https://doi.org/10.1371/journal.pcsy.0000041
https://doi.org/10.1371/journal.pcsy.0000041
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0002-2830-9291
https://orcid.org/0000-0001-8538-2447
mailto:hageman@buffalo.edu
https://doi.org/10.1371/journal.pcsy.0000041

PLOS COMPLEX SYSTEMS

Pandemic intervention through node prioritization

Funding: This work was supported by the
National Science Foundation (DMS 1312250 to
RHB). The funders had no role in study design,
data collection and analysis, decision to publish,
or preparation of the manuscript.

Competing interests: The authors have
declared that no competing interests exist.

Author summary

Contact tracing to effect quarantines is a common method to stem disease dispersion,
of which primary tracing (tracing the immediate contacts of an identified case) and
secondary tracing (tracing the immediate contacts and the contacts of contacts of an
identified case) are the most employed strategies. Due to the rigorous nature of quar-
antining 2-hop neighborhoods, the latter is extremely effective in outbreak control, but
yields a high number of individuals placed in quarantines simultaneously. This strat-
egy is also rigorous to deploy, owing to the vast number of individuals to be traced for
every infection. Adopting a network-based approach to modeling social associations, we
identify the most influential nodes in a network - the super spreaders in a community -
and harness this information to develop novel tracing strategies that are more effective
than primary tracing (reduced cumulative and concurrent infections, isolations, and
quarantines). Compared to secondary tracing, these strategies offer a significant reduc-
tion in the maximum number of people quarantined concurrently with a minor increase
in concurrent infections and isolations- however, with the additional benefit of tracing
fewer individuals for every identified case and cumulatively, in most scenarios.

Introduction

Measures to attenuate disease dispersion are fundamental to pandemic control. Apart from
isolating infectious and symptomatic individuals, contact tracing and quarantines are impor-
tant non-pharmaceutical interventions in outbreak control, especially for diseases that spread
rapidly [1]. However, intervention strategies that separate an individual from societal func-
tions and human contact for prolonged durations have multiple pitfalls owing to their disrup-
tive nature.

The ongoing SARS-CoV-2 pandemic, with its rapid increases in case counts and a lack of
medical and socio-logistical resources to stem outbreaks, demonstrated the need to deploy
measures that minimize disease transmission. Isolations, quarantines, and lockdowns formed
the pillars of such interventions but were accompanied by the friction they caused to soci-
etal functions. Apart from their contributions to a personal loss of work and income, such
measures also contribute adversely to the mental health of individuals undergoing these prac-
tices [2]. Sustained loss of income, lack of logistical support, and psychological tensors have
been identified as factors influencing a lack of desire to follow such measures [3] and poor
compliance with intervention strategies with several of these obstacles has also been noted [4].
Minimizing these ill effects of intervention strategies is an essential need.

Networks that depict associations that can lead to disease transmission have been used
widely to understand and model outbreak dynamics [5]. Studies have sought to better under-
stand contagion dynamics and the effect of intervention strategies on small [6] and large [7]
populations. The novel insights offered by a network-based approach to studying epidemics
have allowed for augmentations such as the usage of evolving networks [8] and inculcation of
metadata such as intensity of contact between nodes [6].

Recently, Firth et al. [6] used a network-based approach to simulate and analyze dis-
ease transmissions and the efficacy of tracing strategies such as primary tracing (tracing the
immediate contacts of a symptomatic individual to effect preventive quarantines) and sec-
ondary tracing (includes immediate contacts and contacts of contacts in its purview). In their
simulations, secondary tracing reduced outbreak size the most, but at the cost of, at times,
quarantining almost half the population. While aiding outbreak control, quarantining large
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proportions of the population over time is highly disruptive. In a rapidly spreading pandemic,
such as SARS-CoV-2, a brisk rise in cases can lead to vast numbers of individuals that need to
be traced simultaneously - making on-ground deployment laborious and expensive, rising in
magnitude from primary to secondary tracing. When juxtaposed with their socio-economic
impact on an individual due to loss of work and income and the economic impact of tracing-
driven intervention strategies manifesting as human hours and resource costs to trace con-
tacts of symptomatic individuals, the efficacy of tracing-driven intervention strategies fuels
the need to find workable alternatives.

