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Abstract: We present the Progression and Transmission of HIV (PATH 4.0), a simulation tool for
analyses of cluster detection and intervention strategies. Molecular clusters are groups of HIV
infections that are genetically similar, indicating rapid HIV transmission where HIV prevention
resources are needed to improve health outcomes and prevent new infections. PATH 4.0 was
constructed using a newly developed agent-based evolving network modeling (ABENM) technique
and evolving contact network algorithm (ECNA) for generating scale-free networks. ABENM and
ECNA were developed to facilitate simulation of transmission networks for low-prevalence diseases,
such as HIV, which creates computational challenges for current network simulation techniques.
Simulating transmission networks is essential for studying network dynamics, including clusters. We
validated PATH 4.0 by comparing simulated projections of HIV diagnoses with estimates from the
National HIV Surveillance System (NHSS) for 2010-2017. We also applied a cluster generation
algorithm to PATH 4.0 to estimate cluster features, including the distribution of persons with
diagnosed HIV infection by cluster status and size and the size distribution of clusters. Simulated
features matched well with NHSS estimates, which used molecular methods to detect clusters among
HIV nucleotide sequences of persons with HIV diagnosed during 2015-2017. Cluster detection and
response is a component of the U.S. Ending the HIV Epidemic strategy. While surveillance is critical
for detecting clusters, a model in conjunction with surveillance can allow us to refine cluster detection
methods, understand factors associated with cluster growth, and assess interventions to inform
effective response strategies. As surveillance data are only available for cases that are diagnosed and
reported, a model is a critical tool to understand the true size of clusters and assess key questions, such
as the relative contributions of clusters to onward transmissions. We believe PATH 4.0 is the first
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modeling tool available to assess cluster detection and response at the national-level and could help
inform the national strategic plan.

Keywords: agent-based simulation; network modeling; HIV modeling; network cluster analyses;
infectious disease modeling

1. Introduction

In the United States, an estimated 1.15 to 1.2 million people above the age of 13 years were living
with a diagnosed or undiagnosed human immunodeficiency virus (HIV) infection [1] and 37,515
persons received diagnoses of HIV infection in 2018 [2]. In addition to the disease burden, the
economic burden of HIV is high, with estimated lifetime treatment costs of $250,000 to $400,000 per
person [3]. However, new advancements in HIV testing, treatment for HIV-infected persons, and pre-
exposure prophylaxis (PrEP) for uninfected persons at elevated risk of infection can prevent
transmission. Testing allows for early diagnosis and thus treatment initiation, consistent HIV treatment
helps achieve and maintain viral suppression and can result in effectively no risk of sexual
transmission, and PrEP provides a preventative option for uninfected persons at an elevated risk of
HIV acquisition [4,5]. The challenge is to identify the most effective strategy for allocation of resources
to at-risk populations to ensure HIV prevention.

Simulation models have played a key role in identifying populations at-risk for HIV [6] and
evaluating population-specific interventions to inform implementation of focused intervention
programs [7,8]. One approach has been to stratify the national population into different groups based
on demographic and behavioral factors, evaluate the risk of transmission for each group [9-12], and
evaluate the impact of alternative intervention strategies specific to each group [13-16]. Common
population stratifications have included combinations of transmission risk group (heterosexuals,
men who have sex with men (MSM), and persons who inject drugs (PWID)), age group,
race/ethnicity, and HIV care continuum stage of infected persons [17]. US National HIV
Surveillance System (NHSS) [4] data indicate significant differences in HIV diagnosis, care, and
treatment across these population groups, suggestive of differences in risk across these groups and thus
the need for more focused interventions.

Recent studies using HIV nucleotide sequence data, routinely collected as part of NHSS, have
indicated that molecular sequence analysis can identify networks among which HIV transmission is
occurring rapidly (i.e., substantially higher than average transmission rates) [18,19]. These findings
identify a new method for identifying networks of persons at increased risk of HIV infection and could
allow for developing a more focused and effective approach to intervention by ensuring that prevention
resources effectively reach those in need. Molecular sequence analysis identifies clusters, or groups of
HIV infections that are genetically very similar. Because HIV evolves rapidly, very similar HIV
nucleotide sequences indicate that HIV transmission is occurring rapidly in a common network [19].
While an average of 3.5 HIV transmission events are estimated to occur per 100 persons living
with HIV per year in the United States, analysis of nucleotide sequence data collected through the
NHSS identified rapidly growing clusters with an average of 44 transmission events per 100
persons per year [19]. Clusters are thus indicative of where transmission of HIV is rapidly occurring
and where prevention resources would be most useful in curbing new infections.
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The response to HIV clusters and outbreaks is a key part of one of the four strategic pillars of the
U.S. Ending the HIV Epidemic initiative [20]. The goal of the strategic plan is to reduce new infections
by 75% by 2025 and 90% by 2030. The initiative includes 4 strategic pillars to reach this goal, namely:
1) to diagnose all PWH as early as possible, 2) to treat the infection rapidly and effectively to achieve
sustained viral suppression [5], 3) to prevent new HIV transmissions by using proven interventions,
including pre-exposure prophylaxis [21-25] and syringe services programs [25-30], and 4) to respond
quickly to potential HIV outbreaks to get needed prevention and treatment services to people who need
them. Cluster detection is a key to identify potential outbreaks rapidly to guide response efforts,
including implementing interventions for early diagnosis and treatment of HIV-infected persons and
prevention options for those in associated networks who are at high risk of infection.

A simulation model that accurately replicates HIV transmission networks in the United States and
its cluster dynamics is a key tool to evaluate and guide cluster-based prevention strategies. We present
a new version of the Progression and Transmission of HIV (PATH 4.0) simulation model, constructed
using a newly developed agent-based evolving network modeling (ABENM) simulation technique,
and a new network generation algorithm, evolving contact network algorithm (ECNA) [31]. The earlier
version of PATH [6] simulated only infected persons as agents and modeled all characteristics
including demographic, sexual behavior, and partnerships as features of the agents without explicitly
generating the contact network. PATH 4.0 uses the disease progression module from the earlier version
of PATH [6], and reconstructs the full computational structure using ABENM and ECNA (creating
the hybrid compartmental and ABNM structure), adding new modules for simulating the
functionalities related to partnership formations, demographics, and sexual behavior and maintain the
overall network statistics. The new simulation technique and new modules are essential for accurately
simulating HIV transmission networks in the United States, and thus, for the analysis of cluster
detection and response strategies. Current simulation techniques, and thus previous versions of PATH
that were built using these methods [6], are infeasible to use for this application, for reasons which we
will discuss in the next few paragraphs.

1.1. Current simulation methods in the HIV literature

There are two major types of dynamic simulation techniques used in national-level HIV modeling:
compartmental modeling (also known as differential equations modeling) and agent-based network
modeling (ABNM) [32]. Compartmental modeling splits the population into groups (or compartments)
that represent the different states of a disease, e.g., susceptible, infected, and removed, and use a system
of differential equations to simulate the rates of change for transitioning between these compartments.
These models assume random mixing between people in a group, making them not suitable for
representation of sexual and needle sharing contact networks that are known to follow a non-random
scale-free network structure [33], where the distribution of the number of contacts per person follows
a power-law distribution [34]. ABNM simulates infected and susceptible persons at the individual-
level and the interactions leading to HIV transmissions through a contact network structure [35], which
is ideal for modeling non-random network structures [34]. However, due to low prevalence of HIV in
the United States, it is computationally challenging to apply ABNM to simulate HIV transmissions at
the national level.

