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Abstract: Background: Understanding the dynamics of HIV transmission in heteroge-
neous populations is crucial for effective prevention strategies. This study introduces
the Risk Modulation Point (RMP), a novel threshold identifying where HIV transmission
transitions from unsustainable spread to self-sustaining epidemic dynamics. Methods:
Using a deterministic, risk-stratified compartmental model, we examined HIV transmission
across populations stratified into 100-200 risk groups, each characterized by behavioral
heterogeneity modeled through a power-law distribution. The model captures key features
of HIV progression, with simulations conducted across high- (~20%), moderate- (~5%), and
low (~0.2%)-prevalence regimes. Results: Our findings reveal universal patterns in HIV
dynamics. The RMP marks a consistent threshold across scenarios, separating low-risk
groups where transmission is minimal from higher-risk groups sustaining the epidemic.
Logistic growth in HIV prevalence across risk groups, with sharp transitions near the
RMP, was observed universally. The force of infection follows power-law scaling, directly
reflecting the level and nature of risk behavior within each group. Importantly, the location
of the RMP remains largely invariant to the underlying sexual risk distribution, population
resolution, and mixing patterns, making it applicable across both generalized and concen-
trated epidemics. Conclusion: The RMP framework offers actionable public health insights.
It identifies key populations and transition regions for targeted interventions such as an-
tiretroviral therapy and pre-exposure prophylaxis. By tracking shifts in the RMP, it also
serves as an early warning indicator for epidemic transitions, guiding resource allocation
and monitoring. The focus of the model on intrinsic epidemic dynamics, excluding exter-
nal interventions, highlights its utility in uncovering fundamental transmission patterns.
This study bridges theoretical modeling and practical application, providing a flexible
framework for understanding HIV and other stratified epidemics. The findings advance
HIV modeling by revealing generic patterns that transcend specific contexts, supporting
data-driven public health strategies.

Keywords: HIV transmission dynamics; risk modulation point (RMP); risk heterogeneity;
deterministic compartmental model; epidemic thresholds

1. Introduction

The HIV-1 pandemic continues to pose a significant global health challenge, partic-
ularly in sub-Saharan Africa (SSA), where approximately 70% of the world’s new HIV
infections occur annually [1,2]. Despite decades of research and substantial public health
efforts, the epidemic persists at high levels in many regions [3]. This enduring prevalence
underscores the complexity of HIV transmission dynamics and the need for a deeper
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understanding of the factors driving the epidemic in diverse populations. While HIV is
often concentrated in high-risk groups, such as individuals with multiple sexual partners or
those who inject drugs [4], it also exhibits significant spread within the general population
in many SSA countries [5,6]. This duality highlights the critical need to examine the drivers
of the epidemic across all segments of society.

HIV is predominantly transmitted through sexual contact, making sexual behavior a
central determinant of transmission risk. Factors such as the number of sexual partners,
concurrency of partnerships, and mixing patterns within sexual networks play key roles in
shaping the epidemic [7,8]. For instance, individuals with multiple concurrent partners can
act as epidemiological bridges, facilitating the spread of the virus across otherwise discon-
nected networks [9,10]. However, the complex, variable, and often private nature of human
sexual behavior complicates efforts to accurately model and predict HIV transmission.
Traditional models frequently rely on predefined risk categories, grouping individuals
based on specific behavioral characteristics [11-14]. While informative, these approaches
may oversimplify the continuous and overlapping spectrum of sexual behaviors observed
in real-world settings.

To address these challenges, we adopted a novel, phenomenological modeling frame-
work that accommodates an arbitrary number of risk groups, avoiding the rigid definitions
often used in conventional models. This approach enables the exploration of a broad
spectrum of behavioral heterogeneity and mixing patterns without imposing restrictive
assumptions about population structure. By allowing intrinsic epidemic patterns to emerge
naturally from the dynamics of the model, this method provides a powerful tool for identi-
fying generic features of HIV transmission dynamics.

In this study, we aim to demonstrate that HIV epidemics exhibit consistent patterns of
Risk Modulation Points (RMP), transition widths, and coupling strength across varying
prevalence levels. RMP represents a critical threshold in HIV epidemic dynamics, marking
the transition from limited, unsustainable transmission to self-sustaining epidemic spread.
Below the RMP, transmission struggles to sustain itself and remains confined to low-risk
groups. Above the RMP, transmission becomes sufficient to maintain ongoing spread,
typically among higher-risk groups, but depending on mixing dynamics “spillover” to
lower-risk groups (more in terms of acquisition) might occur. For example, in concentrated
epidemics, HIV prevalence may be negligible in the general population but rise sharply
among individuals with higher-risk behaviors, such as multiple concurrent partners.