A potential alternative to alleviate societal disruption is to leverage the social structure
of a population. In communicable diseases, person-to-person contact is the means of trans-
mission. The term super-spreader has been defined differently across research studies and
diseases but broadly relates to an individual with a higher than average chance to infect
many [9]. For COVID-19, it has been estimated that 10% of individuals are responsible for
80% of total infections [10]. A recent review highlighted that social participation offers more
than average transmission opportunities for super-spreaders in COVID-19, and in the initial
stage of the pandemic, case studies have underscored the need to identify and isolate super-
spreaders [11]. The major contribution of this work is the use of network structure to inform
pandemic response in a way that balances societal disruption with disease control by engag-
ing network-informed prioritization to identify and isolate high-potential disease spreaders.
Informing tracing strategies with node influence aims to control or extinguish a pandemic
while lessening the societal impact of tracing and easing the burden of tracing.

This paper develops novel augmented tracing strategies that embed network influence
scores estimated using the Prioritization and Complex Elucidation (PRINCE) algorithm [12].
Modified tracing strategies aim to prioritize influential nodes in a social association net-
work in an infectious node’s 1st and 2nd hop neighborhoods to cushion the tradeoft between
outbreak control and societal disruption. Existing and augmented tracing strategies were
benchmarked on outbreaks simulated on randomly generated and real-world networks that
characterize social associations. Results show that pseudo-secondary tracing and selective
secondary tracing lower the mean maximum number of individuals in quarantine concur-
rently compared to primary or secondary tracing strategies. They also yield lower cumula-
tive metrics of infections, isolations, and quarantines compared to primary tracing and lower
the mean maximum number of infectious and isolated individuals concurrently. Although
secondary tracing leads to lower infections and isolations cumulatively on average, pseudo-
secondary and selective secondary tracing, offer a balanced solution by mitigating a key
implementation barrier of having to trace a higher number of individuals for every identified
infectious individual while also preventing mass quarantines in comparison, thereby assisting
the reduced disruption to routine.

Materials and methods
Social associations as networks

Modeling social interactions is key to understanding communicable disease transmission

in a population. Networks (graphs) that depict associations between individuals naturally
represent such an ecosystem. In the scope of disease transmission, individuals concurrently
sharing a physical space which can function as a conduit to infection is regarded as a social
association. In this setting, the nodes in the network represent individuals, and the edges
depict social association. Since diseases transmitted through physical interactions can be
transmitted by either individual sharing an edge to the other, in this work, it is assumed that
the associations are undirected.
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In disease networks, individuals are represented by a single node, and a node’s neighbor-
hood (connected nodes) represents the corresponding individual’s immediate contacts. This
simplistic 1-hop neighborhood is leveraged for primary tracing, and 2-hop neighborhoods are
leveraged for secondary tracing [6]. Factors such as susceptibility, hygiene, workplace expo-
sure, and living conditions can affect transmission. However, for simplicity, it is assumed that
transmission across edges is equally likely and is reflected by unweighted edges.

Node prioritization

Based on a network’s structure, nodes may contribute differently to disease spread. The abil-
ity of a node to spread infection through a network is inextricably linked to its connection

to other nodes in the network. A node’s connectivity can be characterized using measures
such as its centralities and clustering coeflicients [13-16]. This work focuses on a measure of
influence that reflects a node’s ability to propagate information through the network. In the
disease networks, we assume the information reflects disease. Influence scores for each node
are computed using the PRlIoritizatioN and Complex Elucidation (PRINCE) algorithm [12].
Mathematically, we define an undirected network, G € R™", as a symmetric binary adjacency
matrix g(i,j) = g(j,i) = 1 if nodes i and j are connected, and g(i,j) = g(j, i) = 0 otherwise. An
individual cannot infect themselves in an outbreak, and hence, the diagonal elements g(i, 1) =
0. A normalized form of this matrix, G’ = D"Y>GD™'/? is computed, where D € R"™" is a diag-
onal matrix with entries d(i,i) as the degree of the ith node. The vector of influence scores,

F € R™! are computed iteratively as follows:

F=aGF'+(1-a)Y, (1)

until convergence, where Y € R™! indicates any prior on the scores, which we assume is uni-
form in our applications [12]. For the scope of this work, we retain a constant alpha of 0.95,
however, in the presence of available prior information on node influence, an appropriate
alpha must be chosen. The iterative method has been shown to converge to the exact solu-
tion [12,17], but offers better computational efficacy with larger networks. Influence scores
computed by PRINCE rely on network structure such that a node’s scores are guided by the
scores of their neighbors. Furthermore, PRINCE anchors itself on balancing centrality-like
influence scoring with prior information on a node’s influence in a network when available
or expertly defined. Notably, alternative methods for computing node influence, such as cen-
trality measures [15], also aim to assign a score of influence to each node in the network.

In this work, PRINCE is adopted because of the computational efficiency and convergence
properties. However, alternative measures could be easily adopted in this framework.