Taking data from the year 2015 as an example, the computational challenge can be described as
follows. The estimated overall prevalence of HIV among persons aged 13 years or older in the United
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States averaged about 419 per 100,000 persons nationally and ranged from an average of 64 to 852 per
100,000 persons by area of residence except for District of Columbia, which had an estimated average
of 3,018 per 100,000 persons [36]. Clusters identified through molecular analyses of recently
diagnosed infections (recent defined as cases diagnosed over the past 3-year period preceding the
year of analyses, who in 2015 constituted about 10% of all PWH), range from 2 to 49 persons per
cluster [19]. These cluster sizes shed light on the size of the underlying contact network structures to
simulate. As ABNM are scaled versions of the population, simulating a population of 100,000 persons
representative of the U.S. population would result in 419 HIV-infected persons, and 42 persons with
recent diagnosis. These small samples of HIV-infected persons are insufficient to generate the clusters,
in numbers and sizes, observed in molecular data. Further, the small samples create challenges in
modeling heterogeneity by age, gender, and transmission risk-group, which are key categories for HIV
because of differences in a disease’s epidemiologic features [36—38]. As there is considerable contact
mixing between these groups [39], they cannot be modeled separately. As ABNMs track interactions
among N individuals, where N is the population size in the simulation, computation times are in the
order of 0(N?), and thus, increasing the value of N is also not a suitable solution. These issues make
ABNM insufficient to use for low prevalence diseases such as HIV.

1.2. A new agent-based evolving network modeling technique for HIV

To overcome the challenges with the application of current simulation techniques for HIV cluster
detection, we developed the PATH 4.0 model using a new stochastic simulation techniqgue ABENM.
When using the ABNM simulation technique, the full contact network; i.e., the network of all infected
and susceptible persons, is initially generated using a network generation algorithm [35], and disease
transmissions are simulated on this network over time. As sexual contact networks are known to follow
scale-free network structures [40,41], a preferential attachment algorithm would be first used for
generation of scale-free networks [35] in ABNM. Contrary to ABNM, the main concept of ABENM
is to simulate only infected persons and their immediate contacts at the individual level as agents of
the simulation, and to model all other susceptible persons using a compartmental modeling structure.
As new persons become infected, their immediate contacts are added as agents (transitioning from the
compartmental portion of the model to the network portion of the model), thus evolving the contact
network. The key challenge is determining ‘who’, i.e., the degree (number of contacts), risk group,
age, and geographical location of the person, to be added as the immediate contacts of the newly
infected node. These characteristics of the infected persons and their contacts are known to be
correlated, i.e., persons are more likely to have sexual partners who are similar to them, say of similar
age or have similar degree (number of partners) [39]. Correlation in number of partners is a key
mathematical feature known as degree correlation between neighboring nodes in scale-free network
structure [42], where degree is the number of links (contacts) of a node (person) in the network [31].
In previous work, we developed the ECNA, which uses a neural network model to predict degree
correlations, i.e., determine, based on the degree of the newly infected person, the degree of each of
their immediate contacts [31]. The ECNA can be used as a network generation algorithm for generation
of scale-free networks in ABENM. However, our previous work only modeled hypothetical networks
and diseases using simplified data assumptions.

We developed PATH 4.0 model using ABENM and ECNA. Specifically, expanding on the
concepts of ECNA, we developed a new network generation model (HIV-ECNA) for simulating HIV

Mathematical Biosciences and Engineering Volume 18, Issue 3, 2150-2181.



2154

transmissions. For simulating the progression of infection along the HIV disease and care continuum
stages for HIV-infected persons, we adopted the disease and care continuum progression model from
PATH 2.0 [6]. We implemented PATH 4.0 for prediction of sexually transmitted cases of HIV in the
United States over the period 2006 to 2017, among heterosexual female (HET female), heterosexual
male (HET male), and men who have sex with men (MSM). We did not model HIV transmissions
through injection drug use. We validated the model by comparing epidemic predictions from PATH
4.0 with data from the U.S. NHSS for years 2010 to 2017.

In this paper, we present the development and implementation of PATH 4.0 to the United States. To
demonstrate the ability of PATH 4.0 to generate clusters similar to those detected in molecular data, we
compare clusters extracted from the PATH 4.0 transmission network to those identified by nucleotide
sequencing of HIV genetic data collected from HIV-infected persons by the NHSS [19]. We used a
previously developed cluster generation algorithm for extraction of clusters from PATH 4.0 [43].

2. Methods: PATH 4.0 model

In this section, we discuss the structure and methods of PATH 4.0 and its implementation for
simulating the HIV epidemic in the United States for the period 2006 to 2017. This section is structured
as follows: in Section 2.1, we discuss the overall computational structure of PATH 4.0; in Section 2.2,
we discuss the four main modules of PATH 4.0, namely, a compartmental module for simulating
susceptible persons, a Bernoulli transmission module for simulating new infections, the HIV-ECNA
network generation module for generating sexual partnership networks of newly infected persons, and
a disease progression module for simulating HIV-related events for HIV-infected persons; and in
Section 2.3, we discuss the implementation of PATH 4.0 for simulating HIV in the United States for
the period 2006 to 2017, and provide an overview of the full simulation model. While we present only
a limited version of the mathematical concepts and data assumptions and sources here, further details
for each section can be found in the corresponding sections of the Appendix. All mathematical
notations used in the section are summarized in Table 1. PATH 4.0 was computationally coded in the
Netlogo 6.1.0 [44] software, an open-source programmable modeling environment for agent-based
modeling with network features.

Table 1. Table of Notations.

Notation Description

t Simulation time-step.

A The number of age-groups.
R The number of risk-groups.
D
g

The number of degree bins.
The number of pseudo-geographic jurisdictions.
a,r;d;g Usedwhen referring to an age-group, risk-group, degree-bin, and pseudo-
geographic jurisdiction, respectively.
Si[a, »,d, Anarrayofsize A x R X D X G representing the number of susceptible persons in
gl the model, in age-group @, risk group #, degree-bin d, and pseudo-geographic
jurisdiction g, at time t.
N A set of nodes, each representing an infected person or a susceptible sexual partner.

Continued on next page
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Notation Description
E A set of edges representing sexual partnerships between nodes.
G:(IV,E) A dynamic graph with V" a set of nodes and £ a set of edges, at time t.
Q; The number of nodes in graph G, at time t.

Celi, ] A static adjacency matrix of size Q, X Q;, with static element C.[i,j] = 1 ifi
and j are sexual partners anytime during their lifetime and C;[i, j] =0
otherwise.

Vili, j] A dynamic adjacency matrix of size Q, x Q. , with element V,[i,j] = 1ifi
and j are sexual partners during month t and V,[i, j] = 0 otherwise.

e =1{ij} An edge in graph G, representing a sexual partnership between nodes i and j

t{i,jH The partnership initiation time; represents the simulation month for
partnership initiation.

t{i,jH) The partnership termination time; represents the simulation month for
partnership termination.

