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ABSTRACT

The use of genomic information has gained increasing relevance in epidemiology and

public health, particularly the inference of genetic networks of highly evolving pathogens

like HIV. This approach offers objective evidence that allows for tracking transmission

dynamics, and guiding intervention. However, the virus’s high genetic diversity, combined

with variations in risk factors and transmission rates among affected populations, leads

to substantial differences in epidemic dynamics across different epidemiological contexts.

Additionally, transmission networks inferred using a distance threshold often create many

spurious edges among closely related sequences, resulting in abiological transmission cycles.

Management of these networks as new sequences are generated also fuel a desire to track

cluster growth over time. It is therefore advisable to develop molecular analysis tools

that better capture the unique landscape of each epidemic, providing a portrayal that more

closely mirrors the real epidemic scenario. This dissertation introduces novel tools aimed at

optimizing genetic network analysis for epidemiological purposes, with a focus on HIV-1

but with stated potential further application in other pathogens.

Due to their greater convenience compared to phylogenetic methods, the inference of

transmission networks through genetic distance methods has been widely used for near-real-

time surveillance of HIV-1. Published research using the HIV-TRACE software package

frequently uses the default threshold of 0.015 substitutions/site for HIV pol gene sequence. In

Chapter 2, Weaver et al. introduces AUTO-TUNE, a heuristic scoring method to adaptively

tune the distance threshold, to prevent giant cluster formation and maximize cluster numbers.

This method was applied to various outbreaks, considering regional or temporal differences,

to identify clusters with specific risk factors. For instance, we found the 0.015 threshold suits

US-like epidemics, but a lower threshold of 0.005 better captures outbreaks like the CRF07

BC subtype among MSM in China. Conversely, a larger threshold is needed for regions

where diverse risk factors and sparse sampling occur over longer periods. This adaptive

approach aids public health officials in making more informed interventions.
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Genetic distance and phylogenetic tools often yield densely connected clusters, with many

spurious edges that create unrealistic cycles, overestimating connectivity and inflating node

degrees. In Chapter 4, we present a scalable approach, Conditionally Orthogonal Vertices For

Edge Filtering in Epidemics (COVFEFE), to prune spurious edges through a straightforward

application of the PC (unroll) algorithm originally developed for Bayesian graphical models.

COVFEFE removes edges likely to be indirect, preserving cluster membership. It eliminates

29%–80% of spurious edges in simulated transmission chains with low intra-host mutation

rates and 4%–39% in real HIV-1 epidemic data, often simplifying dense clusters to chains.

Filtered networks align better with theoretical models, affecting analysis and modeling

methods that use node or edge properties. COVFEFE is part of the HIV-TRACE molecular

network inference package.

The heterogeneity in risk factors and characteristics of the HIV-1 epidemic worldwide

demands adapting bioinformatics tools for different contexts to meet local needs. In Chapter

4, we present HIV-TRACE GO, an extension of the HIV-TRACE software designed to

enhance global HIV molecular epidemiology surveillance. This web application, developed

primarily in JavaScript, enables real-time molecular surveillance with features tailored

for multi-jurisdictional data management and internationalization. HIV-TRACE GO has

been successfully implemented at CIENI-INER, a WHO-accredited HIV-1 sequencing

reference laboratory in Mexico, demonstrating its feasibility for both local and international

applications. We discuss the software architecture, key customizations, and its potential

impact on public health surveillance.
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CHAPTER 1
INTRODUCTION

Advances in molecular biology have transformed the fields of epidemiology and public
health by improving understanding of the pathogenesis and transmission dynamics of disease,
leading to the emergence of molecular epidemiology in the 1970s and early 1980s(Tümmler,
2020). Molecular epidemiology provides valuable information for understanding the
transmission, manifestation, and progression of infectious diseases. It is distinguished
from other disciplines by its focus on identifying and maximizing intervention or disease
prevention strategies to solve public health problems(Riley and Blanton, 2018). Molecular
epidemiology is particularly relevant for infectious diseases such as HIV, where the use of
genomic information allows for detailed analyses of pathogen evolution and transmission
dynamics. Due to the frequent viral mutations as HIV spreads within a community network,
each virus acquires a unique genetic footprint. This unique genetic sequence can be analyzed
to identify potential epidemiological links between individuals carrying genetically similar
viruses, forming what is known as a transmission network(German et al., 2017). These
networks offer objective insights into the transmission pathways, independent of participant-
reported histories, which are valuable for tracking the spread of diseases and guiding public
health interventions. By understanding the genetic relationships between viral sequences,
researchers can identify transmission hotspots, monitor the effectiveness of interventions,
and adapt strategies to emerging threats(Oster et al., 2021a).

Genetic networks are composed of molecular clusters, which refers to a group of viral
sequences that are closely related genetically, indicating transmission events among the
individuals from whom these sequences were obtained. In these networks, sequences are
represented as nodes, and the relationships between them are depicted as edges(Hevey,
2018). In network analysis, there the current key parameter that is frequently analyzed when
characterizing and understanding these molecular clusters for public health purposes(Hevey,
2018; Oster et al., 2018a) is:

1. Recent and Rapidly Growing Clusters: Identifying clusters with rapid HIV trans-
mission for timely intervention. The national priority criteria states this as clusters
detected at a ≤ 0.5% genetic distance threshold with ≥ 5 diagnoses in the past 12
months or ≥ 3 diagnoses in the past 12 months in low morbidity jurisdictions are
prioritized.
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This targeted approach enables health authorities to focus interventions where trans-
mission is most likely. Actions such as proactive outreach, testing, and linkage to care
can effectively reduce HIV spread within affected communities(Hassan et al., 2020). Fur-
thermore, timely identification of transmission clusters is highly desirable in molecular
surveillance. Adding new cases to a molecular cluster indicates ongoing transmission
and provides opportunities for intervention. Therefore, continuous monitoring of molecu-
lar clusters remains important once molecular surveillance is implemented. This ongoing
surveillance helps health officials detect emerging outbreaks early, swiftly implement targeted
interventions, and prevent further transmission within identified clusters.

The range of infectious disease epidemiological issues that can be addressed by the
application of bioinformatic tools depends significantly on the reliability of the information
these tools generate(Riley and Blanton, 2018). Equally important is ensuring that these tools
are user-friendly and accessible to a diverse range of public health professionals, to effectively
utilize these tools for surveillance, outbreak investigation, and intervention planning. This
accessibility is necessary for scaling up the use of bioinformatic tools across public health
systems, thereby enhancing their impact on infectious disease control and prevention efforts
globally. Molecular clusters can be determined by either phylogenetic or genetic distance
methods(Hassan et al., 2017). This dissertation primarily explores genetic distance methods
for determining molecular clusters. Unlike phylogenetic methods, genetic distance methods
are favored for their simplicity, speed, and practicality. They are easy to implement and
demand less computational power, facilitating near real-time surveillance for timely public
health interventions(Wertheim et al., 2019). A critical factor in defining molecular clusters is
the genetic distance threshold, or cut-off, used to determine whether an edge should be drawn
between two nodes. This cut-off defines how genetically similar two sequences must be to be
considered linked. Choosing an appropriate cut-off is of utmost importance for accurately
identifying meaningful clusters. If the cut-off is too strict, it may fail to capture all relevant
transmission links, resulting in fragmented and incomplete clusters. Conversely, if the cut-off
is too relaxed, it may create spurious connections, leading to overly large and biologically
implausible clusters. To address this issue, Chapter 2 introduces AUTO-TUNE, a heuristic
method that adaptively ”tunes” distance thresholds to better capture transmission clusters
without generating overly large clusters. We prioritize the ratio of the sizes of the largest and
the second largest cluster, and maximizing the number of clusters present in the network.
The efficacy of AUTO-TUNE is demonstrated by its capability to choose thresholds that
result in higher quality clustering, as evidenced by improved Degree-Weighted Homophily
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(DWH) scores among related attributes observed across different datasets reflecting different
epidemic scenarios. This approach proves robust to regional and temporal differences in
epidemic dynamics, thereby providing more precise insights for public health officials.

Another challenge in network analysis is the tendency of genetic distance and phylogenetic
tools to produce densely connected networks with many spurious edges. Such networks can
create abiological cycles and overestimate connectivity, complicating the interpretation of
transmission dynamics. Chapter 3 presents COVFEFE (Conditionally Orthogonal Vertices
For Edge Filtering in Epidemics). This method utilizes a zero branch-length statistical test to
determine whether nodes in a triangle are conditionally independent. Edges made redundant
in triangles where one of the nodes are considered to have no branch length from the root are
flagged for potential removal, except those that function as ’bridges’ in the network to maintain
cluster integrity. This iterative process continues until no further edges can be removed and
can be extended to cycles of any length. With spurious edge reduction, intervention strategies
may be able to incorporate more sophisticated measures that include node degree, centrality
measurements, and epidemic model fitting. COVFEFE is part of the HIV-TRACE molecular
network inference package. Recognizing the global heterogeneity of the HIV-1 epidemic,
this dissertation also emphasizes the need for bioinformatics tools that are adaptable to
different epidemiological contexts. In Chapter 4 HIV-TRACE GO, an extension of the
HIV-TRACE software designed for global surveillance is introduced. Utilizing a web
application developed primarily in JavaScript, HIV-TRACE GO offers real-time molecular
surveillance. Translation into Spanish, customization of functionalities to manage data across
multiple jurisdictions, and flexible attribute management are some of the customizations
in HIV-TRACE GO. Its successful implementation at CIENI-INER, a WHO-accredited
HIV-1 sequencing reference laboratory in Mexico, demonstrates its utility for both local
and international public health applications. We delve into the software architecture, key
customizations, and its potential impact on enhancing public health surveillance capabilities.

In summary, this dissertation contributes to the field of molecular epidemiology by
developing and refining tools for genetic network analysis that address the specific challenges
posed by HIV-1 (refinement of the genetic distance threshold, spurious edge filtering and
expansion of bioinformatic tools for HIV surveillance), with potential applications for
other pathogens. These contributions aim to improve the accuracy of transmission network
inferences, enhance real-time surveillance capabilities, and provide actionable insights for
public health interventions.
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CHAPTER 2
AUTO-TUNE: SELECTING THE DISTANCE THRESHOLD FOR INFERRING

HIV TRANSMISSION CLUSTERS

2.1 Introduction

The use of genomic data to infer and characterize transmission networks of various
pathogens has grown in prominence in the past two decades, with applications to a growing
list of pathogens, including viruses such as HIV (Paraskevis et al., 2016), hepatitis C virus
(HCV) (Murphy et al., 2019a), or influenza A virus (Jombart et al., 2011), and bacteria
such as 𝑀.𝑡𝑢𝑏𝑒𝑟𝑐𝑢𝑙𝑜𝑠𝑖𝑠 (Mai et al., 2018) or 𝐴.𝑏𝑎𝑢𝑚𝑎𝑛𝑖𝑖 (Thoma et al., 2022). Notably,
genomic surveillance had a prominent role during the COVID-19 pandemic, including the
use of sequencing for the study of transmission clusters (von Rotz et al., 2023; Campigotto
et al., 2023). Choosing an appropriate genetic distance threshold is an important part of
using a molecular transmission network to track the spread of rapidly evolving pathogens
(Liu et al., 2020; Rose et al., 2020). This distance threshold defines the degree of genetic
closeness between pathogen sequences, isolated from two individuals, required to suggest
them as potential transmission partners in the network. Using a distance threshold that is too
large can result in a network with many spurious, making it difficult to interpret and analyze.
On the other hand, using a distance threshold that is too small can result in a network with
too few links, underestimating connections between individuals and making it difficult to
accurately track the spread of the disease (Gore et al., 2022).

To enhance the utility of inferred transmission networks, it is important to carefully
consider the appropriate distance threshold, 𝑑. This threshold may vary depending on the
specific disease and the context in which it is spreading. For example, a highly contagious
acute respiratory illness (e.g., SARS-CoV-2) may require a smaller 𝑑 than a less contagious
chronic illness that is primarily spread through direct contact (e.g., HIV-1). Viruses
are more amenable to molecular studies compared to bacteria due to their high genetic
divergence and compact genomes. Given the relatively high evolutionary rate of RNA
viruses detectable genetic fingerprints can be prioritized for epidemiological studies over
short time periods(Paraskevis et al., 2016).

For chronic infections such as HIV, the most appropriate genetic distance threshold
should be determined according to the characteristics of the epidemic such as the speed of
transmission, and the evolutionary rate of the genomic region analyzed (Liu et al., 2020).
Sampling density and possible delays between infection and diagnosis should be considered,
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since samples close to the time of seroconversion are more likely to cluster than samples from
well after infection. Lower thresholds will capture the most closely related sequences, while
higher thresholds will capture long-term epidemics and chronically infected individuals
(Junqueira et al., 2019).