Intervention strategies

A node with greater influence score catalyzes a greater spread of an outbreak. The following
three augmented tracing strategies are designed to leverage influence scores from PRINCE
and to target the tracing of such influential nodes. In this work, a node is considered influ-
ential if its influence score falls in the top 25% of the influence scores obtained from all the
nodes in a network.

« Selective primary tracing: Primary tracing involves isolating symptomatic individuals and
quarantining their immediate contacts. Selective primary tracing augments primary tracing
by quarantining only those immediate contacts who are most influential.
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o Selective secondary tracing: In selective secondary tracing, we trace and quarantine the
influential contacts, and the influential contacts of contacts of a symptomatic node by
augmenting secondary tracing which does not account for a node’s influence.

o Pseudo-secondary tracing: Pseudo-secondary tracing uses features from both primary and
secondary tracing and inculcates a tracing approach that is partially guided by influence. In
this strategy, we trace and quarantine all the immediate contacts of a symptomatic node,
like in primary tracing, but also quarantine the node’s influential secondary contacts.

A summarization of tracing features is presented in Table 1. Since selective primary and
selective secondary tracing limit the list of nodes to traced based on influence scores, they
limit the number of people that can be quarantined concurrently and cumulatively and offers
ease of on-ground deployment owing to the reduced tracing efforts. These strategies focus on
curbing outbreak spread by aiding the tracing of the most influential nodes in a network. In
contrast, pseudo-secondary tracing offers flexibility by allowing for tracing more nodes since
it implements a full primary tracing. It also strengthens primary tracing’s outbreak control
by selectively tracing the influential secondary contacts of a symptomatic individual to assist
in bridging the gap between primary tracing and secondary tracing, while offering ease of
deployment by limiting the number of secondary contacts to be traced in comparison.

Fig 1 depicts a visual implementation of all five tracing strategies with one infectious
individual on a representative network where the size of the nodes depict their influence in
the network. When a node exhibits symptoms and is isolated, augmented strategies target
influential nodes in their contact tracing process. Selective primary and secondary tracing
strategies quarantine fewer individuals than their respective regular counterparts and pseudo-
secondary tracing quarantines fewer individuals than secondary tracing while still targeting
the influential individuals in the 2-hop neighborhood of an isolated node.

Outbreak simulations on networks

Simulations were performed using generated Erdos-Renyi Networks and Barabasi-Albert
Networks. Experiments depicting different outbreaks were also simulated on the Haslemere
Network, which [6] used to study contagion dynamics. An overview of each type of network
used in the simulations, along with their key characteristics, the number of networks con-
structed and the number of outbreaks simulated on each network is outlined in Table 2. All
the networks considered were unweighted.

The igraph package [18] was used to simulate random networks. Briefly, Erdos-Renyi
Networks networks [19] are defined by two parameters - the vertex count and the edge

Table 1. Features of contact tracing for existing and augmented intervention strategies.

Immediate Contacts |Contacts of Contacts |Influential Immediate |Influential Contacts

Contacts of Contacts
Primary tracing
v
Secondary tracing
v v
Selective primary tracing
v
Selective secondary tracing
v v
Pseudo-secondary tracing
v

https://doi.org/10.1371/journal.pcsy.0000041.t001
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A. Primary Tracing B. Secondary Tracing C. Selective Primary Tracing
D. Selective Secondary Tracing E. Pseudo-secondary Tracing

e =

s

. Isolations Quarantines

Fig 1. Comparative illustrations of influence-based novel augmented tracing strategies with existing tracing
strategies. (A) Primary, (B) Secondary, (C) Selective primary, (D) Selective secondary, and (E) Pseudo-secondary
tracing implemented for an infectious node in a network where solid lines depict the edges in the 1-hop and 2-hop
neighborhoods of an infectious symptomatic individual who is isolated and dashed lines depict connections to other
nodes in the network. Node shaded with a red hue denotes the infectious isolated individual and nodes shaded with a
yellow hue denote individuals quarantined based on the choice of tracing strategy with influential individuals in the
overall network marked textually.

https://doi.org/10.1371/journal.pcsy.0000041.g001

¥
e

count. For a given number of nodes, an Erdos-Renyi network is constructed by sampling the
predefined number of edges uniformly from all possible dyadic node combinations. As an
alternative to using a predefined edge count, a probability of an edge existing between any
arbitrary dyad can also be specified. In our simulations, edge counts are used to specify net-
work sizes and networks with 500 nodes, and 1999 edges, are constructed. Barabasi-Albert
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Table 2. An overview of network characteristics and their corresponding outbreak simulation load.