{oii, dj} The age of nodes i and j at the time of their partnership initiation.

{gi, gj} The age of nodes i and j at the time of their partnership termination.

A Age-group of node j at time t.

g Age of node j at time t.

c?,- Degree-bin corresponding to the number of lifetime partners of node j.
d; The actual number of lifetime sexual partners of node ;.

dt,]- The number of lifetime sexual partners of person j vaho are already added as
nodes in graph G at time t. For infected nodes d; = d; for susceptible nodes
inG,d; = dt_,-

L j A partnership distribution matrix of size A x 2, where L, ;[a, 1] is the number
of partnerships that initiate at age-group a, and L, ;[a, 2] is the number of
partnerships that are yet to be assigned. For infected nodes, L, ;[a, 2] = 0,vVa

A Infection status of node j at time t.

My j Deceased status of node j at time t.

75 Risk-group of person j.

8t j Care continuum or disease stage of person j at time t.

Dt,j Infectiousness or risk of transmission per act for person j at time t.

€ Condom effectiveness.

St The number of sex acts per month for person j at time t.

o The proportion of acts condom protected of person j at time t.

F1(w) The inverse Bernoulli distribution that takes values 1 with probability u and 0
with probability 1 — wu.

Dy, Random variable for degree of node k.

Pr (Dy Conditional probability distribution for Dy,.
= di|Dy
=d;)
Pr (D, = d,) Marginal probability distribution for Dy,.
m Minimum degree of the network.

Ar, Scale-free network parameter corresponding to the risk-group of node I.

Lla,d] A matrix of size A X D, representing the proportion of partnerships that

initiate at age-group a for persons in degree-bin d.

Mathematical Biosciences and Engineering
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2.1. General structure of PATH 4.0

In this section we present the overall computational structure of PATH to help describe how the
ABENM simulation technique combines the features of ABNM and compartmental simulation
techniques, but we first briefly describe the main features of this computational structure. Only HIV-
infected persons and their immediate contacts (both susceptible and infected contacts) are modeled at
the individual-level as agents or nodes in a network (as in an ABNM), and all other susceptible persons
are modeled at the population-level (as in a compartmental model). Therefore, at any time point in the
simulation, all infected persons are nodes in the network, and all contacts an infected person would
have over their lifetime (the contacts may be infected or susceptible) are also nodes in the network.
Over time, as new persons become infected, they are added to the network, but at any “current” time
point of the simulation, only persons who are currently infected and their contacts (all partners the
infected person would have over their lifetime) are nodes in the network. An infected person is
connected to each of their lifetime partners through an edge (link), and thus an edge (or link) represents
a partnership. Thus, if anode is infected, the model is set up to ensure that their current degree (defined
as the number of persons they are linked to in the network at that time point in the simulation) is equal
to their actual degree (defined as the number of partners the infected person will have over their
lifetime). However, the links are set up such that each partnership (link) is activated and deactivated
over time based on when the partnership initiated and dissolved, through the use of edge features
(similar to assigning features such as age to a node, we can assign features to an edge) to keep track of
partnership initiation and termination times. As the only susceptible persons who are tracked as nodes
in the network are those who are contacts of an infected person, the current degree of a susceptible
node is less than or equal to their actual degree as they are only connected to their infected contacts.
Note that it is possible that the susceptible contacts of a newly infected node are already in the network
as contacts of other infected persons, but links between two partners are generated only when at least
one of them become infected (the methodological process to achieve this is the core of the newly
developed HIV-ECNA network generation model and is discussed in Section 2.2.2—in this section we
only describe the general computational structure of PATH). All susceptible persons who are not
contacts of a currently infected person are in the compartmental model. We will discuss in Section 2.2.
the process of determining if a susceptible person in the compartmental model would become a contact
of an infected node in the network, and the modeling of their transitioning from the compartmental
model to the network.

We next mathematically present the computational structure of PATH 4.0.

Following the compartmental modeling structure, we use a four-dimensional array to keep track of the
number of susceptible persons (who are not contacts of a currently infected person), specifically, let,

Sy = an array of size A X R X D x G, where A is the number of age-groups, R is the number of
risk-groups, D is the number of degree-bins (degree is the number of contacts per person and
degrees are grouped into bins analogous to age grouped into age-groups), and G is the number
of pseudo-geographic jurisdictions, to model heterogeneity in contact mixing as persons are more
likely to form partnerships with persons in the same geographic area (here we only model
‘pseudo’-geographic jurisdictions, i.e., we assigned persons to a randomly chosen jurisdiction
for purposes of introducing heterogeneity in contact selection, to more realistically represent
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network structure formations, but we did not explicitly model geographic features of the
epidemic as the focus of this paper is on national aggregated estimates) [45] then

S.[a,7,d, g] is the number of susceptible persons in age-group a , risk group 7, degree-bin d ,
and pseudo-geographic jurisdiction g, at time t.

Following the agent-based network modeling structure, we use a dynamic graph G, (V' £) to track
HIV-infected persons and their immediate contacts (these contacts may be infected or susceptible),
where 2V is a set of nodes, each node representing an infected person or a susceptible sexual partner,
and £(G,) is a set of undirected edges, an edge {i, j} representing a sexual partnership between nodes
i and j. The number of nodes in the graph Q; = |V (G.)| and the number of edges |E(G;)| are
dynamically changing over time t.

The graph G, (v, €) has the following features:

Static adjacency matrix: C; of time-variant size Q; X Q., with static elements C.[i,j] = 1ifi
and j are sexual partners anytime during their lifetime and C;[i, j] =0 otherwise, and
Dynamic adjacency matrix: V; of time-variant size Q; X Q;, with element V,[i,j] = 1if i and
j are in a partnership during month t and V,[i, j] = 0 otherwise.
Each edge {i, j}e& has the following features (similar to nodes having features of say age, sex, etc.,
edges can also have features):
Partnership initiation time: t({i,j}) representing the simulation month for when the
partnership initiated,
Partnership termination time: t({i,j}) representing the simulation month when the
partnership terminated,

Partnership initiation age: {di, dj} representing the age of nodes i and j, at the time of
partnership initiation, and
Partnership termination age: {gi,gj} representing the age of nodes i and j, at the time of

partnership termination.
Each node jeV'(G,) has the following features:
Actual degree: d; representing the actual number of lifetime sexual partners of node j,

Current degree: dt,]- representing the number of lifetime sexual partners of person j who are

already added as nodes in G;(V, £); if node j is infected cit,j = dj, if node j is susceptible dt,]- <

d;, and thus dynamically changing with time ¢,

Partnership distribution matrix: L. ; of size A X 2, where A is the number of age-groups,
L j[a, 1] is the number of partnerships that node j initiates in age group a, and L, ;[a, 2] is the
number of partnerships that are yet to be assigned; the sub-script t are to indicate that the values
of column 2 of L, ; can change over time, specifically, L, ;[,2] is a column of zeros if the node is
infected as all their partnerships are already assigned, and greater than or equal to zero if the
node is susceptible (when the susceptible person is added as a contact of a different infected
person one of the rows is decremented, and when the susceptible person become infected all
rows of column 2 are decremented to zero as their partners are found and added - the HIV-ECNA
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was specifically developed for determining when and how to assign these partnerships, and thus
generating the network, which is discussed in Section 2.2.3.),