Cluster analysis, i.e., identification and analysis of connected network components, in
public health has been used for early identification of increased transmission (Oster et al.,
2021a, 2018a), monitoring response to an HIV outbreak (Tumpney et al., 2020; Sizemore
et al., 2020; Tookes et al., 2020), evaluating the effectiveness of interventions (Peters et al.,
2016; Wang et al., 2015a; Liu et al., 2020) or predicting clusters that are most likely to grow
in the near future (Erly et al., 2021; Ragonnet-Cronin et al., 2022a). This balance can be
achieved through careful analysis and consideration of the specific disease and context.

This study introduces AUTO-TUNE, a method that offers a systematic approach to select
genetic distance thresholds for molecular HIV transmission network analysis, based purely on
the structure of the collected data. By autonomously optimizing clustering metrics derived
from pairwise genetic distances, AUTO-TUNE has the potential to improve the accuracy
and reliability of network inference, irrespective of data attributes. The AUTO-TUNE
methodology’s independence from supplementary data makes it less sensitive to variations
in data collection protocols and enhances its adaptability to various contexts, including
potentially other viral diseases.

2.2 Methods

Assume that there are 𝑆 aligned genomic sequences (full or partial, e.g. the HIV-1
pol gene) for a pathogen of interest, each representing the ”consensus” circulating viral
diversity at the time of sampling in a single infected individual. We shall infer a putative
transmission network comprising 𝑆 nodes, and 𝐸 links (edges), where an edge is drawn
between a pair of sequences if the genetic distance between them is at or below a threshold
𝑑. In such a network, there will be 0 ≤ 𝐶 < 𝑆 connected components with more than one
node (clusters), which are the primary object of inference. This network inference strategy
is used by HIV-TRACE (Kosakovsky Pond et al., 2018a), where the genetic distance is
computed using the Tamura-Nei (TN93) (Tamura and Nei, 1993a) model, with a variety of
options controlling how to deal with ambiguous nucleotide bases; for HIV-1 such bases are
informative since they often represent variants co-circulating in the infected individual at the
time of sampling at substantial frequencies(Kosakovsky Pond et al., 2009).
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We begin by describing an approach to assign a score to each of the choices of 𝑑 in a
plausible/informative range of distances. Note that while such a range is continuous, it is
sufficient to only consider distance cutoffs that are in the array of pairwise distances between
the sequences, as those are the cut-points where one or more additional edges will be added
to the network as 𝑑 is increased.

2.2.1 Scoring Heuristic Procedure

The network threshold selection procedure proceeds as follows (we provide an example
in the Results section as well).

1. For each candidate threshold 𝑑𝐿 , in increasing order, ranging from the smallest genetic
distance in the dataset, up to either the largest distance or a predetermined maximal
threshold, we compute two network statistics: 𝑅12, the ratio of the size of the largest
cluster to the size of the second largest cluster, and 𝐶, the number of clusters in the
network at this threshold. A cluster is defined as a connected component in the network
with at least two nodes.

2. A priority score is assigned to each 𝑑𝐿 . This score measures two properties of the
threshold: Does 𝑅12 jump at 𝑑𝐿? How far is the number of clusters 𝐶 at 𝑑𝐿 from
the maximal number of clusters computed over all threshold values? Let there be 𝑁

overall 𝑑𝐿 candidate values, and assume we are examining the ith candidate, 𝑑𝑖
𝐿

with
𝑊 < 𝑖 ≤ 𝑁 −𝑊 (𝑊 is a positive integer defined below).

(a) The 𝑅12 jump is computed by looking at the normalized ratio of the mean 𝑅12

values computed over the leading window 𝑑𝑖+1
𝐿

. . . 𝑑𝑖+𝑊
𝐿

and the trailing window
𝑑𝑖−𝑊
𝐿

. . . 𝑑𝑖−1
𝐿

. The width of the window,𝑊 , is defined as min
(
max

( [
𝑁

100
]
, 3
)
, 30

)
.

The distribution of ratios is converted to 𝑍 scores, and normalized relative to
the largest positive 𝑍 score across all candidate distances, yielding the jump
component of the score.

(b) The number of clusters, 𝐶𝑖 at threshold 𝑑𝑖
𝐿

is first normalized to [0, 1] through
𝐶𝑚𝑎𝑥−𝐶𝑖

𝐶𝑚𝑎𝑥−𝐶𝑚𝑖𝑛
and next gated via a Gompertz function transform 1 − 𝑒−𝑒−25𝑥+3 . This

function provides an ad hoc means for penalizing having too few clusters relative
to the maximum over all ranges. For example, a threshold that yields 95% of the
maximal number of clusters receives a score of 0.996, a threshold that yields
85% - a score of 0.376, and a threshold that yields 60% - a score of 0.0009.
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(c) The priority score for 𝑑𝑖
𝐿

is the sum of the two components defined in (a) and (b),
and ranges from 0 to 2.

3. The threshold with the highest priority score will be selected as the suggested automatic
distance threshold, if the score is high enough (1.9 or more), and either of the two
conditions hold.

(a) No other thresholds have priority scores of 1.9 or higher

(b) If other thresholds have priority scores of 1.9 or higher, then the range of
thresholds represented by these options is small (no more than log 𝑁 times the
mean step between successive 𝑑𝑖

𝐿
).

4. If no single threshold can be selected in step 3, then the one with the highest priority
score is suggested, and an inspection of a plot of scores is recommended to ensure
that the threshold is sensible.

2.2.2 Assortativity

Degree-weighted homophily (DWH) is a measure of similarity between nodes in a
network based on their attributes (such as demographic characteristics or behaviors) and their
degree centrality (i.e., the number of connections they have to other nodes in the network).
It is used to quantify the extent to which nodes with similar attributes tend to be connected
to each other more frequently than would be expected by chanceGolub and Jackson (2012a).
DWH is calculated as the ratio of the observed number of connections between nodes with
similar attributes to the expected number of connections between such nodes, based on their
network degree.

For any two subsets 𝐴 and 𝐵 of nodes in a network without singletons (each node has a
positive degree), define the weight between 𝐴 and 𝐵 as

𝑊𝐴,𝐵 =
1
|𝐴| |𝐵 |

∑︁
𝑖∈𝐴, 𝑗∈𝐵,(𝑖, 𝑗)are connected

1
𝑑𝑖𝑑 𝑗

,

where 𝑑𝑖 is the degree of node 𝑖, and |𝑋 | is the cardinality (size) of subset 𝑋 .
Then for any proper (not empty and not the complete network) subset of the network, 𝐺,

e.g. a group of nodes sharing an attribute, e.g., transmission risk factor, define

𝐷𝑊𝐻 =
𝑊𝐺,𝐺 +𝑊𝐺̄,𝐺̄ − 2𝑊𝐺,𝐺̄

|𝐺 |−2 ∑
𝑖∈𝐺 1/𝑑𝑖 + |𝐺̄ |−2 ∑

𝑖∈𝐺̄ 1/𝑑𝑖
, (2.1)

7



with

• 𝐺̄ : the complement of 𝐺 (all nodes not in 𝐺)

• 𝑑𝑖 : the degree of node 𝑖

DWH ranges from −1 to 1. A DWH value of 0 indicates that there is no more homophily
than expected by chance (conditioned on network structure), while a value of 1 indicates
that there is perfect homophily (𝐺 consists of connected components disconnected from the
rest of the network). A value of −1 is achieved for perfectly disassortative networks (the
only links are between 𝐺 and 𝐺̄).

Homophily metrics have been used in social network analysis and in the study of how
different attributes are related to the formation of connections between individuals(Ragonnet-
Cronin et al., 2021). To assess whether or not DWH is significantly different from 0 (and
from random expectation), we generate the null distribution of DWH obtained by randomly
reshuffling node attributes used to define group 𝐺 and recomputing DWH for each such
replicate.

2.2.3 Implementation

The software implementation involves a step-by-step process that utilizes the HIV-TRACE
suite of packages. It starts with calculating pairwise distances with the tn93 tool and a
supplied multiple sequence alignment. Thus generated pairwise distances are supplied to
the hivnetworkcsv script while providing the -A keyword argument. A brief outline of
the software’s implementation is as follows

1. Calculate pairwise distances: The user first calculates the pairwise distances using
the tn93 fast pairwise distance calculator, providing the maximum threshold value to
consider (0.03 in this case, which may be revised upwards for sufficiently divergent
sequences, as this provides an upper bound of thresholds to consider) and the input
FASTA file. The command for this step is

1 tn93 -t 0.030 -a resolve -g 0.05 pol.fasta > pairwise distances.15.tn93.csv

Please note that the threshold should include the maximal range one is intending to
test.

2. Compute priority scores for each candidate threshold: The hivnetworkcsv script is
then executed with the required input file, format, and autotune option to generate a
tab-separated output file, as shown below
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1 hivnetworkcsv -i pairwise distances.15.tn93.csv -f plain -A 0 > autotune report.tsv

3. Visualize the report: Users can upload the generated autotune report.tsv file to
http://autotune.datamonkey.org/analyze for visualization and further analy-
sis of the data. This web-based site extends the Datamonkey platform (Weaver et al.,
2018) to provide an interactive environment to explore scores and other metrics across
the range of tested outputs.

4. Run HIV-TRACE: Once AUTO-TUNEd threshold(s) are settled upon after review, the
user runs the HIV-TRACE command with the appropriate input FASTA file, distance
threshold, and other required arguments. The output is saved as a JSON file. An
example command is

1 hivtrace -i ./INPUT.FASTA -a resolve -r HXB2 prrt -t <autotune threshold> -m 500

↩→ -g .05 > hivtrace.results.json

5. Analyze the results with DWH: After the results file has been annotated, the
user can proceed to the assortativity page, http://autotune.datamonkey.org/
assortativity, for further analysis of the output.

2.2.3.1 Optional : Compute Assortativity Metrics.

6. Annotate results: The hivnetworkannotate script is used to annotate the results
obtained from the HIV-TRACE step with attributes. The script takes the JSON results
file, node attributes file, schema file, and a resolve flag as input.

1 hivnetworkannotate -n hivtrace.results.json -a node attributes.json -g schema.json

↩→ -r

For more information, users can refer to the hivnetworkannotate documentation.

7. Analyze the results with DWH: After the results file has been annotated, the
user can proceed to the assortativity page, http://autotune.datamonkey.org/
assortativity, for further analysis of the output.

The described workflow offers a systematic approach to analyze potential distance thresh-
olds for one’s data with AUTO-TUNE, from calculating pairwise distances to visualizing
and annotating results.

9

http://autotune.datamonkey.org/analyze
http://autotune.datamonkey.org/assortativity
http://autotune.datamonkey.org/assortativity
http://autotune.datamonkey.org/assortativity
http://autotune.datamonkey.org/assortativity


2.2.4 Visualization

Visualizations of AUTO-TUNE results are accessible athttp://autotune.datamonkey.
org/analyze. These include the priority score plot, and the two contributing statistics:
cluster count relative to the maximum and the ratio of two largest cluster sizes. 2.3 An assor-
tativity tool is available at http://autotune.datamonkey.org/assortativity, and
is an analytical tool engineered to facilitate the calculation of Degree Weighted Homophily
(DWH) values. It utilizes the DWH NPM package to generate a tabular representation of
DWH values corresponding to each value for a selected attribute annotation, providing
an exhaustive examination of the interrelationships for the field. The tool also computes
the panmictic (null) range, which involves a label permutation test to generate the null
distribution of DWH values. This feature establishes a comparative baseline that aids in
determining the significance of homophily versus what would be expected by chance.

The visualization code is available on Github (https://github.com/stevenweaver/
autotune-app/).

2.2.5 Comparisons With Previously Published Analyses

First, we set out to compare the thresholds used in numerous published studies with those
obtained by AUTO-TUNE. To select the data sets for this analysis, we conducted a scientific
literature search to identify studies focused on HIV networks for public health purposes. We
then filtered the studies that utilized HIV-TRACE to infer genetic networks and had publicly
available sequences. Due to privacy concerns, HIV-1 sequences are frequently not released
in the public domain Inzaule et al. (2023).

We also attempted to include studies from different countries and regions, enabling us to
assess the performance of our method across various epidemic contexts, risk groups, and
network sizes in real-data sets that used variable clustering thresholds.