Network (Nodes, Edges) |Type Number of Networks |Outbreaks per Network
Erdos-Renyi (500, 1999) Uniform edge sampling 100 100
Barabasi-Albert | (500, 1990) Preferential Attachment 100 100
Haslemere (411, 1257) Real World - GPS Social 1 100
Tracking Data based

https://doi.org/10.1371/journal.pcsy.0000041.t002

Networks [20] model the preferential attachment process. Specifically, beginning with a sin-
gle node, more nodes and edges are added iteratively such that nodes with more connections
tend to develop more edges, exhibiting a rich-get-richer phenomenon. The probability, p;, of
an edge connecting to a node i € V is given by: p; = ﬁ, where d; and d; are the degrees of
nodes i and j respectively. Barabasi-Albert networks with 1000 nodes and 3990 edges were
also examined to investigate the scalability of these approaches. The Haslemere Network [6]
was defined from social interaction data [21]. The network has 468 individuals (nodes) and
1257 social links (edges).

Outbreak simulations on networks were defined using a branching process model [22]
implemented in the COVIDHM library [6]. A total of 100 Erdos-Renyi and 100 Barabasi-Albert
Networks were simulated (Table 2). For each of these networks, 100 unique outbreak setups
(starting point of an outbreak). Since the Haslemere Network is predefined, 100 outbreak
setups are simulated on this network. Each intervention strategy is applied to each network
and outbreak simulation. Each outbreak is initiated by randomly infecting a node in a given
network, and outbreak spread is monitored and updated at a day-level granularity. Each out-
break is simulated for a duration of 150 days. On each day, as the infection is transmitted
through the network, and each node is labeled as either Susceptible, Infectious, or Recov-
ered. Those with the disease are termed Infectious nodes, and in the simulations are consid-
ered asymptomatic or symptomatic using Bernoulli Trials where the probability of a node
being asymptomatic is set to 0.2 and the rate of a node being able to transmit infection before
exhibiting symptoms is also set to 0.2. Symptomatic nodes are isolated, and subsequently,
contact tracing based on the strategy deployed during the outbreak is carried out. Recovery
time for every symptomatic node is set to 7 days after onset and isolations and quarantines
are carried out for 14 days. While a node is symptomatic with a fixed probability, thereby
being isolated eventually in infectious, a node being infected and isolated aren’t simultane-
ous processes, with a delay separating the change in status. This change in status in a node
being now deemed infected and subsequently isolated can also happen when it was already
in quarantine. Each of these changes in status contributes to the trends in concurrent mea-
sures of the epidemiological metrics. Any infectious node that is not separated from the pop-
ulation through isolation or quarantine is able to continue disease dispersion in the network.
The delay between onset and isolation is modeled using a Weibull distribution with a shape
and scale of 1 and 1.4, and the incubation period of infection is also modeled using a Weibull
Distribution with a mean of 5.75 days.

Between a pair of contacts, the transmission rate is modeled using the methods leveraged
by Firth et al. [6], defined by:

t
/1(15,51‘,}71‘) = AS,‘ / f(u;“i’api’wpi)du
t-1
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where ¢ is the number of days since a node i was exposed to infection, s; depicts whether
node i is symptomatic (yes/no), and p; depicts whether the transmission is presymptomatic
(yes/no). A, represented in S1 Table, represents the scaling factor for infection transmission,
whereas the probability density function f(u; u;, &y, w,,) models the generation time of infec-
tion, and is a skewed normal distribution which relies on the infector’s onset time y; as its
location parameter, and the slant and scale parameters, a,, and w,, rely on whether a node
transmits infection pre-symptoms such that a,, = —co for presymptomatic transmissions, and
oo for post-symptomatic transmissions whereas w,, = 2 for presymptomatic transmission, and
is set to the onset time for post-symptomatic transmission. With this transmission rate, the
simulations leverage P(t,s;, p;) = 1 — e *(5Pi) a5 the probability of an infection between an
infector and a susceptible node, ¢ days after the infector’s exposure.

A detailed list of the key parameters is given in S1 Table. In each individual outbreak, and
for each tracing approach, we measure daily counts of infections, isolations, quarantines and
at its conclusion, and the cumulative measures of these three metrics.

Results

Case counts were obtained across all the simulations and grouped by network and tracing
strategy. Erdos-Renyi and Barabasi-Albert network simulations yield 10000 simulations for
each tracing strategy, stemming from 100 randomly generated networks with 100 outbreaks
on each such network, and thereby 10000 observations of every recorded measure. Notably,
the Haslemere simulation is a fixed network, yielding only 100 unique simulated outbreaks
per tracing strategy on the network.