Infection status: 4.; = 1 if node j is an HIV-infected node and 4; = 0 otherwise,

Deceased status: m,; = 1 if node j is alive and 0 otherwise,

Age: a.; taking an integer value representative of the age of node j,

Pseudo-geographic jurisdiction: g; taking an integer value representative of the pseudo-
geographic location of node j,

Risk group: » taking one of the following values, representative of risk-group of node j, »; €
{heterosexual female, heterosexual male, MSM}, and

Care continuum and disease stage: &, ; taking one of the following values, 0 (not infected), 1
(infected, acute HIV stage, and undiagnosed), 2 (non-acute HIV, and undiagnosed), 3 (diagnosed
and not in care), 4 (in care not on antiretroviral therapy (ART) treatment), 5 (on ART no viral
load suppression (VLS)), or 6 (on ART with VLS).

The main relationships between different components of the graph G, (V' €) are the following.
Between partnership initiation t({i, j}) and termination t({i, j}) times and static and dynamic
adjacency matrices (C; and V;):

Celi,jl= { Lif {i’j},eg, i.e., if {i, j} are partners at some point during their life, this will have
0 otherwise
a value of 1,

Veli, j] = {1 if t({ij) <t < £({i'j}), i.e., if {i,j} are partners at time t this will have a value
0 otherwise

of 1, and thus,
Celi, jl = Ve[i, j].

Between actual degree d;, current degrees dt_j, and static adjacency matrix C;:

n { = d; if node j is infected
t)

i< d; if node j is susceptible i.e., if anode is infected, they are linked to all partners they

will have (actual degree) over their lifetime and thus d; = dt_j, and if a node is susceptible, they
are only linked to their infected partners and thus d; < dt,]-, and

c?t,j = Yi=1:¢, Celi, j], i.€., C; keeps track of their current degree.

Between actual degree d; and partnership distribution matrix L, ;:

Ya=1aLlejla, 1] = d;, atany t, i.e., as L, ;[a, 1] tracks number of partnerships that initiate at
age-group a, when summed over all a it should add to the actual degree d; for all nodes
whether infected or susceptible, and

dj = dy; ifnode jis Susceptlble, ie, as L ;[@ 2] tracks number of

Ya=1.4 Lt,j [a,2] = {

0 if node j is infected

partnerships that initiate at age-group a and are yet to be generated, Y.g-1.4 L¢ j[a, 2]would be
zero if the node is infected because all partnerships of an infected node are already connected
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in the network, and would be equal to the number of partners yet to be assigned if the node is
susceptible. (Assigning partnerships and all other features related to the network are part of
the newly developed HIV-ECNA network generation algorithm, discussed later).

This section presented the computational structure of the model, specifically the compartmental
modeling structure, the network structure, and the features of the nodes and edges in the network. A
visual representation of the computational structure is presented in Figure 1(A). The next section
describes the methods (modules) used in modeling these features, and Figure 1(B) provides an overview

of the modules.

Current Degree (d) | \ -
o \ .

Actual Degree (d)

DegreeBin "7~

A. An Overview of the Computational Structure of ABENM @ infectednode @ Suscentible node Susceptible compartment

pegre ;:y/ .
1

Network graph
Gesa (W, €)

Transitioning between comparimental and
network when node | becomes newly infected
Determine number of susceptible partners
Rt node [ needs (=1 in this case)

| *  Determine age, actual degree, risk group, and
geographical furisdiction of node k, and age
of nodes [ and k at partnership initiation
Randomly pick a susceptible person from all

(Degree Range) (Degree Range eligible {meets criteria for node k). Suppose
2 3 4 L 1 f 5 I . that person is in compartmental, add a node
¢ i Do I O | e e | e | Been) e to Gy11 (N, £) and decrement number in
0 . L i .
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B. An Qverview of the PATH 4.0 simulation steps at every time-step t
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| HIV-ECNA Network

Disease Progression
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infected
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people in first age group
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people in each
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*  Updates sexual behavior
as function of age and risk

~ group.
*  Updates transmission risk
as a function of behavior
and HIV care status.

For each susceptible node in

network
Determines if node
becomes infected using a
Bernoulli transmission
equation.
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For each newly infected node:
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add as partners.
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of lifetime partners, age
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opportunistic infection,
and AIDS, as function of
care and treatment
status.

Figure 1. Schematic overview of the computational structure of ABENM (A) and simulation steps (B).
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2.2. Four main modules of PATH 4.0

At every time-step (monthly) of the simulation, the model runs four different modules: a
compartmental module for simulating susceptible persons, a Bernoulli transmission module for
simulating new infections, the HIV-ECNA network generation module for generating sexual
partnership networks of newly infected persons, and a disease progression module for simulating HIV-
related events for HIV-infected persons. We discuss each module below.

2.2.1. Compartmental module for simulating susceptible persons

Every time-step (monthly) of the simulation, this module updates the demographic features of
susceptible persons tracked through the array S;. Specifically, it simulates births, aging, and deaths as
follows
dS|a,r,d, g]

dt
B, g — uaSi-1|a,r.d,g]; if a=the youngest age group 13 — 17

1 1

Idl) Se_ala, 7, d, g] + (Id—ll) Se-1la—1,#7,d, g|; otherwise

Scla,».d g] = Si1|a,».d,g] + At
dsla»,d,g] _
at - (.Ud +

B,z is the number of persons of risk group »~ and degree-bin d annually aging into the
youngest age-group a =13-17 years, we assumed equal birth rate for all pseudo-geographic
areas,

Uz is the annual natural mortality in age-group a.

|@| is the age-group interval size of age-group @, and thus |71T| is the rate of aging out.

At is 1/12 to represent the modeling of monthly time-steps.

In the simulation, we estimate B,. 5 as the number of persons who age into age-group 13-17 years
multiplied by the proportion of persons of risk-group #»~ (» € {heterosexual male, heterosexual female,
MSM}), and further multiplied by the proportion of persons with degree-bin d (where d €
{1,2,...D}). Values for the proportions in risk-group and degree-bin are specific to the population
simulated and are discussed in the Appendix for application to the US population. We use log-2 binning
for degree, i.e., persons in degree-bin d are those with lifetime number of partners (d) in 2¢-1 < d <
24 . As the number of lifetime sexual partners follows a power-law distribution [34], i.e.,
Pr(d = k)~k=*, where 1 is the scale-free parameter of the distribution, following the characteristic
feature of power-law distributions, it would mean that a large number of persons have lower degrees
and only a few persons have a very high degree. This creates issues when using uniform binning. For
example, persons with large number of partners might typically report rounded numbers, e.g., 50, 100,
instead of 48 or 98 partners, so using uniform bins of say width 5 or 10 would create spikes at rounded
values and zero around it. Therefore, as commonly done, for degree-bins we use log-2 binning, i.e.,
persons in degree-bin d are those with lifetime number of partners (d) in 201 <d<2dde
{1,2, ... D}, which would create bins of narrower intervals for smaller degree and wider intervals for
larger degree. Applying the power-law distribution, we calculate the proportion of persons in degree-
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d
=2d-141

ZD

- -1
bin d as Zi k= (Zk=20+1 k"l) ] using the value of 4 specific to the population simulated

as discussed in the Appendix.