Second, we compared AUTO-TUNE with the most direct published alternative: the
clustuneR method (Chato et al., 2020). We procured datasets from (Wolf et al., 2017) and
(Vrancken et al., 2017) utilizing the identical approach delineated in Chato et al. (2020).
These datasets, namely Middle Tennessee, Seattle, and Alberta were processed using the
workflow described in Section 2.3. This enabled us to determine an optimal threshold for
each dataset using AUTO-TUNE. We further executed the command as detailed in step
4 of Section 2.3, deploying thresholds previously established as optimal by (Chato et al.,
2020). Note that clustuneR requires and uses temporal information (dates sequences were
collected), whereas AUTO-TUNE does not.
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Lastly, we evaluated the effect of sampling density on the genetic distance threshold
as determined by AUTO-TUNE, we implemented a strategy of random subsampling from
the original dataset sourced from (Rhee et al., 2019a). This study was selected due to its
satisfactory AUTO-TUNE score when utilized in its entirety, as well as its inherent design
as a Geographically-Stratified set of 716 pol Subtype/CRF (GSPS) reference sequence
dataset. The dataset, which comprises 6034 samples gathered between 1989 and 2016, was
subjected to random subsampling ten times at proportions of 25%, 50%, and 75% of the
original sample size. For each subsample, the optimal threshold and associated scores were
determined via AUTO-TUNE.

2.3 Results

2.3.1 Comparisons With Published HIV-1 Molecular Epidemiology Studies

We selected several publications citing HIV-TRACE for our analysis, primarily because
these studies not only referenced the tool but also made some or all of their sequence data
publicly available (Table 2.3, 2.4). These studies adopted several different approaches for
selecting genetic distance thresholds, including using US CDC guidelines (Yan et al., 2020),
picking thresholds based on prior studies (Sivay et al., 2018), and visually inspecting the
numbers of clusters and nodes in the networks across candidate distance thresholds (Liu
et al., 2020). These thresholds, often qualitatively determined, tended to be round numbers,
and were usually determined using ad hoc or subjective procedures. Some studies stratified
their analyses by viral subtype (major clade), while others did not (or this was not applicable).

A direct comparison with published networks is not feasible because only the underlying
sequence data (and often only some of the sequences) are made available, not the networks
themselves. To facilitate comparison here, we used distance thresholds and all available
sequences from primary publications to infer transmission networks anew (the scripts for
doing so and the corresponding settings are available in github.com/veg/auto-tune)
and compare them with the networks obtained using the highest scoring AUTO-TUNE
threshold.

With a few exceptions (e.g Dalai et al. (2018); Sivay et al. (2018)), both the distance
thresholds and the inferred networks were quite different, in terms of the numbers of
connected nodes, clusters, degree distributions, and even hyper-parameters, such as the
characteristic exponent of the scale free degree distribution, 𝜌. This is true even for the
studies where the published threshold was tuned (typically to maximize the number of
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clusters). AUTO-TUNE thresholds were larger than the published values in 13/21 datasets,
and smaller in 8/21 datasets.

2.3.1.1 Examples of How Changing Thresholds Affects Inferred Networks.
2.3.1.1.1 Cluster Size Reduction. The 0.02 subs/site (substitutions/site) threshold

used by Dalai et al. (2018) yielded one large cluster composed of two loosely connected
components (one PWID/HSX, one MSM, see Figure 2 in that paper). A minute change to the
threshold by AUTO-TUNE to 0.0194% splits one large cluster into three (some nodes also
became disconnected), separating the two major risk groups; this is because the ”bridging”
connections were between these two thresholds (see Fig 2.4 panel A). This minor change
also reduced 𝑅12 from 21 to 2.6.

2.3.1.1.2 Cluster Size Increase. Increasing the 0.015% subs/site threshold on data from
Little et al. (2014a) combined several small clusters (and singletons) into a single larger
cluster, while preserving the overall size and properties of the network (see Fig 2.4 panel B).
This change also reduced 𝑅12 from 2.5 to 1.5.

2.3.1.1.3 Thinning Out the Network. Reducing the 0.015% subs/site threshold on data
from Rhee et al. (2019a) dramatically reduced the size of the largest cluster, and thinned out
most clusters with five or more nodes (see Fig 2.4 panel C).

2.3.1.1.4 Materially Changing the Degree Distribution of the Network. For the
sequences from Li et al. (2022), AUTO-TUNE suggests 𝐷 = 1.483% with robust (1.76)
confidence, whereas the original 𝐷 = 0.013 subs/site was selected based on maximizing the
number of clusters (and likely rounding to the nearest decimal). While the total number of
the clusters only increases by 1, the number of nodes connected in the network grows from
95 to 119, and the scale free exponent of the distribution is dramatically affected. The latter
is informed by the degree distribution of the network, and Fig 2.4 panel D shows, the degree
distribution is dramatically affected. Many commonly used network-derived correlates (e.g.
degree centrality) can be strongly affected by such changes.

2.3.1.1.5 Expanding the Network. Increasing the .015 subs/site threshold in Billings
et al. (2019) to 2.33% more than doubles the number of nodes included (Fig 2.4 panel E)

Networks with high AUTO-TUNE scores are exemplified by the alignment (in the
distance space) of the points where the number of clusters is maximized and where the
network transitions to having an ”unusually” large cluster (see Fig. 2.5, panel A). In cases of
low scores, AUTO-TUNE effectively falls back to maximizing the number of clusters as a
function of the distance thresholds, which is a common strategy found in empirical studies
(see Fig. 2.5, panel B).
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As expected, AUTO-TUNE inferred smaller thresholds for younger (e.g., studies based
in China) epidemics. While AUTO-TUNE will always return a score, in the majority of
cases there is no clear ”winner” threshold, with priority scores exceeding 1.5 in only 6/18
cases (Table 2.4). One interpretation for such lack of clarity is that the underlying network
has several different (e.g. spatial, temporal, or subtype-specific) thresholds which cannot be
well-represented by any single value. For instance, when analyzing the data from Yan et al.
(2021), AUTO-TUNE returned a low score of 1.14 for 𝐷 = 0.839%. However, when we
split the data into major constituent subtypes and ran AUTO-TUNE on each one separately,
starkly discrepant thresholds were found for different subtypes: 𝐷 = 0.0102 subs/site (score
= 1.59) for CRF01, 𝐷 = 0.00193 subs/site (score = 2) for CRF05, 𝐷 = 0.02615 subs/site
(score = 1.65) for B, and 𝐷 = 0.0111 subs/site (score = 1.04) for CRF07. Although many
networks from the literature tend to be dominated by sequences from the same subtype, in
more heterogeneous settings it seems prudent to partition the data by subtype (corresponding
to major phylogenetic clades), and perform network analyses within subtypes.

2.3.2 Comparisons With Published Non-HIV Molecular Epidemiology Studies

While HIV-1 epidemiology is the predominant niche for distance-based molecular
transmission analyses, other rapidly evolving viruses, especially HCV, have also been
analyzed with these approaches(Bartlett et al., 2017). Unlike HIV-1, there is considerably
less work on how to choose an appropriate distance threshold, further complicated by the use
of different genes to build networks (see Chan et al. (2020) for a comprehensive summary).
Two commonly seen methods exist: use some measure of intra-host variation (obtained
by deep sequencing) as a lower bound for the threshold, or tune 𝐷 to obtain some desired
network property, e.g., the maximal number of clusters. Like with HIV-1, we searched the
literature for relevant studies, and selected several with publicly available sequence data.

Most of the datasets are much smaller and less systematically sampled than those for
HIV-1, and often combine highly divergent subtypes in the same collection, making a joint
analysis challenging. As with HIV-1, AUTO-TUNE returns a wide range of scores and
𝐷 thresholds. For example, effectively maximizing the number of clusters on rhinovirus
sequences from Ng et al. (2022) yields a 𝐷 estimate very similar to that obtained by the
authors from intra-host variability – information not available to AUTO-TUNE. Table 2.5

2.3.3 Large-scale HIV-1 Database Analyses

2.3.3.1 Markedly Different Thresholds for Different Subtypes. Following the spirit
of the analysis performed by Wertheim et al. (2014a), we downloaded partial pol sequences
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(between HXB-2 coordinates 2253 and 3200, one sequence per patient) from the Los Alamos
HIV-1 Database, split them by annotated subtype and applied AUTO-TUNE to individual
subtypes with 1000 or more sequences.

Some (but not all) HIV-1 subtypes often act as strong correlates of regional and temporal
distributions of sequences, and are expected to represent epidemics with different sampling
rates and transmission dynamics. These differences are reflected in a wide range of mean
pairwise distances and inferred AUTO-TUNE thresholds shown in Table 2.1. For example,
the relatively young subtype A6, which is the most common subtype in the countries of the
former Soviet Union Abidi et al. (2021), has a low mean pairwise distance (0.046) and a
low AUTO-TUNE threshold (0.0056). In contrast A1D recombinant sequences have high
distance and threshold values (0.089 and 0.0323, respectively), because sequences of this
”subtype” represent broadly circulating strains with complex backgrounds, and extensive
histories of recombination Foster et al. (2014); Yebra et al. (2015).

There was extensive variability among subtypes in all high-level network statistics,
including the mean degree, fractions of nodes that were in the network, and the characteristic
exponent 𝜌, where 𝜌 is inferred from by fitting the degree distribution to various network
formation models, and with Prob(degree = 𝑘) ∼ 1/𝑘 𝜌 for large 𝑘 .

For A1, B, C, and CRF08 networks there’s very strong support for a single AUTO-TUNE
threshold (score > 1.9), while for many other subtypes there is extreme ambiguity in which
threshold to choose (score < 1.1). We suggest that networks where AUTO-TUNE fails to
find a single threshold may comprise heterogeneous data which require multiple thresholds
to resolve.

2.3.3.2 Congruence of Networks Inferred From Different Genes. Very few published
studies of HIV-1 transmission networks use genes other than pol, and nearly all of the
extrinsically motivated thresholds have been derived for this gene, the utility of other genes
and the appropriate 𝐷 values for them are unclear. Because of different rates of evolution in
HIV-1 genes and, possibly, subtypes Penn et al. (2008), one would expect 𝐷 to be different
for different subtypes and genes. As a simple exercise, we downloaded full-length HIV-1
genomes from the LANL database, stratified them by subtype, and conducted AUTO-TUNE
inference using four genomic segments: protease+reverse transcriptase, integrase, matrix
(gag), and the less variable gp41 segment of the envelope gene.

Only three subtypes had ≥ 500 full-length sequences in the LANL HIV database
(Table 2.2): B, C, and CRF01. As expected, the inferred thresholds differed by gene and
subtype, with lower thresholds inferred for more slowly evolving segments (PR+RT and INT),
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and similar numbers of clusters found in the resulting subtype-level networks. For all three
subtypes, the level of agreement between the four networks on whether or not nodes were
clustered or not (present / absent from the network), measured by Krippendorff’s 𝛼 Hayes
and Krippendorff (2007), were substantially higher than expected by chance (𝛼 = 0). All
four networks also had between a quarter and a half of all the clusters in perfect agreement.

2.3.4 Evaluating Inferred Networks Using Homophily

Non-random mixing and attribute-based homophily are intrinsic characteristics of human
contact networks and can be expected to be present in transmission networks, particularly in
the context of HIV transmission. People frequently engage in relationships with those who
share similar attributes or behaviors, such as risk factors (e.g., PWID, MSM). Recent evidence
suggests that race/ethnicity is also a strong predictor of homophily in HIV networks(Ragonnet-
Cronin et al., 2021). The effect of these nonrandom mixing patterns on the genetic diversity
of HIV-1 has not only been extensively explored via modeling and simulations (Goodreau,
2006), but the structure of sexual contact networks has been found to directly influence
pathogen phylogenies (Robinson et al., 2013). Phylogenetic analysis of HIV type 1 sequences
has revealed distinct grouping patterns based on risk behaviors (Holmes et al., 1995). The
expectation of homophily is so strong, that its disruption, e.g. the presence of a self-reported
heterosexual risk group individual in a cluster exclusively composed of MSMs has been
used as a marker of undisclosed/incomplete risk factor reporting Ragonnet-Cronin et al.
(2018a). Therefore, when subject-level attributes are available, homophily is an expected
and desired feature of the network.

To assess the performance of an AUTO-TUNEd optimized threshold using degree-
weighted homophily, we first evaluated a CRF07 BC network with national survey data from
China Ge et al. (2021) . Each of the 8178 pol sequences was annotated with a transmission
risk factor: heterosexual contact (Hetero), people who use injection drugs (PWID), or men
who have sex with men (MSM), among other attributes.