The RMP defines the point where risk behaviors become sufficient to drive widespread
transmission, causing some level of endemic status. This concept has significant public
health implications. By identifying the RMP, we can target interventions to prevent indi-
viduals from crossing this threshold, thereby interrupting transmission before it becomes
self-sustaining. Furthermore, the RMP provides insight into why some epidemics re-
main concentrated in high-risk groups while others spread more broadly, depending on
where the RMP falls relative to the risk structure of the population. As a quantitative
marker of a qualitative shift in epidemic behavior, the RMP offers a valuable framework
for understanding and addressing the dynamics of HIV transmission.

The RMP represents a critical threshold in risk-stratified populations, marking the
transition from localized, subcritical transmission (Ry < 1) to sustained epidemic propa-
gation (Rg > 1). Similar threshold-based concepts are widely used in epidemiology. The
concept of stratified Ry has been extensively applied in sexually transmitted infections
(STIs) [15,16], core group theory [17,18], and epidemic tipping point analysis [19,20]. For
example, studies of gonorrhea transmission in high-risk populations in the United States
(US) and targeted HIV hotspot interventions in sub-Saharan Africa have demonstrated that
identifying and addressing risk-specific transmission thresholds is critical for epidemic
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control [6,21]. Further, epidemic threshold concepts have been extensively applied in other
infectious diseases, such as measles, COVID-19, and malaria, reinforcing the generalizabil-
ity of the RMP as a tool for targeted prevention strategies [22-24]. By integrating these
approaches, the RMP provides a unified framework to inform precision public health
interventions and resource allocation strategies, particularly in HIV prevention efforts.

Our work is motivated by the need to enhance public health strategies through a better
understanding of universal patterns in HIV transmission. By identifying the threshold
behaviors, scaling properties, and stratification dynamics that are consistent across popu-
lation structures, we provide insights into the fundamental mechanisms underlying the
epidemic. These findings have significant implications for the design of targeted inter-
ventions, particularly in settings where traditional models may fall short in capturing the
complexity of HIV transmission. By uncovering these generic patterns, we contribute to a
deeper understanding of HIV epidemiology and provide a flexible modeling framework
capable of informing more precise and effective public health interventions.

2. Methods
2.1. Model Structure

Building on previous models [25-27], we developed a deterministic compartmental
model to explore, in a generalized manner, the influence of sexual behavior heterogeneity on
HIV epidemiology. The model stratifies the sexually active population into compartments
based on HIV status, stage of infection, and level of sexual risk behavior. HIV pathogenesis
is described by three stages: acute, latent, and advanced.

2.2. Compartment Definitions
The population is divided into the following groups:
e  Susceptible individuals (S;): HIV-negative individuals in risk group k.
e Infected individuals: Individuals categorized into three stages of HIV pathogenesis:

1. Acute stage (I; 1): Initial phase of infection with high viral load and transmissibility.
. Latent stage (I; 2): Chronic phase with lower viral load.
3. Advanced stage (I; 3): Final phase (AIDS) with high transmissibility and mortality.

Here, the subscripti=1, 2, ..., n denotes the risk group, stratified by sexual behavior
(e.g., partner acquisition rate).

2.2.1. Parameters and Notation

Ny,i: Initial population size of risk group k.

y: Birth/death rate (per capita), assumed equal across groups.

w1, wy: Progression rates from acute to latent (w;) and latent to advanced (w;) stages.
ws: Disease-induced mortality rate in the advanced stage.

A;: Force of infection (FOI) for risk group k, defined as the hazard rate of acquiring HIV.

2.2.2. Transition Equations

With the compartments and parameters defined, the model is governed by the follow-
ing differential equations:
Susceptible in risk group i:
das;

T HNo;i — uSi — AiS; (1)
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Acute-stage infection in risk group i:
dl;q
= AiSi — pliy — wiliy ()
dt
Latent-stage infection in risk group i:
dlio
—= = wilyy —pliz — wrlip (©)
dt
Advanced-stage infection in risk group i:
dl; 3
dlt’ = walip —pliz — wslis (4)

Here, the index i labels the i-risk group in the population, 5(7) is the HIV susceptible
population in the i-risk group, and I4(i) is the HIV-infected population in the i-risk group.
The index B marks the stage of HIV pathogenesis; f = 1,2, 3 represent acute, latent, and
advanced stages, respectively. Np(i) is the initial population size of each i-risk group. u
is the birth (and death) rate. The rate of progression from one HIV stage to another is
described by wy,_,,, and wy,_, is the rate of HIV/AIDS disease mortality. The rates A;
are the HIV forces of infection (hazard rates of infection) experienced by the susceptible
population. A detailed discussion of the model is described in the Supplementary Materials.

2.3. Equilibrium Solution

The role of sexual contact structure in HIV transmission dynamics was studied at the
endemic equilibrium. The formal definition of the population variables at endemic equi-
librium are given in Equations (51.8)—(51.11) in the Supplementary Materials. In addition
to the analytical and computational tractability, this approach allows us to disentangle
essential dynamical features of infection transmission from the transient effects of the tem-
poral evolution. The equilibrium solution of the model was derived using a methodology
of convergent successive approximations introduced by Abu Raddad et al. [28,29]. The
methodology allows us to calculate the forces of infection from which all population and to
derive epidemiologic measures.