2.2.2. Transmission module for simulating new infections

Every time-step (monthly) of the simulation, this module determines if a susceptible node [ in
graph G.(V, E) becomes infected using a Bernoulli transmission equation. Note, as susceptible
persons in the compartmental model array S, are not connected to an infected person, their chance of
infection is zero. Further note that, susceptible persons can move from compartmental model to the
network upon becoming partners of the infected person, modeled using the HIV-ECNA algorithm
discussed in the next section, which would then expose them to the infection.

Specifically, for nodes in the network with HIV infection status /4._, ; = 0 (denoting susceptible)
the Bernoulli transmission equation is used to estimate the updated value 4. ; as follows.

e = P (1= 11 = )™ (1 = ) 7) e

aj = V(L j]. Ay .myj .prj, Where Vi[L, j], A5, m, j are the elements of the graph described in
Section 2.1, and p, ; is the probability of transmission per act modeled as a function of disease
and care stage &, ; and risk group 77 of the infected node j; we will have a value of a; = p, ; if
jis acontact of [ (i.e., V¢[[,j] = 1), is infected (i.e., A¢; = 1), and is alive (i.e., m.; = 1), and
a; = 0 otherwise,

€ = condom effectiveness,

s¢j = number of sex acts per month with node j, modeled as a function of age, risk group, and
number of partners of node j,

c¢,j = proportion of acts with node j that is condom protected, modeled as a function of age, risk
group, and number of partners of node j,

F~1(u) = an inverse Bernoulli distribution that takes a value of 1 with probability « and value
of 0 with probability 1 — u.

If node [ becomes infected, i.e., if the above equations yield a value of 1 (%, = 1), we set its HIV
stage as 1 (i.e., set 8,; = 1 to denote the first stage of HIV, which is acute and undiagnosed).

Every time-step t, this module also determines and updates any changes in sexual behavior of infected
nodes. Specifically, it updates the following values. For every partnership (k, j), its active/inactive
status by checking if the current time-step is within the partnership initiation and termination time, as

1if t({k,j}) <t < t({k,j}), indicating it is active

=S e i . For every infected node j, the
0 otherwise, indicating it is inactive

Vilk,j1 = {
number of sex acts per month as a random draw from age-group and risk-group specific uniform
distribution, corresponding to age a; ; and risk group 7 of node j. For every infected node j, the
number of sex acts per month for node j
k=19, Velk.jl
node j, condom use c; ; as a function of number of active partners (Xx-1.¢, V:[k, j]) and disease stage
8,; (specifically, diagnosed status of HIV, with higher condom use if aware, i.e., s, ; > 2. For every
infected node j, the infectiousness p, ; as a function of risk group 7 and stage s, ; of node j. Data

number of sex acts per partner s, ; as s ; =

. For every infected
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assumptions for the above behavioral parameters are presented in Section S3 of the Appendix, specific
to the US.

2.2.3. HIV-ECNA network generation module for generating partnerships of newly infected nodes

This module controls the overall network dynamics of partnerships between nodes. It controls
partnership formation and dissolution over time and age, modeled through a combination of the static
(C,) and dynamic (V;) adjacency matrices, with C, keeping track of all partnerships over the lifetime
and V; keeping track of only those that are active at that specific time. It controls the dynamics between
age-group and risk-group mixing between partnerships. It also controls the transitioning of susceptible
persons from the compartmental model S, to the network G, (V' £) as they become partners of newly
infected persons. These network dynamics are modeled through the simulation of HIV-ECNA, which
we discuss next.

At the beginning of every time-step t + 1, this module applies the HIV-ECNA for each node [
that was newly infected at the end of the previous time-step t. As [ was a susceptible person up until

time-step t, it had links with only their infected partners, and thus their current degree (ﬁt,l) was less
than or equal to their actual degree (d;). Therefore, the main functionality of this algorithm is to
generate the contact network for each newly infected node [, i.e., determine that d; — dAt,l partners are

yet to be assigned, determine who those persons are (including the degree-bin corresponding to their
number of lifetime partners, current age-group, risk-group, and pseudo-geographic jurisdiction) and, if they
are not already part of the graph G.(V, £), add them to G, (3V, €) and remove them from S, ;.

The steps of the HIV-ECNA are as follows.

For every newly infected node I,
1. Determine the number of new partnerships (edges) to generate as actual degree minus current
degree (i.e., d; — dt,l). Note, these new partnerships would all be with susceptible persons.

2. For each new susceptible partner node, say k, determine node features, specifically, its number of
lifetime partners degree-bin dy, risk-group #, and current age-group a ,, pseudo-geographic
jurisdiction gy, and the partnership distribution matrix Ly .

3. For each new edge (partnership) between [ and k, say {l,k}, determine its edge features,
specifically, the partnership initiation age {a,, @,}, initiation time ¢({/,k}), termination age

{a;, a;.}, and termination time £ ({1, k3}).

4. Determine who each new partner k is by a uniform random draw from all who are eligible, i.e.,
all persons who are eligible have an equal chance of selection. All susceptible agents in the graph
G:(IV, ) and susceptible non-agents in the compartmental model array S; with node and edge
features matching that in steps 2 and 3 above, can be eligible

a.  Asusceptible agent, say j, is eligible if its current age a, ; € ay, its risk group 7 = %,

its actual degree d; € d,, its pseudo-geographic jurisdiction gj = 9k, its degree minus
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current degree d; — &t,j > 0, and the number of unassigned contacts in age-group a,

corresponding to activation age @ is greater than zero, i.e., L, j[@, 2] > 0,ay € a.

b.  All susceptible non-agents in element S,[ @y, 7%, dy, gx] are eligible.

Therefore, the probability that the person picked is a susceptible agent is the number of
eligible agents divided by the number of eligible agents and non-agents, and thus, as the
network grows, the chance of selection from within the network increases.

5. For each new partner k (determined in previous step) and partnership {l, k}, update their
corresponding features in G, (V' £) and S;, i.e., update all elements of the computational structure
described under Section 2.1, generating an updated graph G, (V, €) and an updated array S;,,

a. If the new partner k is already a susceptible node in graph G.(V, ) update the graph
features corresponding to nodes [ and k and add a new edge {l, k}.

b.  If the new partner k is an element of the compartmental array S;, add a new node k to the
graph, update the graph features corresponding to nodes [ and k, add a new edge {l, k},
and decrement the value of S,[@y, 7%, dx, gx] by 1 (thus transitioning the susceptible
person from compartmental model to the network). Assign actual degree d, through
random selection from the degree-bin d, and assign current age as a,j = a@j —
(t({l,k}) — t), where ¢ is the current time-step

Below, we briefly discuss the methods for determining the features in steps 2 and 3 and provide further
details in the Appendix Section S4.