When we analyze the dataset with AUTO-TUNE, local maxima of AUTO-TUNE scores
were achieved with 0.0076 sub/site and 0.0019 sub/site thresholds, at scores 1.137 and
1.030, respectively. Notably, the DWH scores for PWID exhibited a significant surge at
these thresholds, indicating a robust pattern of increased PWID homophily even when
relatively low scoring. The close proximity of AUTO-TUNE scores and the consistent rise
in PWID homophily at 0.0076 and 0.0019 thresholds suggest comparable performance at
these thresholds compared to the default 0.015 threshold, suggesting that these thresholds
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might be more effective in representing homophilic relationships in this network. At
each threshold—0.015, 0.0076, and 0.0019—all DWH scores for the risk groups (MSM,
Hetero, and PWID) lie outside their respective panmictic ranges. This consistently indicates
non-random mixing and attribute-based homophily across the network. Detailed results
are in Table 2.7 and Table 2.8. The observation of significant homophily among PWID at
lower thresholds identified by AUTO-TUNE (0.0076 and 0.0019 subs/site) is consistent with
epidemiological characteristics of PWID outbreaks, such as the Drug-Resistant Subtype C
Outbreak in Scotland, where rapid transmission led to low genetic diversity within clusters.
(Ragonnet-Cronin et al., 2018b)

2.3.5 Comparison With ClustuneR

We benchmarked AUTO-TUNE versus clustuneR Chato et al. (2020), which employs
the recency of sample collection or diagnosis as individual-level weights in a predictive model
to estimate the growth of HIV clusters. The thresholds deemed optimal by clustuneR were
found by a grid-search for the minimum GAIC (generalized Akaike Information Criterion)
across candidate distances between 0 and 0.04 in steps of 8 × 10−4. GAIC is the difference
between a null model that is only influenced by cluster size, and a weighted model that
includes individual-level attributes among known cases in the cluster. Using the minimum
GAIC metric, it was found that 0.016(±0.5 × 10−4) was the optimal threshold for Tennessee
and Seattle, and 0.0104 for Northern Alberta.

In contrast, AUTO-TUNE does not incorporate any attribute data in its scoring heuristic.
Instead, it relies on clustering metrics constructed purely from pairwise distances between
sequences. Using nearly same datasets analyzed by clustuneR (Chato et al., 2020), AUTO-
TUNE found the thresholds with the highest scores to be 0.01872 for Middle Tennessee,
0.01538 for Seattle, and 0.01201 for Northern Alberta. Table 2.6. We use the adjective
”nearly” because we were not able to exactly match the number of sequences analyzed
in Chato et al. (2020) by obtaining the referenced GenBank accession number and our
best-effort intepretation of the filtering steps.

Both methods agree that there is a qualitative relationship of Northern Alberta <

Seattle ∼ Tennessee for distance thresholds. AUTO-TUNE thresholds, while not optimal in
the GAIC sense all yield improvements over the null model, hence they are qualitatively
similar to clustuneR (Figure 4 in Chato et al. (2020)). AUTO-TUNE is notably faster
in computation than clustuneR due to the fact that AUTO-TUNE only clusters based on
pairwise distances rather than inferring a maximum-likelihood phylogeny. For example,
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the entire pipeline for the Seattle dataset took less than 16 seconds on an Apple M1 Max.
Alternatively, the tree inference step alone with clustuneR takes several hours to complete.

Because the methods optimize very different objectives and clustuneR makes use of
additional data, broad agreement between the inferred thresholds is encouraging.

2.3.6 The Effect of Subsampling on Optimal Thresholds and AUTO-TUNE Scores

To address the challenges of applying network inference algorithms to incompletely
sampled datasets, this study includes a focused evaluation of AUTO-TUNE’s performance
across varying data densities. Given logistical limitations, obtaining a fully sampled HIV
transmission network is often infeasible. Therefore, we label a dataset as ’full’ to serve as a
closest approximation of a fully sampled network. Using the selected dataset as a benchmark,
we assess AUTO-TUNE’s adaptability and robustness when applied to sparser datasets, a
prevalent issue in real-world settings.

Since the (Rhee et al., 2019a) dataset exhibited a clear optimal peak, we used the dataset
for analysis, and randomly sampled 10 times from the entire dataset at 25%, 50%, and
75% each. The original full dataset confidently determined 0.01699 (AUTO-TUNE score
1.9998).

Sampling at 25% yielded a mean top threshold of 0.021509, median at 0.019765,
and standard deviation of 0.004388 2.1. 50% yielded 0.018581 and 0.01871 mean and
median, respectively with a standard deviation of 0.001629. Finally, 75% calculated mean is
approximately 0.017403, with a median of approximately 0.01699. The standard deviation
was 0.000924.

As the dataset becomes sparser due to subsampling, the algorithm tends to select higher
distance thresholds. This phenomenon can be understood by considering the effect of
reduced sampling density on the network topology. Sparse datasets naturally result in
less interconnected clusters. To capture a comparable level of network connectivity as
in denser datasets, higher distance thresholds are necessary. This is evidenced by the
observed mean thresholds: 0.021509 at 25%, 0.018581 at 50%, and 0.017403 at 75%.
The standard deviations also narrow as the sampling density increases, corroborating the
increased precision of the threshold selection in denser datasets.

As the proportion increased from 25% to 50% and 75%, observable shifts were also
noted in the mean, median, and standard deviation of the AUTO-TUNE scores. At 25%, the
mean and median scores were 1.5585 and 1.5014 respectively, with a standard deviation of
0.3568. At 50%, both mean and median scores significantly increased to 1.8171 and 1.9191
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respectively, and the standard deviation dropped to 0.2482. Upon reaching an AUTO-TUNE
of 75%, the mean and median scores rose further to 1.9870 and 1.9997 respectively, while
the standard deviation shrank substantially to 0.0364, indicating higher consistency in scores.

Next to determine how well subsampled datasets aligned with the full dataset, we used
two primary outcomes to gauge this concordance: the proportion of nodes that remained
clustered after subsampling and the proportion of singletons from the original network that
clustered in the subsampled networks.

We observed a consistent increase in the proportion of nodes that remained clustered from
the 0.015 sub/site threshold to the AUTO-TUNE threshold for each respective subsampling
proportion, with 25% subsampling being the most profound difference rising from a roughly
80%-86% interquartile range (IQR) for 0.015 threshold to a 90% 96% IQR for AUTO-TUNE,
which indicates that the AUTO-TUNE thresholds retain a higher degree of stability in the
network’s structure across sampling density (Please see Figure 2.2, Panel A).

Since the thresholds inferred by AUTO-TUNE for the subsampled networks were larger
than the ”fully” sampled network, we also measured the impact of thresholding on the
network’s nodes that were originally singletons. Across all variations in subsampling rates,
the proportion of sampled singletons that clustered all maintained low IQRs (See Figure 2.2,
Panel B). This implies that while AUTO-TUNE is effective in maintaining the core structure
of the network, it does not significantly alter the clustering of nodes that were singletons in
the full dataset.

As the sample proportion increased, an upward trend was noted in average AUTO-TUNE
scores. Additionally, the standard deviation reduced significantly when increasing sample
proportion. This implies that as sampling becomes denser, AUTO-TUNE will become more
confident in determining the optimal threshold for a particular dataset.

2.4 Discussion

AUTO-TUNE addresses the challenge of selecting an appropriate genetic distance
threshold to construct HIV transmission networks by implementing a heuristic scoring
system. This system is predicated on two key features of networks generated by candidate
genetic distance thresholds: a high number of clusters and the absence of a giant component.
Few small clusters indicate an excessively low threshold, while a giant cluster comprising
numerous sequences signals an overly high threshold. The efficacy of AUTO-TUNE
is evidenced by its ability to select thresholds that yield higher quality clustering, as
demonstrated by improved Degree-Weighted Homophily (DWH) scores across various
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datasets, epidemic contexts, and risk groups. Furthermore, AUTO-TUNE thresholds not only
matched but often outperformed those manually selected in prior studies, thus underlining
the benefits of a more systematic, automated, and data-responsive approach.

For example, the results of our study suggest that AUTO-TUNE, which relies solely on
clustering metrics from pairwise distances, could be an effective alternative to other distance-
based methods, such as clustuneR while less time-consuming and possessing a gentle
learning curve, which makes it easy to use by personnel not specialized in bioinformatics and
computer science. Furthermore, the simplicity of the method without compromising results
represents an advantage over phylogenetic methods where, in addition to the calculation of
genetic distances, it must also determine a support/distance threshold where a rationale for
the selection of these thresholds is rarely provided (Junqueira et al., 2019).

AUTO-TUNE generated thresholds for all three examined datasets (Middle Tennessee,
Seattle, and Northern Alberta) that outperformedclustuneR using DWH on 3-year collection
date windows across all three datasets. This indicates that even without incorporating attribute
data, AUTO-TUNE’s scoring heuristic could provide reliable thresholds for HIV clusters.
However, for the determination of the optimal genetic distance threshold, time-related and
context-specific factors might need to be considered if there is no significant score for any
one candidate threshold, especially if there are multiple peaks. For example, during HIV
outbreaks in injection drug users (that usually occur over several months), it may be more
appropriate to use the shorter genetic distance threshold (Peters et al., 2016; Campbell
et al., 2017) between multiple high-scoring thresholds. On the contrary, larger and more
extended epidemics over time exhibit a tendency toward larger genetic distance thresholds in
order to capture transmission than younger epidemics and less densely sampled epidemic
investigations (Patil et al., 2022; Leung et al., 2019; Di Giallonardo et al., 2021).

Our evaluation of publications citing HIV-TRACE revealed the largely qualitative
determination of distance thresholds. This approach may result in less accurate or suboptimal
thresholds due to a lack of systematic analysis. In contrast, AUTO-TUNE offers a more
systematic and granular approach to threshold selection, with our findings demonstrating that
even minor adjustments to the distance can drastically change the score. Therefore, using
AUTO-TUNE could potentially improve the quality of HIV clustering and transmission
network studies.

The Degree-Weighted Homophily (DWH) evaluation showed that AUTO-TUNE could
improve network quality based on specific attributes, such as risk factor, which is an important
part of HIV studies and informing prevention measures (Potterat et al., 2002; Fujimoto et al.,
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2021). For example, the use of AUTO-TUNE resulted in an increased DWH among the
MSM, Hetero, and PWID groups when analyzing a CRF07 BC network. Additionally, the
results from the Rhee et al. dataset also demonstrated AUTO-TUNE’s ability to improve
DWH geographically, enhancing the network’s ability to accurately reflect transmission
dynamics. However, in contexts with overlapping risk factors, the interpretation of these
improvements requires caution. The complexities of risk group interactions mean that
applying AUTO-TUNE’s thresholds should be tailored to the specific epidemiological setting
to ensure accurate modeling of HIV transmission networks.

Our analysis of AUTO-TUNE’s performance on subsamples of a dataset revealed its
sensitivity to sample size. The results indicated a correlation between increased sample size
and higher average AUTO-TUNE scores, as well as lower score variability. This suggests that
denser sampling could enhance AUTO-TUNE’s ability to determine the optimal threshold
for a dataset. Further studies might be needed to establish the minimum sample size required
for reliable threshold determination.

2.4.1 When a Score is Below 1.9

In some cases, multiple scores at different thresholds could suggest the presence of
inherently different scales in the network. For instance, if a network combines both global and
local transmission patterns, AUTO-TUNE may produce more than one high score, reflecting
these different scales. This was observed in a study on HIV-1 CRF07 BC transmission
networks in China, where two distinct clusters, 07BC N and 07BC O, showed different
transmission routes and geographic concentrations (Ding et al., 2022). Such network
complexities could mean that different thresholds might offer more accurate insights into
subpopulations or transmission dynamics.

The use of AUTO-TUNE, while offering a method for automated threshold selection,
may not always provide a single, decisive score that unambiguously determines the optimal
threshold. In certain situations, such as datasets with lower sampling densities or those
reflecting heterogenous dynamics within an epidemic, several candidate thresholds may yield
similar AUTO-TUNE scores, making it difficult to single out one as the clear-cut ’optimal’
threshold. In these scenarios, the process of threshold selection becomes more nuanced and
requires a deeper analysis. The plot of AUTO-TUNE scores across candidate thresholds can
serve as a valuable tool in these cases. For instance, researchers could identify a range of
thresholds that all produce similar scores, suggesting that the specific choice of threshold
within this range may not significantly impact the resulting network. Moreover, combining
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AUTO-TUNE with the DWH measure can enhance the interpretation of such plots. By
considering how assortativity changes across the range of candidates, researchers can make
more informed decisions about the appropriate choice. If there is a certain threshold at
which the DWH measure noticeably changes for an attribute of interest, this could suggest a
meaningful shift in the network structure that would be worth considering when selecting a
threshold. The symbiotic approach of combining AUTO-TUNE scores, DWH measure, and
visual analysis of score plots provides a more nuanced method for threshold selection when
no clear optimal threshold emerges from the AUTO-TUNE scores alone.