Fig 2 portrays mean concurrent metrics as a curve of the number of isolated, quarantined,
and infectious individuals on the same day across all simulations. Fig 2 is organized by net-
work type (rows) and tracing strategy (columns). The y-axis is kept constant within rows to
facilitate direct comparison within networks across tracing strategy. Specifically, the rows rep-
resent Erdos-Renyi (Fig 2, A1-A5), Barabasi-Albert (Fig 2, B1-B5), and Haslemere ( Fig 2,
and the different tracing strategies are represented in the columns: primary tracing (Fig 2,
A1-Cl), secondary tracing ( Fig 2, A2-C2), selective primary tracing (Fig 2, A3-C3), selective
secondary tracing (Fig 2, A4-C4) and psuedo-secondary tracing (Fig 2, A5-C5). The cumula-
tive medians and means of infections, isolations, and quarantines are shown in Table 3.

Fig 2A2-C2 demonstrate that secondary tracing consistently yields the lowest maxima of
mean concurrent infections and isolations across all networks. However, across every net-
work, we observe a taller peaks in the mean daily number of quarantines when compared
with other strategies deployed on the same network type, showcasing this strategy’s nature of
quarantining a large proportion of people at a single time point.

Secondary tracing also shows low cumulative numbers of mean and median isolations
and infections across Erdos-Renyi, Barabasi-Albert, and Haslemere Network simulations
(Table 3), which is the lowest across all strategies. Mean quarantines by secondary tracing are
always lower than primary tracing regardless of the network. In comparison with pseudo-
secondary tracing, this strategy yields lower mean and median quarantines in Erdos-Renyi
simulations, but in the Barabasi-Albert and Haslemere simulations, the quarantine metrics
are close and comparable.

Primary tracing performs weakly compared to every tracing strategy involving any tracing
of secondary contacts. With concurrent quarantines, depicted by Fig 2A1-C1, on the same
network type, primary tracing mimics secondary tracing (Fig 2A2-C2) closely, but this is
also accompanied by a high peak of concurrent infections and isolations. This trend holds
true across every type of network. Only selective primary tracing (Fig 2A3-C3) does worse
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Fig 2. A comparison of the effect of tracing strategies on concurrent quarantines. Concurrent mean isolations, infections, and quarantines with per-
centile ribbons from outbreak simulations on (A) Erdos-Renyi, (B) Barabasi-Albert, and (C) Haslemere Networks, organized as rows. Columns represent
tracing strategies implemented: (A1-C1) Primary, (A2-C2) Secondary, (A3-C3) Selective primary tracing, (A4-C4) Selective secondary, and (A5-C5)
Pseudo-secondary tracing. Solid lines depict mean values, with the shaded ribbons depicting the values observed at the 25th and 75th percentiles.

https://doi.org/10.1371/journal.pcsy.0000041.9002
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due to its nature of limiting the number of individuals who can be quarantined, eroding the
already weak primary tracing methodology. In sharp contrast to secondary tracing, primary
and selective primary tracing yield the highest mean and median isolations, infections, and

quarantines on any network type across all methods.

Selective secondary tracing caps the number of individuals that can be traced as well,
thereby limiting cumulative and concurrent quarantines to a maximum of a quarter of the
network’s size. However, its targeted nature of tracing high-influence nodes from the first
and second-level contacts of a symptomatic individual lends to its efficacy compared to selec-
tive primary tracing. Table 3 shows that in Erdos-Renyi simulations, the mean and median
cumulative infections and isolations from this strategy are lower than primary tracing while

Table 3. Cumulative median and mean (with + margin of error for the 95% confidence intervals) of isolations,
quarantines, and infections across all simulations, grouped by network type and the intervention strategy