Determining degree-bin d, for each new partner k

As described in Step 1, suppose it is determined that a new susceptible person (say k) should be
added as the partner of the newly infected node [. A key aspect of the HIV-ECNA is determining the
features of k, including its degree-bin (the bin corresponding to its number of lifetime partners) d,,.
For a node [, the degree-bin of a partner d, is not independent of its degree-bin d, because of degree
correlations between node neighbors, a key feature of scale-free networks [42]. Generally speaking,
this means that the degree-bin d, should be determined using some probability distribution that is
dependent on the degree-bin of the infected neighbor d;, that is, degree d,, is conditional on d;.

Mathematically representing this, Pr(Dy = dy|D, = d;) # Pr(D, = d)), and thus, d; cannot be

zak_ Py |
i=2%k~141

directly drawn from its scale-free network probability mass function Pr(ﬁk = cfk)~ D
but should be determined using a conditional probability distribution Pr(D, = d|D; = d,); where Dy,
is the random variable for degree-bin of node k.

While the literature presents an analytical method for estimation of Pr(D, = d,|D, = d,) for

general static scale-free networks [42], our previous work showed that this method is not suitable in
the context of simulating an epidemic in a dynamically evolving contagion network [31]. Specifically,
in general static scale-free networks, the full network is available so the degree of all node neighbors

are available, and thus Pr(ﬁk =dy|D, = cfl) is an expectation over all possible values of d; i.e., an

average over “all” node neighbors. However, as we only simulate infected nodes and their immediate
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contacts in the network, in our context, only values corresponding to infected node neighbors are used.
As it is more likely that nodes with higher degree get infected first, the value of Pr(D, = di|D;, = d;)
when [ = all node neighbors is different compared to when [ = infected node neighbors [34].
And further, Pr(ﬁk =d,|D, = Jl) is likely to change over time as the epidemic spreads and the
percent of the population that is infected changes. Our previous work developed a neural network
model for the prediction of Pr(D, = d,|D, =d;) using as independent variables, d,, dj, the

minimum degree of the network m, the percent of the population that is infected, and the scale-free
network parameter 4,., corresponding to risk group of node [ (). We used a similar method here.

Further details of the training of the neural network and data assumptions and sources for the US are
presented in the Appendix Section S4.1.

Determining risk group 7. and pseudo-geographic jurisdiction g, for each new partner k

For any node [, the risk group of partner k (#) was determined based on a risk group mixing
probability matrix, which is a square matrix of probabilities, with rows and columns representing
heterosexual male, heterosexual female, and MSM, and each element, say (7, 7%), representing the
probability a person in risk group 7 partners with a person in risk group 7. The pseudo-geographic
jurisdiction (gy) was determined based on a pseudo-geographic mixing probability matrix. Data
assumptions and sources for risk group mixing and pseudo-geographic mixing are presented in the
Appendix Section S6.5

Determining the partnership distribution matrix L, , for each new partner k

Suppose dy, is the actual degree (number of lifetime partners) of a newly added susceptible node
k. We need to determine at what age of k will each partnership initiate. As these data are not directly
available, we estimated it using Markov process-based simulation and optimization methods applied
to data from behavioral surveys that reported the number of lifetime partners by persons' age at the
time of survey. More specifically, we can describe the parameter of interest and its estimation process
as follows. Suppose there is a matrix L of size A x D, with A the number of age-groups and D the
number of degree-bins, and element L[a, d] representing the proportion of partnerships that initiate at
age-group a for persons in degree-bin d, with each column of L adding to 1, for all d € {1,2,... D}.
Then, for any node k with actual degree d,ed, we can calculate the partnership distribution matrix,

i.e., the number of partnerships that initiate at age @, as L, x[a, 1] = Z[c‘z, c?]. dy.

Direct data for L would be a longitudinal survey over the duration of life of an individual, where
the individual reports the number of partnerships they initiated at every age point of their life. Such
surveys, however, are unavailable. Therefore, we estimated L using survey data on the reported
number of partners up to that time by persons of different age-groups (see Appendix Section 4.2). Note
that, these survey data only represent the number of partners up to the current age of the surveyed
individual. Thus, the degree-bin d each person would belong to is unknown as d represents the number
of partners the person would eventually have over their full lifetime. The age at which each partnership

initiated is also unknown. Therefore, we estimated E[c‘z, J], va, vd, by mathematically piecing together
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data from persons of different age-groups to mimic a longitudinal survey. We used a two-step process
in this estimation of L. In step 1, we solved for the probabilities of initiating a new partnership when a
person ages from age-group @ — 1 to a, by formulating it as the transition probability matrix of a
Markov chain and solving for it using an optimization model, calibrating to the survey data. In step 2,
we used the transition probability matrix from step 1 to simulate partnership changes over the lifetime
of a person, starting from age-group a = 1 to age-group a = A, repeating for 10,000 people, grouping
together all persons who end in the same degree-bin d at the last age-group A, and for each degree-bin
d, calculating the average proportion of partnerships that initiated in age-group @, va. We discuss
both steps in detail in the Appendix Section S4.2.1.

Determining partnership initiation and termination age and time for edges {l, k} with each partner k

Determining the expected partnership initiation age {@,, @}, initiation time t({l, k}), termination
age {gl,gk}, and termination time t({l, k}) of each edge {[, k} between the newly infected node [ and

each of its partner k is equivalent to assigning values of these variables to each of the k partners over
the duration of life of the infected node [. The optimal solution are the values that maintain the
probability distribution for age-mixing between partners, and maintain the partnership distribution
matrices (L.; and L., Vk) of the newly infected node [ and each partner k, i.e., for any node i, the
number of edges initiating at age-group a should be equal to L ;[a, 1], estimated in the previous
section. We formulated this problem as an optimization model and developed a heuristic solution
algorithm. The details of the formulation and the heuristic solution algorithm are presented in
Appendix Section S4.3. The current age of partner k (a.y) is then determined as a;, = @, —

(t({Lk}) —t), and @, , such that, @, ;, € @, is set as its current age-group.

2.2.4. Disease progression module for simulating progression along disease and care continuum stages

The disease progression module in PATH 4.0 is similar to that in PATH 2.0 [6]. At every time-
unit of the simulation, this module updates the individual-level demographic and disease dynamics for
every HIV-infected person, including aging, HIV-related and natural mortality, HIV disease
progression, and changes in diagnosis, care, and treatment status.

Updating disease progression includes updating HIV-specific parameters such as CD4 cell count,
viral load, opportunistic infection (Ol) incidence, and onset of acquired immune deficiency syndrome
(AIDS), using previously validated disease progression methods in PATH 2.0. These HIV-specific
parameters are updated as a function of care and treatment status and ART regimen. For persons on
ART treatment, it also simulates changes in ART regimen over time by simulating viral load rebound.
We provide an overview of the disease progression methods and data assumptions and sources in the
Appendix Section S5.1-S5.3.

Updating changes in diagnosis, care, and treatment status includes generating events of testing,
initiation of treatment, and dropping-out or re-entry into treatment by calibrating to match surveillance
estimates for the distribution of PWH by care continuum stages (unaware, aware not in care, and on
ART treatment with viral load suppression) corresponding to the population and year being simulated.
The details of the calibration method are presented in the Appendix Section S5.4.