The AUTO-TUNE methodology has several limitations. First, even though it provides the
advantage of operating without the need for metadata, the size and the subgenomic region an-
alyzed may affect the accuracy of transmission inference (Junqueira et al., 2019). Second, our
analysis of AUTO-TUNE’s performance on subsamples of a dataset revealed its sensitivity to
sample size, as the performance of the method can be affected by sampling density, improving
the reliability of the test as the sampling density increases (figure X). However, our results
were consistent with previous studies, which have suggested an optimal sampling density of
50 − 70% for HIV-1 cluster analysis (Novitsky et al., 2014). Third, even when it provides an
insight of the optimal threshold to analyze a network, the supplied information might still need
validation by experts, especially when no clear threshold is identified. In this case, it has been
recommended to combine genetic data with clinical and sociodemographic information for a
better characterization of the network structure. Finally, the performance of the method needs
to be assessed in pathogens different from HIV, leading to opportunities for future research.

2.5 Conclusion

AUTO-TUNE operates solely utilizing genetic sequence data to ascertain a decisive
threshold. It employs a scoring heuristic, which is based on the number of clusters produced
by a pairwise distance threshold and the ratio of the largest cluster to the second largest
across a range of possible thresholds using sliding windows.

A key advantage of this approach is its autonomy from supplementary data. When a
patient receives an HIV diagnosis, data collection protocols can greatly vary, and additional
data are not always available or consistent. However, by leveraging only genetic sequence
data, AUTO-TUNE eliminates the need for such information in some cases, and at minimum
serves as a preliminary assessment of candidate thresholds.

Consequently, AUTO-TUNE’s performance is consistently controlled, irrespective of
the fluctuations seen in data collection protocols after an HIV diagnosis. This level of
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adaptability demonstrates its suitability for integration into various contexts related to HIV,
and possibly other viral cluster detection and response protocols. This versatility underscores
the strong methodological foundation of AUTO-TUNE and its potential utility.

Tables

Table 2.1: An application of AUTO-TUNE to subtype stratified HIV-1 pol sequences from
the LANL database. Fraction clustered is the proportion of all sequences that are connected
to at least one other sequence. Subtypes are sorted by the inferred threshold, lowest first.
Other notation is the same as in Table 2.3

Subtype 𝑁 𝐸 [𝐷] AUTO-TUNE Fraction Mean 𝜌

Threshold, % Score Clustered, % Degree
CRF55 2237 2.6 0.187 1.20 29.6 1.41 2.41
CRF07 11682 3.3 0.26 1.00 26.9 3.42 1.87
CRF63 1649 3.6 0.505 1.01 22.1 4.85 1.8
01B 2237 7.8 0.518 1.08 22.2 0.97 5.05
A6 11991 4.6 0.558 1.09 18.6 5.55 1.6
CRF08 2538 3.9 0.82 1.95 25.6 1.95 2.12
CRF01 25689 5.1 0.875 1.73 47.0 1.94 5.54
B 106261 6.4 1.084 2.00 46.4 4.77 1.95
D 3561 6.6 1.133 1.12 20.8 3.65 0.79
C 30714 6.7 1.438 2.00 19.3 1.26 2.22
A1 7154 7.0 1.89 2.00 17.0 5 1.7
CRF02 7821 6.3 1.97 1.01 34.3 10.44 1.53
BF1 4825 8.1 2.046 1.03 25.1 2.27 1.95
G 2162 7.3 2.407 1.03 49.0 9.1 1.66
F1 3986 7.6 2.941 1.34 50.4 15.03 1.40
A1D 1284 8.9 3.23 1.70 27.5 1 4.3
BC 2724 8.0 3.54 1.00 81.4 71.2 1.32
Wertheim et al. (2014a) 84527 . 1.0 N/A 15.6 3.84 1.74

Table 2.2: Distance thresholds and key network properties using four different HIV-1
genomic regions, stratified by subtype (minumum 500 sequences)

Subtype N AUTO-TUNE 𝐷, 𝑠𝑢𝑏𝑠/𝑠𝑖𝑡𝑒 Number of clusters Full agreement Krippendorff 𝛼

pr+rt integrase gag gp41 pr+rt integrase gag gp41 clusters
B 1843 0.02081 2.0005 3.137 5.095 115 128 119 144 64 0.723
C 877 0.03266 0.02 4.754 5.325 44 35 47 46 21 0.588
CRF01/AE 624 0.01635 0.818 2.285 2.037 40 30 40 41 12 0.610
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Table 2.7: CRF07 BC Nodes Count at Different Thresholds

Threshold
subs/site

AUTO-
TUNE Score

Nodes PWID MSM Hetero

0.015 0.029 5923 559 3371 1993
0.0076 1.1369 3537 236 2271 1030
0.0019 1.0303 1654 151 1075 428

Table 2.8: Panmictic Ranges for CRF07 BC DWH at Different Thresholds

Threshold subs/site Risk Group DWH (Panmictic Range)
0.015 MSM 0.211(−0.213,−0.085)

Hetero 0.133(−0.190,−0.087)
PWID 0.168(−0.091, 0.002)

0.0076 MSM 0.237(−0.240,−0.120)
Hetero 0.185(−0.211,−0.100)
PWID 0.401(−0.081,−0.005)

0.0019 MSM 0.292(−0.280,−0.146)
Hetero 0.250(−0.256,−0.093)
PWID 0.445(−0.129,−0.012)
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Figures

Figure 2.1: (A) Box plot representing the AUTO-TUNE scores across ten random samples
at 25%, 50%, and 75% of the (Rhee et al., 2019a) dataset, showing a trend of increasing
confidence in score estimates with denser sampling. (B) Box plot of the selected distance
thresholds across the same random samples at 25%, 50%, and 75% proportions, demonstrating
improved consistency in threshold selection with increased sample size. (C) Scatterplot of
the chosen thresholds (Y-axis) against their corresponding AUTO-TUNE scores (X-axis) for
the three subsample proportions.

Figure 2.2: Figure A and B present the effects of subsampling on network structure using
different thresholds. Figure A illustrates the proportion of nodes subsampled that remained
clustered in both the original and the subsampled networks, with an observable increase
in nodes captured as the threshold transitions from 1.5% to the optimized AUTO-TUNE
threshold across subsampling levels (25%, 50%, and 75%). This pattern underscores the
AUTO-TUNE scoring method’s efficacy in preserving the network’s structural integrity
in subsampled datasets. Conversely, Figure B shows the proportion of nodes that were
singletons in the original network and clustered in the subsampled networks. Despite varying
subsampling rates and iterations, the impact of AUTO-TUNE’s adaptive thresholding on
clustering these singletons appears minimal, suggesting a negligible influence on the overall
network structure.
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Figure 2.3: The user interface of the AUTO-TUNE web application (http://autotune.
datamonkey.org/analyze). The platform provides a multi-faceted view of AUTO-
TUNE’s analysis, including a score plot that visualizes trends across different genetic
distance thresholds. It also displays graphs of the number of clusters and the R1/R2
ratio—both key metrics in AUTO-TUNE’s heuristic scoring system. These interactive
visualizations aid researchers in making nuanced decisions for threshold selection, especially
when multiple thresholds yield similar scores.
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A. One large cluster is split into 
3, and some nodes become 
singletons by reducing D from 
2% to 1.944%.

Grey edges are removed at lower D

B. Several small 
clusters and singletons 
are combined into a 
larger cluster by 
increasing D from 1.5% 
to 1.93%. 

Grey edges are added at larger D.

C. Reducing D from 1.5% to 1.139% has 
the effect of removing a fraction on nodes 
(they become disconnected) from many 
clusters with ≥5 nodes.

D. Increasing D from 1.3% to 1.483% 
significantly changes the degree distribution  
of the inferred network.

E. Increasing D from 1.5% to 2.33% 
doubles the number of nodes in the 
network 

Edges ≤1.5% are shown with thicker lines

Figure 2.4: Examples of AUTO-TUNE scores profiles. (A). Lowering the genetic distance
threshold removes some of the edges from the network (shown in grey) and disconnects
a large cluster into color-coded smaller clusters; here ”None” means that the node is not
connected to anything at the lower threshold. (B). Raising the genetic distance threshold
adds edges to the network (shown in grey) and connectes previously separte clusters into a
larger component. (C). Each circle is a cluster in the larger threshold network, and with a
proportion of nodes removed when the threshold is lowered. (D). Changes to the node degree
distribution (colors represent the counts of nodes with the same degree). (E). A significant
enlargement of a small network at a higher threshold, with grey edges only present at the
larger threshold.
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Maximal # of clusters (128)

Large jump in R12 ratio (from 29:13 to 42:6) 

Maximal AUTO-
TUNE score (1.926 
at D = 2.035%)

D = 2.035% (119 clusters)

D = 2.06% (118 clusters)

A

Maximal # of clusters (164)

Maximal AUTO-
TUNE score (1.046 
at D = 0.621%)

D = 0.621% (161 clusters)

B

D = 0.7% (156 clusters)

At D=0.7% the largest cluster absorbs the largest 
cluster from D=0.621% and 45 others (color coded)

The formation of a “large” cluster 
occurs as D crosses 2.035% via a 
single link

Large jumps in R12 ratio

# of clusters
R12 ratio

Figure 2.5: Examples of how changing thresholds affects inferred networks. (A). A
high-scoring network Bbosa et al. (2020) has a distance threshold which achieves the
number of clusters near the maximum, while also avoiding the formation of a large (weakly
connected) cluster. (B). A low-scoring network Liu et al. (2020) has a misalignment between
the distance for which the maximum number of clusters is found, and where the big jumps in
the cluster size ratio occur. Here, AUTO-TUNE effectively optimizes the number of clusters
while preventing excessive growth of the largest cluster.
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CHAPTER 3
REFINEMENT OF LARGE-SCALE MOLECULAR TRANSMISSION NETWORKS

THROUGH SPURIOUS EDGE FILTERING

3.1 Introduction

Genetic sequence data are routinely used to identify clusters of transmission Poon
et al. (2016); Wertheim et al. (2017b); Dennis et al. (2021). While the definition of what
constitutes a transmission cluster Liu et al. (2020); Erly et al. (2020); Novitsky et al. (2020);
Zhao et al. (2021), and whether or not clusters are meaningful units of epidemic tracking
and outbreak detection Tookes et al. (2020); Peters et al. (2016); Sizemore et al. (2020);
Pan et al. (2018), the field of molecular epidemiology is forging ahead using this concept
for surveillanceOster et al. (2018a); Tookes et al. (2020); Campbell et al. (2020); Tordoff
et al. (2021), inference of epidemic dynamicsPineda-Peña et al. (2014); Ragonnet-Cronin
et al. (2018c); Rouet et al. (2018); Novitsky et al. (2021), forecastingRagonnet-Cronin et al.
(2022a); McLaughlin et al. (2019); Billock et al. (2019); Moshiri et al. (2019), prevention,
intervention and evaluation effort targeting Poon et al. (2016); Little et al. (2014b); Samoff
et al. (2020), and public health applicationsJenness et al. (2020); Wang et al. (2015a);
Wertheim et al. (2016), including the formal inclusion of cluster identification in the US
HIV/AIDS policyOster et al. (2021b); Hassan et al. (2020). The majority of applications are
presently concerned with HIV-1, but studies of other pathogens, both viral Campigotto et al.
(2023); Sahibzada et al. (2022) and bacterial Didelot et al. (2014); Nguinkal et al. (2024)
have also seen the uptake of cluster-based analyses.

Two of the most common definitions for a molecular cluster are based on genetic distances,
as popularized by HIV-TRACE (Kosakovsky Pond et al., 2018a), or phylogenetic tree analysis
(Balaban et al., 2019; Ragonnet-Cronin et al., 2013). With both approaches, clusters are
defined as sets of sequences that are closely related to each other, and sufficiently distinct
from the rest of the sequences in the study. With COVFEFE, sequences are linked if their
genetic distance over a diagnostic locus, e.g. HIV-1 pol gene, is below a given threshold,
𝑑. A cluster is defined as a connected component of the network induced by this linking
procedure. Phylogenetic cluster definition typically combines a requirement for sufficient
bootstrap (or similar) support for the most recent ancestor branch of a cluster (separation
from the rest), with an upper bound on the genetic distance between sequences in the putative
cluster (close relatedness), see Hassan et al. (2017) for a review.
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Neither procedure explicitly accounts for transitive edges which connect nodes that are in
the same cluster, but need not be directly linked. Standard phylogenetic cluster construction
implicitly assumes that every node in the cluster is linked to every other node in the cluster; the
structure of the subtree defining the cluster is ignored. HIV-TRACE and other distance-based
methods will generally not create completely connected clusters, but nonetheless, may infer
many transitive edges (Figure 3.6). In the simplest case, a transmission chain 𝐴→ 𝐵→ 𝐶

may represented as a triangle on 𝐴, 𝐵, 𝐶 if 𝐴 and 𝐶 are inferred to be directly linked, due to
the closely relatedness of their sequences. Abundance of cycles in empirical COVFEFE
transmission networks (see the Results section) implies that this error is made often.