deployed.
Erdos-Renyi Graph Medians Isolations Quarantines  |Infections
(500 Nodes, 1999 Edges) Primary 234 468 296
Secondary 4 198 5
Selective primary (311 121 392
Selective 230 125 289
secondary
Pseudo-secondary |157 438 198
Means Isolations Quarantines  |Infections
Primary 196.8 + 1.84 386.8 + 3.47 248.7 +2.32
Secondary 6.65 +0.15 221.2 +2.60 8.39 +£0.20
Selective primary |260.5 + 2.33 100.9 £ 0.87 327 £2.92
Selective 184 +1.95 104.3 +0.78 231 +245
secondary
Pseudo-secondary |125.1 + 1.52 3392 +3.42 158.1 +1.93
Barabasi-Albert Networks Medians Isolations Quarantines  |Infections
(500 Nodes, 1990 Edges) Primary 217 468 275
Secondary 5 346 6
Selective primary 290 122 365
Selective 163 125 205
secondary
Pseudo-secondary (100 366 126
Means Isolations Quarantines  |Infections
Primary 189.6 + 1.56 403.5+3.17 239.7 + 1.96
Secondary 11.95 +0.29 317.2 £3.12 15.14 + 0.38
Selective primary |252.7 +1.98 105.7 £ 0.79 317.4+2.48
Selective 124 £1.71 107.7 + 0.64 155.6 + 2.15
secondary
Pseudo-secondary (86.24 + 1.32 287.9 +3.03 109 + 1.67
Haslemere Networks Medians Isolations Quarantines  |Infections
(468 Nodes, 1257 Edges) Primary 116.5 300 150
Secondary 3 102 3
Selective primary 153 98 190.5
Selective 8 79.5 11.5
secondary
Pseudo-secondary |6 76.5 6.5
Means Isolations Quarantines  |Infections
Primary 81.34+12.8 193.1 £29.5 103.1 £ 16.21
Secondary 4.86+1.14 124.68 + 20.06 |6.18 + 20.06
Selective primary |103.2 +16.53 |61.47 +9.31 130.2 + 20.9
Selective 33.66 + 7.96 63.44 + 8.00 42.45 +10.04
secondary
Pseudo-secondary |21.05 + 5.29 103.91 +17.52 |26.39 + 6.73
https://doi.org/10.1371/journal.pcsy.0000041.t003
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keeping mean and median cumulative isolations much lower than pseudo-secondary trac-
ing. In Barabasi-Albert simulations, the performance gap widens between selective secondary
and primary tracing, with the former offering significantly lower metrics on all fronts. This
difference between tracing strategies is more profound in the Haslemere Simulations. In com-
parison, pseudo-secondary tracing entails higher median and mean quarantines but lowers
infections and isolations across all three types of networks.

However, selective secondary tracing’s most salient feature, depicted in Fig 2A4-C4, lies
in its ability to maintain a plateaued mean daily quarantine curve regardless of which net-
work it is deployed on. While keeping concurrent quarantines low, it also offers better control
over concurrent infections and isolations compared to primary and selective primary trac-
ing. Although secondary (Fig 2A2-C2) and pseudo-secondary (Fig 2A5-C5) tracing strate-
gies offer better control over concurrent infections and isolations across all networks, selec-
tive secondary tracing offers comparable performance with the benefit of lower concurrent
quarantines.

Pseudo-secondary tracing, in Fig 2A5-C5, exhibits lower mean and median concurrent
infections and isolations than all strategies deployed on the same type of network, except
secondary tracing. It offers a strong argument in its favor by preventing situations where a
vast amount of individuals are quarantined at the same time while also lowering the efforts
required for an on-ground deployment of the strategy. Although selective secondary tracing
(Fig 2A4-C4) trumps pseudo-secondary tracing on a given type of network when it comes to
concurrent quarantine metrics, the latter yields lower concurrent mean isolations and infec-
tions consistently. Table 3 shows that across Erdos-Renyi, Barabasi-Albert, and Haslemere
simulations, pseudo-secondary tracing offers lower mean and median isolations and infec-
tions than all strategies except secondary tracing -while it quarantines more individuals than
selective secondary tracing, it does so with an edge in isolation and infection metrics. Simula-
tions with larger Barabasi-Albert networks (1000 nodes) showed a similar phenomenon when
comparing across tracing strategies (S2 Table, S1 Fig). Although the magnitude of the cases is
notably larger, it is proportional to the network size and the trends are consistent.

The effects of thresholds that designate a node as influential were examined systemati-
cally across network types and tracing strategies. Specifically, we simulated outbreaks with the
same parameters when the nodes corresponding to the top 10% (S2 Fig) and 20% (S3 Fig) of
influence scores are considered influential. In these cases, we observe that with a decrease in
the number of nodes considered influential, there is a decrease in the number of nodes quar-
antined concurrently, which yields an increase in infections and isolations. As the threshold
for influential nodes shifts from the top 20% to the top 10%, the differences become more
pronounced across all strategies and networks, with a noticeable increase in infections and
isolations and a decrease in quarantines. This can be attributed to the significantly lower num-
ber of candidates eligible for quarantine, resulting in less resistance to the spread of an out-
break. While considering fewer nodes as influential still produces similar trends in concur-
rent outbreak metrics, the magnitude of differences varies. In comparison, at 25%, quaran-
tines remain more controlled than with existing strategies, keeping a significant proportion
of the network free of quarantine at any given time. Additionally, this approach reduces con-
current infections and isolations more effectively than when a lower proportion of nodes are
considered influential.