Mathematical Biosciences and Engineering Volume 18, Issue 3, 2150-2181.



2166

2.3. Implementation of PATH 4.0 for simulation of HIV in the US

In application of the proposed ABENM to HIV, we first generated an initial population that is
representative of people living with HIV (PWH) in the United States in 2006. We achieved this through
a methodology that includes two sequential dry runs of the simulation (the concepts of dry runs for
model initialization are discussed in more detail in the Appendix S6.2). The first dry run initializes a
network of HIV-infected persons and immediate contacts that is replicative of the contact network
among PWH, i.e., matching the correlations in degree, age, and risk group between partners. The
second dry run initializes the model with epidemic and demographic features, such as disease stage,
care continuum stage, age, and risk group, that are representative of the distributions of these features
in PWH in the United States in 2006. To create a representation of HIV in the United States, data were
taken from several studies, demographical, sexual behavioral, clinical, and HIV care and treatment
behavioral studies, originating from data collected as part of multiple large national surveillance and
survey systems in the United States, and other small studies. The surveillance and survey systems
include the National HIV Surveillance System (NHSS), the Medical Monitoring Project (MMP), the
HIV Outpatient Study (HOPS), the American Community Survey (ACS), the National HIV Behavioral
Surveillance (NHBS), the National Survey for Family Growth (NSFG), and the National Survey for
Sexual Health and Behavior (NSSHB) [46-52]. The specific data sources are detailed in the Appendix,
in S2 and S6 for demographics, in S3 and S4 for sexual behavior, and in S5 for clinical and HIV care
and treatment behaviors.

After initialization of the model to 2006, we ran the simulation, from 2006 to 2017 in monthly-
time steps, by calibrating to the care continuum distribution of PWH in the year being simulated, taking
estimates from NHSS. We present the data assumptions and sources in the Appendix Section S6. An
overview of the steps of the full simulation model, including the dry runs, is presented in Appendix
Section S7.

3. Model validation
3.1. Validation of epidemic predictions

To validate the epidemic predictions from the model, for the period 2010 to 2017, we compared
simulated annual estimates of relevant HIV parameters, including total prevalence, diagnosed
prevalence, annual incidence, and annual diagnoses, distributed by risk group and age, with
surveillance data [53-60]. We define total prevalence as the number of people living with diagnosed
or undiagnosed HIV, diagnosed prevalence as the number of people living with diagnosed HIV, annual
incidence as the number of new infections in that year, and annual diagnoses as the number of new
diagnoses in that year. Risk groups include heterosexual females, heterosexual males, and men who
have sex with men (MSM) infected with HIV through sexual transmission. Specifically, we compared
model and surveillance estimates for the following features:

1. Distribution of overall disease burden by risk group (Figure 2), calculating for each risk group,
a. total prevalence in risk group divided by overall total prevalence
b. diagnosed prevalence in risk group divided by overall diagnosed prevalence
c. annual incidence in risk group divided by overall annual incidence
d. annual diagnoses in risk group divided by overall annual diagnoses
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2. Measures of epidemic growth within each risk group (Figure 3) as,
a. annual incidence in risk group divided by total prevalence in risk group
b. annual diagnoses in risk group divided by diagnosed prevalence in risk group
3. For each risk-group, measures of epidemic growth within each age-group and distribution of
disease burden by age (heterosexual females in Figure 4, heterosexual males in Figure 5, and
MSM in Figure 6) as,
a. annual incidence in age-group divided by total prevalence in age-group
b. annual diagnoses in age-group divided by diagnosed prevalence in age-group
c. annual incidence in age-group divided by total annual incidence in risk group
d. annual diagnoses in age-group divided by total annual diagnoses in risk group

We generated 100 runs of the simulation and present box plots marking the minimum, 1% quartile,
2" quartile, 3" quartile, and maximum, of the 100 runs for each of the above features along with the
corresponding values calculated using surveillance estimates [36].

The surveillance estimates fall within the range of model estimates in most cases. In a few cases,
such as in the ratio of new infections to total prevalence for MSM (Figure 3) and distribution of
diagnosed cases by age for MSM (Figure 6), the surveillance estimates were outside the range of model
estimates in some years. However, we believe the overall results are acceptable considering that these
metrics are an outcome of multiple interacting events, including those related to sexual behavior, HIV-
related care behavior, and disease progression, each event simulated at the individual-level using age,
and risk group specific parameters. Specifically, sexual behavioral events include partnership
formation and dissolution over time varying by age and risk group, age-group and risk-group mixing
between partnerships, and changes in sexual exposures and condom use varying by age, risk group,
and number of partners. HIV-related care events include HIV testing and diagnosis, linkage to care
and treatment, and dropping-out of and re-entry into care and treatment. Disease progression events
include changes in CD4 cell counts, viral load, Ol and AIDS incidence, and mortality, each influenced
by time of diagnosis and initiation of treatment, and changes in treatment regimen over time. Therefore,
considering that the resulting overall population-level epidemic features presented in Figures 2 through
6 are an outcome of interactions between the above multiple events modeled at the individual-level,
and that the model results are close to the surveillance estimates on most of these epidemic features
(features not used in model calibration), we believe the model provides an acceptable replication of
the epidemic. Further, as the surveillance estimates for incidence and prevalence are nationally
aggregated average estimates which also have a range of uncertainty associated with them, we did not
want to risk overfitting.
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Figure 2. Distributions of total prevalence, diagnosed prevalence, annual incidence, and
annual diagnoses by risk group; total prevalence = the number of people living with
diagnosed or undiagnosed HIV, diagnosed prevalence = the number of people with
diagnosed HIV, annual incidence = the number of new infections in that year, and annual
diagnosis = the number of new diagnosis in that year.
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Figure 3. Comparing model estimates with surveillance for annual incidence by total
prevalence and annual diagnosis by diagnosed prevalence for each risk group; total
prevalence = the number of people living with diagnosed or undiagnosed HIV, diagnosed
prevalence = the number of people with diagnosed HIV, annual incidence = the number
of new infections in that year, and annual diagnosis = the number of new diagnosis in

that year.
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Figure 4. Annual incidence by total prevalence, annual diagnoses by diagnosed
prevalence, and distributions of annual incidence and annual diagnoses by age among
heterosexual females. Note: charts with no surveillance points are those for which data
are available for MSM but not heterosexuals, but we are reporting simulated estimates
for completeness.
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prevalence, and distributions of annual incidence and annual diagnosis by age among
heterosexual males. Note: charts with no surveillance points are those for which data
are available for MSM but not heterosexuals, but we are reporting simulated estimates
for completeness.
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prevalence, and distributions of annual incidence and annual diagnosis by age among
MSM (men who have sex with men).
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4. Testing applicability of path to cluster generation

To test the ability of PATH 4.0 to generate clusters similar to those detected through analysis of
nucleotide sequence data reported to NHSS, we compared clusters extracted from the PATH 4.0
transmission network to those identified through molecular cluster analysis of NHSS data. During
2013-2017, 27 HIV surveillance jurisdictions in the United States reported nucleotide sequences from
routine clinical drug resistance tests to the NHSS; these jurisdictions reported 70% of US HIV
diagnoses in 2015, To identify molecular clusters in NHSS data, we analyzed data reported through
December 2017 for HIV infections diagnosed during January 1, 2015-December 31, 2017. Clusters
were identified using methods described previously [19]: in brief, we included partial pol (protease
and reverse transcriptase) sequences that were >500 nucleotides in length and removed sequences
identified as potential contaminant. Sequences were analyzed using a local installation of HIV -
TRACE (HIV TRAnsmission Cluster Engine [61], www.hivtrace.org) following methods
previously described [19]. Clusters were defined as connected components using a genetic distance
threshold of 0.5%. Sequence data were available for 48% of persons with HIV infection diagnosed
during 2015-2017 in the participating jurisdictions.