Yet, ensuring edges that are less likely to be indicative of a direct transmission are not
inferred is fundamental to the practicality of molecular epidemiology. Methods and studies
that rely on node-level properties of the network, such as degree or degree distributionsBbosa
et al. (2021); Reichmuth et al. (2021), will be affected by spurious edges. We aim to
introduce an algorithm, COVFEFE, that identifies and removes some transitive edges
between sequences. By locating simple cycles (triangles and cycles of length 4) in the
network and performing a statistical test for support of each edge in each respective cycle,
edges can be removed or marked as being potentially spurious. At the method’s core is
a phylogenetic conditional independence test which can be used to assess whether or not
sequences 𝐴 and 𝐵 are conditionally independent, given sequence 𝐶, or two sequences 𝐶, 𝐷.
Individual tests can be performed very quickly, and because tests over multiple sets of nodes
can be run in parallel, the algorithm scales computationally.

3.2 Methods

The algorithm employs a zero branch-length statistical test to evaluate the necessity of
edges within network triangles. Utilizing the TN93 substitution matrix(Tamura and Nei,
1993a) and Felsenstein’s maximum likelihood approach (Felsenstein, 1981), it assesses
whether the nodes in a triangle are conditionally independent. Edges failing the test are
marked for removal unless they serve as ’bridges’ in the network, ensuring no clusters are
broken. The method iterates until no further edges can be removed and is extendable to
cycles of arbitrary length.

3.2.1 Zero Branch-Length Statistical Test for Edge Removal

In each network triangle, a zero branch-length statistical test is executed to assess the
conditional independence of nodes. The test’s foundational premise posits that if a node’s
branch length exceeds zero within a putative transmission chain, the remaining nodes in the
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triangle are not conditionally independent. The test employs the TN93 substitution matrix
in conjunction with Felsenstein’s maximum likelihood method for parameter optimization.
We adopt a null hypothesis stating a branch length of zero and an alternative hypothesis of
a non-zero branch length. The TN93 model was chosen for its balance of computational
efficiency and robust results, compared to more complex alternatives like GTR.

The steps to perform the zero-length branch test is as follows.

1. Create a 3-taxon unrooted phylogenetic tree for a given triangle.

2. Calculate the maximum likelihood of the tree under the full TN93 model of evolution.

3. Iterate through each of the three sequences and calculate the maximum likelihood
with the respective index branch length constrained to zero.

4. Return the hypothesis test’s P-value results for each of the three sequences, using a
one sided likelihood ratio test (50:50 mixture of 𝜒2

1 and 𝜒2
0). Note that in cases when

more than one edge could be removed, and the degree of edge support is the same,
none of the edges are removed in order to avoid creating spurious directionality due to
tie-breaking. In the extreme case, a triangle of three identical sequences cannot be
simplified to a chain simply because there is no information to do so.

3.2.1.1 Zero Branch Length Test Psuedocode. In Algorithm 1, 𝐶𝐶ℎ𝑖2(𝑥, 𝑑) refers to
the cumulative distribution function for the 𝜒2 distribution with 𝑑 degrees of freedom.

Data: Sequence Data A, B, C
Result: P-values for each zero branch length test
Model TN93;
Tree 𝑇 = (𝐴, 𝐵, 𝐶);
𝑓 𝑢𝑙𝑙 ← Full Optimization of 𝑇 using Model 𝑇𝑁93;
foreach 𝑠 ∈ {𝐴, 𝐵, 𝐶} do

Constrain branch length 𝑏 of 𝑠 to 0;
𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 ← Constrained 𝑠 Optimization of 𝑇 using Model 𝑇𝑁93;
𝑝𝑉𝑎𝑙𝑢𝑒𝑠[𝑠] ← 0.5 ∗ (1 − 𝐶𝐶ℎ𝑖2(2 ∗ ( 𝑓 𝑢𝑙𝑙 − 𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑), 1));

end
return 𝑝𝑉𝑎𝑙𝑢𝑒𝑠

Algorithm 1: Zero Branch Length Statistical Test

Figure 3.7 illustrates the results of the test. The zero branch-length statistical test is
implemented in HyPhy (Kosakovsky Pond et al., 2020) and is available under the filename
TriangleSupport.bf in the ‘hivclustering‘ Python package.
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3.2.2 Procedure for Edge Pruning in Triangles

1. Compute the network and list all existing triangles. Given that the total number of
triangles scales as 𝑁3, where 𝑁 represents the node count in a cluster, a preset limit
(e.g., 218) is established to restrict the number of triangles examined.

2. For every triangle, identify which chains are statistically unsupportable. Edges
corresponding to any non-rejectable chain are flagged for potential removal.

3. Arrange flagged edges in ascending order based on p-value support (ranging from 0.5
to a smaller decimal).

4. Eliminate the greatest possible number of statistically unsupportable edges, ensur-
ing that no ‘bridge’ edges are removed, thereby maintaining the existing cluster
configuration.

5. Repeat the above steps iteratively until no additional edges qualify for removal.

3.2.3 Extension to Cycles of Arbitrary Length 𝑁

1. Derive the network and catalog all cycles of length 𝑁 .

2. For every identified cycle, generate (2𝑁 − 5)!! feasible unrooted trees.

3. Administer the zero branch-length test on each constructed tree to ascertain which
edge, if any, qualifies for removal from the cycle.

4. Loop back to the first step and reiterate the process until no further edges are removable.

The zero branch-length test for edge removal in cycles of arbitrary length 𝑁 is implemented
in the CycleSupport.bf file within the hivclustering Python package.

3.2.4 Transmission Chain Simulation

This simulation methodology was simulated sequences based on the General Reversible
Model for direct transmission chains (Rodriguez et al., 1990).

3.2.4.1 Simulation Parameters.

• Chain Size: Varied from 3 to 20 nodes.

• Replications: Ten replications per size to compute average metrics such as the false
positive rate.
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• internal length: Set to 0.005, corresponding to a 0.05% sequence divergence
between nodes.

• tip length: Set to 0, signifying immediate sampling.

3.2.4.2 Sequence Generation. Sequences were generated using the HyPhy script
SimulateSequence.bf, requiring an edge list as input. This list delineates:

• Node relationships

• Distances between source and target nodes (internal length)

• Within-host evolutionary dynamics prior to sampling (tip length)

3.2.4.3 Simulation Workflow. The simulation and testing pipeline includes the follow-
ing steps:

1. Construct transmission chains for the HyPhy simulation script.

2. Execute the HyPhy script to produce a FASTA file containing sequences.

3. Execute HIV-TRACE with an edge-filtering flag on the simulated FASTA file.

4. Run HIV-TRACE without an edge-filtering flag on the simulated FASTA file.

5. Execute HIV-TRACE with a cycle-filtering flag on the simulated FASTA file.

6. Generate an edge report, summarizing the findings.

7. Produce summary statistics in the form of plots and tables.

In Figure 3.1, we present the workflow for simulating a transmission chain of 8 with
uniform distance between transmissions and uniform sampling time.

3.3 How to Perform Edge Filtering with HIV-TRACE

Edge filtering is crucial in analyzing HIV transmission networks by removing spurious
transitive connections that might misrepresent the true structure of the network. Here’s how
you can apply edge filtering using the hivtrace tool and the hivnetworkcsv command.

3.3.1 Requirements

• HIV-TRACE installed and configured on your system.

• A FASTA file with your sequence data.
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3.3.2 Using hivtrace for Edge Filtering

The hivtrace command allows you to run the entire HIV-TRACE pipeline. To apply
edge filtering, use the -f or --filter option with either remove or report arguments:

• remove: Reports spurious transitive connections.

• report: Removes spurious transitive connections.

Example Command:

hivtrace --do-not-store-intermediate -i PATH_TO_FASTA -a

↩→resolve -f remove -r REFERENCE_SEQUENCE -t
↩→TRANSMISSION_THRESHOLD -m MINIMUM_CLUSTER_SIZE -g
↩→GENETIC_DISTANCE_THRESHOLD -o OUTPUT_JSON --log
↩→OUTPUT_LOG

Replace PATH TO FASTA, REFERENCE SEQUENCE, TRANSMISSION THRESHOLD,
MINIMUM CLUSTER SIZE, GENETIC DISTANCE THRESHOLD, OUTPUT JSON,
and OUTPUT LOG with your specific parameters.

3.3.3 Using hivnetworkcsv for Edge Filtering

If you already have pairwise distances, use the hivnetworkcsv command with the
--edge-filtering option:

hivnetworkcsv -i INPUT_CSV -t TRANSMISSION_THRESHOLD -f

↩→FORMAT -j -o -n {remove,report} -s SEQUENCE_FILE

• INPUT CSV: Your input CSV file with pairwise distances.

• TRANSMISSION THRESHOLD, FORMAT, SEQUENCE FILE: Replace with your specific
parameters.

• --edge-filtering {remove,report}: Choose remove to report spurious connec-
tions, report to view flagged edges as dashed lines in the visualization.

After performing edge filtering and generating the results JSON file using hivtrace or
hivnetworkcsv, you can visualize the resulting network by visiting hivtrace.datamonkey.org.
To upload and view your results, follow these steps:
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1. Navigate to hivtrace.datamonkey.org.

2. Click on Select File.

3. Choose Upload File and select the results JSON file you generated.

This web-based tool provides a convenient way to visually analyze the HIV transmission
network based on your data.

3.3.3.2 Code and Data Availability. The code supporting the analyses presented in this
study is available in two repositories. The HIV-TRACE tool is hosted at https://github.
com/veg/hivtrace, and the HIVClustering tool can be found at https://github.com/
veg/hivclustering. These repositories provide the source code, documentation for
installation, usage guidelines, and example datasets. Additional documentation can be found
on the dedicated website, https://covfefe.datamonkey.org.

Additionally, the simulation pipeline used for generating synthetic data to test the edge
filtering methodologies is located at https://github.com/veg/edge-filtering.

Datasets used in this study, along with the example outputs generated by these tools,
will be made available in a dedicated repository, the details of which will be provided upon
publication.

For further information or inquiries regarding the code or datasets, interested parties
should refer to the documentation within the repositories or contact the corresponding author.

3.4 Results

3.4.1 Contextualizing Network Connectivity Through Simulated Transmission Chains

The complexity of HIV transmission network inference can be elucidated through the
examination of viral sequence data. Inherent to the nature of such networks is the principle
that as the distance between viral sequences diminishes, the number of edges in the inferred
network without filtering approaches that of a fully connected network. This phenomenon
underpins our simulation efforts.

To exemplify this concept, consider a transmission chain involving three individuals.
In the context of HIV-TRACE, when a threshold 𝑡 is applied to establish a connection
between two nodes, and the sum of distances 𝑑1 + 𝑑2 ≤ 𝑡, a triangle is inferred within
the network, suggesting concurrent relationships despite that being abiological. This
inference is illustrated in where small distances 𝑑1 and 𝑑2 lead to the prediction of a triangle,
overestimating the connectivity within the network.
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The maximum number of edges 𝐿max for a network comprising 𝑁 nodes is calculated as
𝐿max =

𝑁 (𝑁−1)
2 . Taking a network of size 𝑁 = 8, we deduce that 𝐿max = 28, representing a

fully connected network. In a sequential transmission chain of 8 nodes, we inherently have
𝐿 = 7 edges. During our simulations, which maintained a consistent rate across all chains
(𝑑1 = 𝑑2 = 𝑑𝑛 = 𝑟), we observed the emergence of spurious edges, the distribution of which
we aimed to characterize.

3.4.2 Transmission Chain Simulation

To obtain a fundamental understanding of the underlying structure of HIV transmission
networks, we conducted a series of simulations that varied both intra-host (tip length) and
between-host (internal node length) evolutionary distances. Specifically, we simulated a
chain of length 8 for 20 repetitions at each combination of tip and internal lengths, ranging
from 0.001 to 0.014 at intervals of 0.001 (4500 simulations). Networks were then constructed
from the default 1.5% distance threshold.