Discussion

This work introduced prioritization-based contact tracing. The PRINCE algorithm was used
to calculate the prioritization scores largely due to its flexibility and scalability [12]. However,
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the score calculations can be viewed as modular; alternative prioritization or influence scores
could be explored within this tracing framework [23,24]. This work demonstrates that aug-
mented strategies, selective secondary tracing and pseudo-secondary tracing, are viable alter-
natives that can be employed based on situational needs. While secondary tracing remains the
most impactful strategy for keeping infections and isolations low, these strategies offer alter-
natives that minimize disruptions caused by a large number of people placed in quarantines
concurrently or caumulatively while still offering better solutions to infections and isolations
than primary tracing. Limited studies have used network measures in disease modeling and
control. These include applications in modeling the extent of disease spread [25,26], transmis-
sion [27,28], epidemic source detection [29], and targeted resource and immunization allo-
cation [25,30]. To the authors’ knowledge, this represents the first study to leverage measures
of node influence in contact tracing strategies and ultimately provide a tunable mathematical
balance of societal disruption and infection control.

The prioritization-based selective secondary tracing caps the number of people who can be
quarantined across the duration of our simulations. This ensures that not more than a quarter
of the number of individuals in a network will ever be traced or asked to quarantine. Further-
more, selective secondary tracing also prevents many people from being traced and asked to
quarantine at a single point in an outbreak. Pseudo-secondary tracing, on the other hand, also
assists with limiting the number of quarantined individuals concurrently. Due to its imple-
mentation of full primary tracing as part of its methodology, the number of people traced
to quarantine concurrently and cumulatively are observed to be higher than in selective sec-
ondary tracing in our experiments. However, pseudo-secondary tracing offers consistently
lower cumulative and concurrent infections than selective secondary tracing across the Erdos-
Renyi, Barabasi-Albert, and Haslemere Simulations. Selective secondary tracing and pseudo-
secondary tracing are viable alternatives depending on the situational need in an outbreak. In
a situation where the number of individuals concurrently in quarantine needs to be controlled
while minimizing the trade-off of higher infections and isolations, pseudo-secondary trac-
ing comes to the fore, whereas when an outbreak is in a phase where minimizing quarantine
metrics is a priority, but a relative increase in infections and isolations is acceptable, selective
secondary tracing is a viable alternative.

Due to their prioritization-based nature, selective secondary tracing and pseudo-secondary
tracing require less effort to deploy on-ground than secondary tracing on a case-by-case basis.
Compared to primary tracing, pseudo-secondary tracing is more laborious but offers signifi-
cant improvement in all three metrics - isolations, infections, and quarantines- concurrently
and cumulatively. Selective secondary tracing, in contrast, requires tracing only a select set
of nodes in a network, making tracing efforts simpler. This study focuses on networks struc-
tures with differing characteristics but of similar population size of ~ 500 individuals, selec-
tive secondary and pseudo-secondary tracing scale robustly to simulations on larger preferen-
tial attachment networks with a 1000 individuals and 3990 associations. Additional research is
required to assess the scalability of these tracing strategies to larger communities.

A limitation of our simulation models is the required specification of a large number of
parameters. Although the model is adaptable to other pandemics, results are sensitive to dif-
ferences in incubation periods, reproduction numbers, and isolation and quarantine dura-
tions. Modeling a wider range of these values and their permutations and potentially account-
ing for their evolution with time is an important area to explore. Furthermore, this study com-
partmentalized nodes based on the SIR model [31]. In this work, a node is considered influ-
ential if its influence score lies in the top quarter of the influence scores obtained from its net-
work. Preliminary investigations showed that modifying the thresholds that designate a node
as influential led to modest differences in the results and trends. The lack of a gold-standard
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solution in determining such a threshold algorithmically remains a key modeling constraint
and merits further statistical investigation in future work. Classical approaches like cross-
validation do not lend themselves to parameter selection due to the structure of the graph
and the inability to break the network into folds. Model improvements that better mimic the
spread of disease account for vaccinations, testing, or exposure [32-34].

Each of the novel augmented tracing strategies discussed in this work adds a complexion to
one of the existing strategies by leveraging information on node influence in a network. While
we present three options that form candidates to replace the existing strategies, there isn’t an
exhaustive list of strategies that can be engineered. Studying the process of engineering such
strategies, particularly based on the specific needs of a situation, coupled with analyzing their
efficacies, represents an open area of research. Furthermore, while these novel strategies are
evaluated in simulations, the current climate prevents the practical implementations of these
strategies due to limitations in human and technical ability to trace contacts between individ-
uals effectively. While challenging in the current climate, the documentation of the efficacies
of such strategies can contribute to their implementation in future contexts.