To replicate molecular cluster detection in the simulation, we applied a cluster generation
algorithm (previously developed [43]) at the end of each simulation run, corresponding to the end of
the year 2017, for identification of clusters among persons with HIV diagnosed between 2015 and
2017 [19]. The algorithm identifies clusters using time as a proxy for genetic distance. Specifically,
we approximated genetic distance between any two nodes as the sum of the difference between each
node’s time of diagnosis and time of infection of the node that commonly connects them in a
transmission network. Assuming that the viral sequence will change approximately 1%, on average,
over a 10-year interval, we replicated a genetic distance threshold of 0.5% in the model by defining
clusters as any group of nodes connected in a single component within a 60-month time interval.
Further, we classified clusters that include at least one person with HIV diagnosed in the most recent
year (2017) as priority clusters. Because the completeness of sequence data (the proportion of all
diagnosed infections for which a sequence is available) will impact cluster detection, we replicated
incomplete data in the simulation: to replicate 48% sequence completeness in NHSS. For each run, we
randomly selected 52% of infections diagnosed during 2015 to 2017 and excluded them in the
generation of clusters.

We compared simulated clusters with molecular clusters, including the distribution of diagnosed
cases by cluster type and cluster size and the distribution of number of clusters of varying size (Figure
7). We see in the figure that NHSS results are within the range of model results for each of these
metrics. The proportion of persons with diagnosed infection that are part of a cluster as well as the
distribution of persons by size of cluster in the model is consistent with NHSS results (plot on top in
Figure 7). The distribution of clusters by size in the model is also consistent with the NHSS results
(bottom plot in Figure 7). These results thus validate the methods in the model leading to the formation
of the contact network structure and transmissions. Further, the model estimates also match well for
the proportion of diagnosed cases in priority clusters, i.e., clusters with higher number of cases
diagnosed in recent years, suggesting that the model generated events of diagnosis and care are similar
to that observed in surveillance data (plot on top in Figure 7).
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5. Discussion and conclusions

This paper presents a newly developed simulation method, ABENM with ECNA, for simulation
of infectious disease epidemic projections for diseases with low prevalence, i.e., diseases with a small
ratio of the size of infected population to size of susceptible population. We used ABENM for
developing the PATH 4.0, a model for simulating HIV epidemic projections, and applied it for
simulating HIV in the United States. PATH 4.0 is a comprehensive stochastic simulation model that
simulates multiple interacting HIV-related events at the individual-level, including those related to
sexual behavior, HIV-related care behavior, and disease progression.

Model estimates from PATH 4.0 on multiple surveillance outcomes related to both HIV disease
projections and transmission network dynamics were comparable with surveillance data, thus
validating the newly proposed ABENM simulation method and ECNA for network generation.
Further, the fact that the clusters generated using the model compare well with those identified
using HIV molecular sequence data supports the potential use of this model for analysis of cluster-
based interventions.

However, there are limitations to this model. PATH 4.0 only simulated sexual transmissions of
HIV, and thus, clusters formed through needle sharing contacts are not included in our results. About
9% of new HIV diagnoses are among PWID [62]. Future work could expand PATH 4.0 to include
PWID for analyses of interventions specific to mode of transmission. We did not simulate the use of
pre-exposure prophylaxis (PrEP) among uninfected persons, which can reduce the transmission rate.
PrEP coverage is a recently introduced metric in NHSS reporting, available for year starting 2017
(about 12.5% in 2017) [63] and thus, analyses of clusters for future years should consider adding PrEP
into the simulation. This can be done through adding a PrEP status to every susceptible node (as those
who are a contact of an infected node are agents in the simulation) and incorporating the effectiveness
of that into the Bernoulli transmission equation. We only modeled hypothetical jurisdictions to
generate network dynamics, specifically to generate sub-networks with small amounts of mixing
across sub-networks, as it is more likely that partnerships form between people within a certain
geographic proximity. The jurisdictions are hypothetical in that we did not simulate jurisdiction-
specific demographics or epidemic features. Despite these limitations, we believe the model presented
here can help study questions specific to inform HIV cluster-based interventions, and the methods
presented here could be utilized for construction of more sub-group specific models, such as by
geographical jurisdiction or mode of transmission.

In summary, in this paper, we present the newly developed ABENM simulation method for
simulation of diseases with low prevalence and its application to the development of the PATH 4.0
model. We propose PATH 4.0 as a tool for studying questions related to understanding the dynamics
of cluster growth and its eventual application to identification of suitable cluster detection and
intervention strategies. Cluster detection is a key component of the U.S. Ending the HIV Epidemic [20]
national strategic plan. While surveillance is critical for the detection of clusters, a model in
conjunction with surveillance can be used to refine cluster detection methods, better understand factors
associated with cluster growth, and assess interventions to inform effective response strategies for
prevention. As surveillance data are only available for cases that are diagnosed and reported, a model
is a critical tool for understanding the true size of the clusters and assess key questions, such as the
relative contributions of clusters to onward transmissions. As per our knowledge, this is the first model
to have successfully replicated cluster features similar to that observed in molecular analysis of NHSS
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data. Thus, PATH 4.0 serves as a novel tool for assessing intervention strategies for cluster detection
and response. Moreover, the fact that this model more closely approximates true HIV transmission
dynamics, including clusters of transmission occurring as a result of the scale-free network and
nonrandom mixing, indicates that it would be a stronger mechanism, than an agent-based model alone,
for making inferences about the benefits of various approaches to deploying HIV prevention
interventions even in non-cluster response settings.

The successful replication of HIV disease patterns and cluster formation supports exploring the
use of ABENM and ECNA in other areas. ABENM is specifically suited for diseases where simulation
of contact networks is an essential component for accurate epidemic projections, and where the
diseases have low prevalence that makes current network modeling methods challenging to use. In
addition to HIV, other infectious diseases that fall under this category include tuberculosis, and chronic
hepatitis B and C, or reemerging disease outbreaks such as SARS (severe acute respiratory syndrome),
MERS (Middle East respiratory syndrome), and Ebola disease. In these cases, infection spreads
through close contact between people, making the modeling of contact networks essential. These
diseases also have high mortality and economic burdens, such that, in the case of remerging disease
outbreaks that spread quickly, halting the disease in the very early stages of the outbreak (i.e., when
the prevalence is low) is key for effective control.
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