The evolutionary distances were uniformly simulated across all combinations to ensure
consistency and comparability in the resulting networks. This uniform simulation approach
provided a controlled setting to discern the effects of varying evolutionary distances on the
network’s topology.

We evaluated the effectiveness of various intra- and inter-host evolutionary distance
combinations in our HIV transmission chain simulations. Our objective was to identify
configurations that achieve an optimal balance by effectively removing spurious edges while
retaining true connections within the network. The performance score for each combination
was calculated using a composite metric that considers effectiveness, efficiency, and the edge
removal ratio. The formula for the score is as follows:

Network Filtering Score = 𝑤1×Effectiveness+𝑤2×Efficiency+𝑤3×Edge Removal Ratio

Where the weights are defined as follows:

• 𝑤1 = 1
6 for Effectiveness

• 𝑤2 = 1
2 for Efficiency

• 𝑤3 = 1
3 for Edge Removal Ratio

Each component is described as:
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• Effectiveness = TN
TN+FP measures the proportion of true negatives among edges removed.

• Efficiency = TP
TP+FN measures the proportion of true positives among edges retained.

• Edge Removal Ratio =
Total Edges−Edges After Filtering

Total Edges measures the proportion of total
edges removed.

3.4.2.1 Edge Removal Metrics. Our analysis showed that performance tends to remain
relatively high across various inter-host evolution rates as long as intra-host evolution remains
low, highlighting the importance of taking samples as close as possible to the date of infection.
Within these higher scoring inter- and intra-host combinations, the number of edges correctly
identified and removed by the filter was substantial while also minimizing the number of
edges incorrectly filtered, a quality that the composite score rewards most. A heatmap of the
scores affiliated with each intra- and inter-host combination can be found in figure 3.2. A
table of various intra- and inter-host evolutionary distance combinations in HIV transmission
chain simulations can be found in Table 3.4.

3.4.3 Empirical Datasets Analysis

3.4.3.1 Northern Californian Cohort (NCC). In this cohort, HIV-TRACE was utilized
to analyze a local epidemic within the context of a global HIV-1 pandemic (Rhee et al.,
2019b). Edge filtering was applied to remove spurious transitive connections.

Edge Filtering Results: Without edge filtering, HIV-TRACE inferred 4169 edges. With
edge filtering enabled, the count reduced to 2699, a difference of 1470 edges. Additional
filtering on both triangles and cycles of size 4 removed an additional 139 edges. (Figure 3.3)

The degree model fit of the NCC dataset demonstrates a clear enhancement in BIC values
with successive applications of COVFEFE. The transition from no filtering to C3 and then
to C3,4 edge filtering leads to progressively lower BIC scores, indicating a more precise fit
of the degree model to the data. This trend implies the efficacy of incorporating COVFEFE
to improve network model accuracy and reduce spurious connections. (Table 3.2)

3.4.3.2 Los Alamos National Laboratory. In this study, we utilized HIV-TRACE to
analyze the global diversity of HIV-1 within the Los Alamos National Laboratory reference
dataset. This dataset, generated on May 9th, 2019, includes 139, 060 HIV-1 group M
sequences.

Edge Filtering Results: Without edge filtering, HIV-TRACE inferred 1, 794, 851 edges.
With C3 edge filtering enabled, the count reduced to 1, 552, 317, a difference of 242, 534
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edges. Additional filtering using C3,4 inspection removed another 77, 901 edges from the
network. (Figure 3.4)

The Bayesian Information Criterion (BIC) model fit values for the LANL dataset show
notable improvement with the application of COVFEFE. Moving from no filtering to C3 and
C3,4 edge filtering, the BIC decreases substantially, indicating better model accuracy and
the effectiveness of filtering in refining the network. (Table 3.1)

3.4.3.3 Efficacy at Suboptimal Thresholds. We focused on comparing COVFEFE at
both suboptimal and AUTO-TUNE optimized thresholds. These comparisons were drawn
from several studies using HIV-TRACE. Using these datasets, we sought to quantitatively
assess the performance of edge filtering in refining molecular epidemiological networks.
Specifically, we investigated how COVFEFE performed under a commonly used, yet
potentially suboptimal, threshold of 1.5% and compared these outcomes with those obtained
using the AUTO-TUNE optimized thresholds. This allowed us to directly assess the
robustness of COVFEFE in scenarios where precise thershold tuning might not be feasible.

To establish a baseline for comparison, we collected the datasets from selected publica-
tions, and analyzed them with both HIV-TRACE’s default 1.5% threshold and thresholds
determined by AUTO-TUNE. This analysis involved using all available sequence data and
applying COVFEFE to evaluate its effectiveness in enhancing network inference under each
threshold setting.

Our analysis highlighted that COVFEFE substantially improved the fit of degree distribu-
tions in the inferred networks, especially when used at the fixed suboptimal threshold of
1.5%. This shows that COVFEFE was potentially effective in reducing spurious edges, as
shown in the marked decrease in BIC values 3.5.

After reviewing these results, three key observations were made. 1) At the unoptimized
default threshold of 1.5%, the reduction in BIC after COVFEFE indicated a notable
improvement in model fit. This suggests that COVFEFE help refine networks when intial
conditions are not ideal. The mean BIC difference for for model fit for unoptimized thresholds
was 597.5, while the mean BIC difference for optimized thresholds was 372.2. 2) Between
triangle filtering 𝐶𝑠𝑢𝑏3 and cycle filtering 𝐶𝑠𝑢𝑏3, 4, there is a negligible difference in
BIC reductions in both networks with unoptimized and optimized thresholds, 45.0 and
59.5, respectively. 3) While AUTO-TUNE thresholds naturally provided optimal outcomes
in terms of model fit, the consistent performance of COVFEFE improving BIC scores
underscores its utility in network refinement.
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The results affirm that COVFEFE enhances degree distribution model fit when applied
to networks with both optimized and suboptimal thresholds. We find that a dual approach
of AUTO-TUNE + COVFEFE results in the fitting expected models of degree distribution
best. Furthermore, when an optimal threshold is difficult to ascertain, we have shown that
COVFEFE still provides utility refining inferred transmission networks.

3.5 Discussion

Although edges within an HIV-TRACE network are not synonymous with actual
transmission events, they do likely link individuals within the same epidemiological
transmission cluster. (Wertheim et al., 2013) By removing edges within cycles that lack
support compared to others within the same cycle, a cluster that more closely resembles the
underlying transmission events can be attained. With a sparser network that more closely
resembles transmission events, researchers will be able to have greater confidence in using
common network analysis metrics such as node centrality, and measures of preferential
attachment to characterize their molecular transmission networks.

Currently, outbreak response plans are tailored around specific transmission clusters
within a network, and whether a specific cluster is ”recent and rapid”Ragonnet-Cronin et al.
(2018c). Recent and rapid clusters are defined by the number of cases that have a diagnosis
date that fall below a pre-defined threshold. Once a transmission cluster is determined to
be recent and rapid, public health officials activate a response plan that include new testing
and vaccination sites, facilitating community-based organizations to form within particular
populations, and other methods of intervention activities.

If the clusters themselves are more indicative of true transmission events, recent and rapid
metrics can be supplemented with additional metrics such as particular populations associated
with high average centrality, which could in lead to cross-jurisdictional intervention strategies
tailored towards populations that would otherwise go unnoticed within localized transmission
cluster metrics.

The balance between mistakenly included transmission links (false positives) and
mistakenly filtered genuine transmission links (false negatives) appears to be influenced by
the intra-host and inter-host evolutionary rates of the virus. Simulation results indicate that
genuine transmission links are most likely to be mistakenly filtered when the rate of viral
evolution within a single host (intra-host rate) exceeds the rate of evolution between hosts
(inter-host rate).
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The preliminary results from edge filtering have been encouraging in removing edges
that are likely to not to represent underlying transmissions. With spurious edge reduction,
intervention strategies will be able to implement more sophisticated techniques that include
node degree, centrality measurements, and epidemic model fitting.

3.5.1 Future Direction

More robust epidemic simulations are necessary, but adapting existing epidemic networks
for use molecular transmission network is nontrivial. Current models scale time between
infections linearly and include multiple different ”seed infectors” in the same tree, but scale
them and simulate sequences from independent seeds at the same rate as those that are
directly transmitted from one to other. This is at odds with observations that patients directly
infected by individuals typically fall within a range below 2%, and patient pairs selected at
random fall between 3% and 8.5%. (Wertheim et al., 2017a)

Due to the complexity of the algorithm, 𝑂 (𝑁3), a maximum of 218 nodes is set. More
work needs to be done to find an appropriate maximum limit, and to implement further
parallelization at this step.

Tables

Table 3.1: BIC degree model fit for LANL dataset. The table presents BIC values, shape
parameter 𝜌, and confidence intervals of 𝜌 for various edge filtering methods.

Type BIC 𝜌 𝜌 CI
No Filtering 445,963.792 1.390 [1.385, 1.396]
C3 Edge Filtering 419,908.005 1.428 [1.423, 1.434]
C3,4 Edge Filtering 410,162.331 1.443 [1.437, 1.449]

Table 3.2: BIC degree model fit for the NCC dataset showing the effect of COVFEFE.

Type BIC 𝜌 𝜌 CI
No Filtering 8520.592 2.659 [2.540, 2.787]
C3 Edge Filtering 6872.921 3.592 [3.391, 3.808]
C3,4 Edge Filtering 6627.654 3.713 [3.500, 3.943]
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Table 3.3: Summary of PubMed Data Results

PubMed ID Type BIC 𝜌 𝜌 CI

22739398

No Filtering 337.852 2.651 [2.300, 3.075]
C3 Edge Filtering 329.420 2.682 [2.324, 3.116]
C3,4 Edge Filtering 329.420 2.682 [2.324, 3.116]
No Filtering @ 1.5% 474.124 2.445 [2.167, 2.773]
C3 Edge Filtering @
1.5%

464.840 2.468 [2.185, 2.802]

C3,4 Edge Filtering @
1.5%

464.840 2.468 [2.185, 2.802]

22739398

No Filtering 1206.055 2.285 [2.117, 2.471]
C3 Edge Filtering 1106.136 2.379 [2.197, 2.582]
C3,4 Edge Filtering 1106.136 2.379 [2.197, 2.582]
No Filtering @ 1.5% 5607.138 1.915 [1.832, 2.005]
C3 Edge Filtering @
1.5%

5392.148 1.957 [1.869, 2.053]

C3,4 Edge Filtering @
1.5%

5384.388 1.959 [1.871, 2.054]

22739398

No Filtering 5851.277 2.588 [2.447, 2.740]
C3 Edge Filtering 5054.319 2.488 [2.350, 2.639]
C3,4 Edge Filtering 4921.389 2.432 [2.297, 2.579]
No Filtering @ 1.5% 20940.347 1.557 [1.524, 1.593]
C3 Edge Filtering @
1.5%

20096.121 1.519 [1.487, 1.552]

C3,4 Edge Filtering @
1.5%

19988.813 1.512 [1.481, 1.544]

22739398

No Filtering 259.533 6.748 [4.765, 10.141]
C3 Edge Filtering 236.598 7.450 [5.139, 11.549]
C3,4 Edge Filtering 236.598 7.450 [5.139, 11.549]
No Filtering @ 1.5% 220.474 7.018 [4.806, 10.999]
C3 Edge Filtering @
1.5%

196.887 3.511 [2.947, 4.223]

C3,4 Edge Filtering @
1.5%

196.887 3.511 [2.947, 4.223]

22739398

No Filtering 3551.626 3.164 [2.926, 3.426]
C3 Edge Filtering 2753.486 3.439 [3.146, 3.768]
C3,4 Edge Filtering 2522.581 3.722 [3.384, 4.105]
No Filtering @ 1.5% 13685.604 2.168 [2.086, 2.253]
C3 Edge Filtering @
1.5%

11644.560 2.304 [2.212, 2.402]

C3,4 Edge Filtering @
1.5%

11637.615 2.269 [2.179, 2.364]

22739398

No Filtering 8278.747 1.628 [1.572, 1.689]
C3 Edge Filtering 7455.014 1.597 [1.542, 1.655]
C3,4 Edge Filtering 7429.316 1.583 [1.530, 1.641]
No Filtering @ 1.5% 10675.717 1.210 [1.177, 1.244]
C3 Edge Filtering @
1.5%

9957.170 1.254 [1.220, 1.289]

C3,4 Edge Filtering @
1.5%

9948.451 1.254 [1.220, 1.290]
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Figures

Figure 3.1: Workflow for simulating HIV transmission chains and evaluating different edge
filtering methods. The workflow involves constructing transmission chains, generating
sequences, and applying HIV-TRACE with various filtering options (edge, no filter, cycle).
Reports are generated and combined, and summary statistics are produced. This process is
repeated for each combination of intra- and inter-host evolution rates, with ten replications
for each combination to compute average metrics.