Real-world social association data is sparse and contains substantial uncertainty. Link pre-
diction techniques that can identify potential hidden connections [35,36] can yield substantial
progress in emulating the dynamics of real-world networks. In this study, static networks that
only account for the presence of social associations are leveraged to demonstrate the feasibil-
ity and efficacy of node prioritization-guided novel augmented tracing. In contrast, real-world
social links are dynamic in nature, evolve over time, and yield social interactions of varying
magnitudes in time and proximity. Studying augmented tracing strategies deployed on epi-
demics on evolving networks [8] forms a key expanse to explore further. Metadata such as
duration and intensity of contacts contribute to inferring contagion dynamics [37]. Firth et
al. [6] use weights based on social link strength in their analysis of SARS-CoV-2 on the Hasle-
mere Network. Including metadata in either computing the influence of nodes or simulat-
ing the transmission of infection may improve outcomes. In this work, we leverage network
structure to aid targeted tracing of nodes. However, network structure can be leveraged to
assist targeted adoption of other technical advancements such as by targeting certain influ-
ential nodes in a network to deploy technology that can assist with tracing, thereby effectively
capturing outbreak dynamics and spread [38]. Leveraging such alternative uses of node influ-
ence and the technological advancements available to epidemiology, either independently,
or in conjunction with augmented tracing strategies to enhance their efficacy also forms a
vital direction to explore for the future. Furthermore, in this study, we observe the efficacy
of the novel augmented tracing strategies on networks with undirected edges. In this con-
text, social associations model the possibility of infection transmission between individuals
sharing a proximal physical space. However, in certain instances, disease transmission can
be directional [28,39,40]. The efficacy of the tracing strategies discussed in this study on net-
works with directional edges contributes to a key direction for future exploration. Notably,
the PRINCE algorithm used for priority scoring is amendable to both directed and signed and
directed networks, thereby supporting the feasibility of the adaptation.

Contact tracing, a key non-pharmaceutical intervention in outbreak control, is accompa-
nied by its myriad limitations - key amongst which is the disruption it can cause to society
and its participants. When used in its most effective form as secondary tracing, a vast pro-
portion of the population in consideration is placed in quarantine at the same point in time,
thereby halting routine functioning. Furthermore, in all forms of contact tracing, psycho-
logical tensors and a general sense of uncertainty regarding the path to normal livelihood
yield obstacles with compliance. In this work, through the augmentation of existing tracing
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strategies, we demonstrate viable alternatives that balance societal disruption due to quaran-
tines while maintaining outbreak control. These strategies, coupled with public health educa-
tion leading to apt compliance, help mitigate an outbreak’s devastating effects on society and
individuals.

Supporting information

S1 Fig. Effect of tracing strategies on concurrent quarantines on Barabasi-Albert Prefer-
ential Attachment Networks with 1000 nodes and 3990 edges. Concurrent mean isolations,
infections, and quarantines with percentile ribbons from outbreak simulations on organized
as rows. Columns represent tracing strategies implemented: (A) Primary, (B) Secondary, (C)
Selective primary tracing, (D) Selective secondary, and (E) Pseudo-secondary tracing. Solid
lines depict mean values, with the shaded ribbons depicting the values observed at the 25th
and 75th percentiles.

(PDF)

S2 Fig. A comparison of the effect of tracing strategies on concurrent quarantines when
nodes corresponding to the top 20% of PRINCE scores in a network are considered influ-
ential. Concurrent mean isolations, infections, and quarantines with percentile ribbons from
outbreak simulations on (A) Erdos-Renyi, (B) Barabasi-Albert, and (C) Haslemere Networks,
organized as rows. Columns represent tracing strategies implemented: (A1-C1) Primary,
(A2-C2) Secondary, (A3-C3) Selective primary tracing, (A4-C4) Selective secondary, and
(A5-C5) Pseudo-secondary tracing. Solid lines depict mean values, with the shaded ribbons
depicting the values observed at the 25th and 75th percentiles.
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S3 Fig. A comparison of the effect of tracing strategies on concurrent quarantines when
nodes corresponding to the top 10% of PRINCE scores in a network are considered influ-
ential. Concurrent mean isolations, infections, and quarantines with percentile ribbons from
outbreak simulations on (A) Erdos-Renyi, (B) Barabasi-Albert, and (C) Haslemere Networks,
organized as rows. Columns represent tracing strategies implemented: (A1-C1) Primary,
(A2-C2) Secondary, (A3-C3) Selective primary tracing, (A4-C4) Selective secondary, and
(A5-C5) Pseudo-secondary tracing. Solid lines depict mean values, with the shaded ribbons
depicting the values observed at the 25th and 75th percentiles.
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