Figure 3.2: A heatmap of the network filtering scores affiliated with each intra- and inter-host
combination
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Figure 3.3: NCC degree distributions of nodes with no filtering, edge filtering, and edge
filtering with cycles. Using BIC to determine model fit, the fit progressively improved with
edge filtering using cycles.

Figure 3.4: LANL degree distributions of nodes with no filtering, edge filtering, and edge
filtering with cycles. Using BIC to determine model fit, the fit progressively improved with
edge filtering using cycles.

Figure 3.5: Comparative Analysis of Bayesian Information Criterion (BIC) Across Different
Filtering Strategies and Their Impacts on Mean Differences. Panel A: This bar chart
visualizes the BIC values for various filtering approaches applied to genomic data from
several studies. Categories include No Filtering, C3 Edge Filtering, C3,4 Edge Filtering, and
their default counterparts at a 1.5% threshold. Each bar represents the BIC value associated
with a specific study and filtering type, illustrating the comparative effectiveness of these
strategies in degree distribution model fitting. Panel B: This bar chart displays the mean
differences in BIC values among various filtering categories.
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Figure 3.6: Impact of Mutation Rate on Transmission Chain Reconstruction. Panel A:
Original reconstructed transmission chain assuming a constant mutation rate of 0.015. The
chain is reconstructed by the the threshold criterion of 0.015 for linking sequences, as
typically set in HIV-TRACE using the -t or –threshold flag. Panel B: Network configuration
with an increased mutation rate set to 0.006, resulting in a denser network with the formation
of multiple transitive edges or triangles. This illustrates the scenario where mutation rates
are considerably below threshold values, leading to an overestimation of direct connections
and potential misrepresentation of the transmission chain. The total number of links is 13
out of a maximum of 28 possible, when there should only be 7.

Figure 3.7: Illustration of Zero Branch-Length Statistical Test for Edge Removal in Phy-
logenetic Triangle Analysis. This figure depicts the sequential steps and outcomes of the
zero branch-length statistical test applied to a triangle comprising nodes A, B, and C. The
process begins by hypothesizing potential root positions and assessing branch lengths: (1)
Initial Hypothesis Testing: The test initially hypothesizes C as the root, examining the
significance of branch lengths connecting to nodes A and B. (2) Rejection of C as Root:
Due to a significant branch length at C, it is rejected as the root, thus the edge between A
and B cannot be removed. (3) Identification of B as Root: Subsequent testing with B as the
hypothesized root reveals an insignificant branch length, suggesting B could act as the root
node. (4) Edge Removal: Based on the statistical insignificance of branch lengths from
B to the root, the edge between A and C is removed thanks to conditional independence,
simplifying the triangle to a direct chain of A to B to C.
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CHAPTER 4
HIV-TRACE GO: HIV TRANSMISSION CLUSTER ENGINE FOR GLOBAL

OUTREACH

4.1 Introduction

Molecular transmission networks help in characterizing the dynamics of emerging
infectious disease epidemics, including cross-national transmission, drug-resistance dy-
namics, and the prediction of transmission risk factors. These networks offer insight into
cluster growth dynamics and the identification of cryptic transmission risk factors. Recent
studies have highlighted the dual nature of antiretroviral drug resistance mutations, showing
that while some decrease transmission fitness, others may establish self-sustaining drug
resistance reservoirs, challenging global treatment effectiveness (Wertheim et al., 2017c).
Furthermore, comprehensive analyses of global HIV-1 polymerase sequences have elucidated
the contemporary global transmission network of HIV-1, revealing extensive international
linkage and underscoring the global diversity of HIV even in local epidemics (Wertheim
et al., 2014b). In the surveillance context, analyses of molecular transmission clusters have
proven instrumental in predicting future cases and optimizing public health interventions in
the United States, indicating the potential of molecular epidemiology to enhance prevention
efforts (Wertheim et al., 2018a). Furthermore, molecular epidemiology offers unique insights
into the transmission dynamics among high-risk groups, such as transgender women, by
identifying patterns of linkage within transmission networks that can inform targeted public
health interventions, underscoring the critical role of molecular epidemiology in addressing
the HIV epidemic among the most vulnerable populations (Ragonnet-Cronin et al., 2019).
A study in rural KwaZulu-Natal demonstrates how local and cross-community transmission
contribute to sustaining high HIV incidences, emphasizing the need for incorporating
regional transmission dynamics into prevention strategy designs. (Rasmussen et al., 2018)

HIV-TRACE(Kosakovsky Pond et al., 2018a) is a publicly available bioinformatics tool
for reconstructing HIV transmission networks. In 2017, a public-health facing version of
this tool was deployed in the United States, Secure HIV-TRACE, which is currently being
used by over 160 professional analysts across over 50 jurisdictions conducting molecular
HIV surveillance.

Over 700, 000 HIV sequences have been used to infer transmission networks as of
mid-2023, informing demographic and transmission risk characteristics in lower morbidity
states that have previously been understudied (Grande et al., 2019), identify transmission
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clusters based on risk factors (Tookes et al., 2019), and inform prevention measures set forth
by the U.S. Centers for Disease Control and Prevention (Oster et al., 2021a).

The Centre for Research in Infectious Diseases (CIENI) of the National Institute of
Respiratory Diseases (INER) in Mexico City is a WHO-accredited reference laboratory for
HIV-1 sequencing that continuously generates genetic sequence data for Mexico and several
Latin American countries.

Given the richness of its HIV-1 sequence database and associated socio-demographic
metadata and its position as a reference HIV sequencing laboratory serving Mexico,
CIENI-INER has already shown that software aiding HIV-1 molecular epidemiology is a
valuable research tool with data collected outside the US well. (Dávila-Conn et al., 2021)

The possibility to perform near real-time molecular surveillance in Mexico served
as motivation to develop HIV-TRACE GO to serve both Mexico and the broader global
community.

4.2 Design and Implementation

4.2.1 General Infrastructure

While HIV-TRACE GO was able to leverage ongoing development of HIV-TRACE and
Secure HIV-TRACE (Secure HIV-TRACE; developed by Joel Wertheim, Steven Weaver,
and Sergei Kosakovsky Pond in collaboration with the U.S. Centers for Disease Control and
Prevention) as a basis for HIV-1 molecular epidemiology for the broader global community,
and a number of features and customizations were made to meet regional and generalizable
needs.
HIV-TRACE GOuses Node.js as the runtime engine for server-side scripting, and various

libraries, such as d3.js and socket.io, to provide a rich client-side user experience. The
result is a web application that is capable of running multiple, long running computational
processes in a high-performance computing environment while maintaining a fluid user
experience to all who use the site time regardless of how many computationally intensive jobs
are running. The application supports running jobs on the same machine as the Node.js
web application (primarily for development purposes), the Torque job scheduler, or the
Slurm job scheduler. The application can also be deployed on commercial clouds, such as
Amazon Web Services.

Each job run is given a persistent identifier, and researchers can select whether to append
new data to their existing inferred HIV network or conduct a stand-alone analysis. Once the
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job run has been completed, the researcher that initiated the analysis can be emailed with a
notification of completion and a link to the results if the server is configured to do so.

User management and authentication are implemented using the Passport middleware.
Passport allows for each request to be inspected and passed through an unlimited series
of application-defined authentication methods. Various pre-configured user roles, such as a
read-only user, and adminstrator, are available. Application data, such as users, roles, and
metadata associated to each analysis are stored in MongoDB, a NoSQL document-oriented
database. MongoDB stores data in JSON-like documents, which allows for tighter data
integration within the JavaScript ecosystem.

Most results are generated in-browser using the hivtrace-viz JavaScript package,
available at https://github.com/veg/hivtrace-viz. The stand-alone nature of the vi-
sualization package broadens its applicability across different use scenarios with HIV-TRACE.
This flexibility enables local operation of the software, through the open-source implemen-
tation of Datamonkey, or via HIV-TRACE GO while maintaining consistent visualization
coding. Different packages can progress developmentally at varying speeds due to the
versioning of the visualization, as long as the hivtrace-viz dependency versions are
correctly specified. The hivtrace-viz package leverages d3.js for data visualization
tasks such as charting and network mapping, while bootstrap is used for styling and
incorporating standard user interface elements, including buttons and menus.

The following is a description of the customizations that were necessary to make
HIV-TRACE GO a viable solution for epidemiological molecular surveillance in Mexico and
abroad.

4.2.2 Translation

First, HIV-TRACE GO and associated package dependencies, such as the JavaScript
visualization hivtrace-viz, underwent an engineering effort known as internationalization.
Internationalization was implemented using the JavaScript framework i18next, which
provides a convenient middleware for both server-side and client-side templating libraries.
Collaborating with native Spanish speakers, over ninety key phrases were identified and
translated from English to Spanish. The phrases are stored in plain-text JSON and are treated
as a separate package () that is a dependency of both HIV-TRACE GO and hivtrace-viz.
Internationalization in this way has positioned HIV-TRACE GO for additional languages to
be added to the platform by those without a software development background by simply
adding an additional JSON file with translations to this repository.

51

https://github.com/veg/hivtrace-viz
https://github.com/veg/hivtrace-locales


4.2.3 Multi-jurisdiction Provisioning

The initial design of the Secure HIV-TRACE platform was predicated on the principle
that each user would be uniquely associated with a single geographic jurisdiction, effectively
restricting them from administering, uploading, or accessing data from any other site. This
design was congruent with the envisaged use cases at the time across U.S public health
departments.

However, CIENI-INER, serving as a key reference laboratory for HIV sequences not only
for Mexico but also for neighboring countries, necessitates a more intricate data management
model. The technicians at CIENI-INER oversee multiple jurisdictions, each corresponding
to a Mexican state.

In response to this necessity, the system now accommodates the provisioning of multiple
jurisdictions. This enhancement allows administrators to structure their data into distinct
networks as required, concurrently permitting users to oversee multiple sites, thereby
reflecting the complex, multi-jurisdictional nature of CIENI-INER’s operations.

4.2.4 Attribute Management

Socio-demographic metadata is critical to implementing targeted prevention strategies
once recent and rapidly growing clusters have been identified (Holmes et al., 1995). Flexi-
bility is required within the application in order to generalize support for institutions, like
CIENI-INER, that develop and administer questionnaires that capture socio-demographic
and behavioral metadata designed specifically for Mexico. HIV-TRACE GO provides admin-
istrators the autonomy to delineate, alter, and eliminate metadata attributes, circumventing
the necessity for a software developer to modify the codebase and release an updated version
of the website. Concurrently with the introduction of the attribute, researchers have the
ability to specify the type, whether it be a ”String”, ”Number”, or ”Date”. This type of
declaration serves dual purposes: it enables validation of the dataset upon upload and enables
diverse methods for visualizing metadata within network representation (e.g., continuous,
temporal, discrete). CIENI-INER collects over 40 attributes that can be annotated along
with each HIV-1 sequence, ranging from various transmission risk factors to previous and
current antiretroviral drug exposure.

4.3 Concluding Remarks

Implementation and customization for routine use of a powerful and user-friendly tool
such as HIV-TRACE in the context of a regional reference laboratory for HIV-1 molecular
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surveillance will maximize the benefits obtained from HIV-1 sequence data, providing useful
information on local, national, and multi- national transmission patterns, cluster growth
dynamics, drug resistance transmission dynamics, transmission risk factor characterization.

With the Condesa Clinic currently diagnosing nearly 20% of all new HIV infections
registered in Mexico annually in addition to CIENI-INER’s collecting sociodemographic and
behavioral metadata of all recently diagnosed persons at the Condesa Clinic who consent to
participate in the project, the possibility of near real-time molecular surveillance in Mexico
City to inform public health policy is now stronger with the development of HIV-TRACE GO.
The project has been reviewed and approved by the INER’s Ethics and Research Committees
(Project numbers: E02-17 and E02-20). All recently diagnosed persons at the Condesa
clinic are invited to voluntarily participate in the study donating a single blood sample for
HIV sequencing and answering a computer-based self-administered questionnaire to collect
sociodemographic and behavioral variables.

Furthermore, localization engineering efforts have positioned HIV-TRACE for greater
expansion into additional countries. For future translation efforts, only a single JSON file
needs to be provided with the new language’s translations to be immediately reflected on the
site.
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