2.4. Key Parameter Values

The parameters of the model were derived using the best available empirical data
on HIV epidemiology and are listed in Table S1.1 in the Supplementary Materials. The
HIV transmission probability per coital act for the acute stage was extracted from a re-
analysis study of the Rakai data [30,31]. For latent and advanced infection, the transmission
probabilities were extracted from Abu-Raddad et al. [32], which uses measurements from
Wawer et al. [33]. The frequencies of coital acts per stage of infection were based on the
measurements from Wawer et al. [33].

The durations of the acute, latent, and advanced stages were assumed to be 49 days
(acute), 9 years (latent), and 2 years (advanced). These choices were based on the clas-
sification in Wawer et al. [33], the re-analysis of the Rakai data for the acute infection in
Pinkerton [30], and the measured time from seroconversion to death in several cohort stud-
ies [34,35], and recent compilation of data by UNAIDS indicating that the average duration
from HIV acquisition to death in absence of antiretroviral therapy is about 11 years [36,37].
The duration of the sexual activity lifespan was estimated at 35 years, since 1549 years is
the age group used to define the sexually active population in the literature and standard
guidelines [32,38-40].
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2.5. Sexual Contact Structure

The heterogeneity of sexual risk behavior in human populations was mapped by
defining different forms of the sexual contact structure and variability within each
sexual contact structure. Details of the sexual contact structure are included in the
Supplementary Materials.

The level of variability in the effective sexual partner acquisition rate is described
by the parameter a. To explore different heterogeneity patterns, we used a linear model
(e = 1) as well as nonlinear models (x = 2, 3,4, 5) to map the level of variability in the risk
of exposure to HIV. The larger the value of «, the higher is the variability in risk behavior
in the population as expressed in terms of the standard deviation in HIV risk of exposure
(Figure S1.2B in Supplementary Materials).

The heterogeneity parameter (x) was varied between 1 and 5, reflecting a range of
theoretical and empirical patterns:

e « = l1—Linear Case: Represents minimal heterogeneity, with nearly uniform risk
distribution of risk among the risk groups. Serves as a baseline for comparisons.
Observed in generalized epidemics, such as in rural settings in sub-Saharan Africa,
where sexual behavior tends to be more homogeneous.

e a =23—Moderate Heterogeneity: Reflects typical risk patterns observed in many
concentrated epidemics. Produces moderate differentiation between risk groups.
Supported by studies showing moderate stratification in urban populations in sub-
Saharan Africa or concentrated epidemics in Southeast Asia.

e « =45—High Heterogeneity: Models highly stratified populations, as observed in
extreme cases of concentrated epidemics, where a small fraction of the population
accounts for a disproportionately large share of partnerships and transmission events.
Amplifies differences between risk groups, creating maximal separation. Reflective of
concentrated epidemics in high-risk subpopulations, such as injection drug users or
commercial sex workers, as observed in regions like Eastern Europe and parts of Asia.

The influence of & on risk group separation is evident in the widening divergence of
force of infection curves and prevalence levels, as well as the enhanced threshold effects
observed at higher «.

The pattern of sexual mixing between the different risk groups was represented
through a mixing matrix that describes the likelihood that a member of one risk group
will form a partnership with a member of another risk group [41]. The mixing matrix is
formally defined in the Supplementary Materials, Equation (51.3), with the degree of mixing
represented by a parameter (e). This matrix illustrates a continuum of mixing between two
extremes. At one end (¢ = 1), the mixing is fully assortative, meaning individuals within
a specific risk group exclusively select partners from their own group. Conversely, at the
opposite end (e = 0), the mixing is proportionate, where partnerships are formed based
solely on the availability of partners across different risk groups, without any preferential
bias in partner selection.

The force of infection (4;) inherits the power-law behavior of the risk distribution (p;)
scaling approximately as ix at low prevalence levels. However, as prevalence increases,
saturation effects alter this relationship, resulting in an exponential-like growth of A;
within higher-risk groups. This dynamic establishes a direct link between population
heterogeneity and epidemic patterns.

2.6. Risk Modulation Point (RMP)

The basic reproductive number (Rg) was defined as the average number of secondary
infections generated by one primary infection within an entirely susceptible population [15].
Ry determines the sustainability of an infection upon entrance into a fully susceptible
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population. If Ry > 1, the infection is sustainable in the population. If Ry < 1, the infection
is not sustainable in the population.

In a population that consists of one sexual risk group, an expression for Ry can be
derived for our model using the second generation matrix methodology [42]:

fp " trpwr tapwiwn 5)
(pt+w)  (pt+w)(p+wr)  (p+w)(p+w)(p+ws)

This equation for Ry = 1 defines the minimum threshold value of the effective part-
nership change rate preshold at which HIV infection can be sustainable.

In a population where there is several of risk groups with variable levels of risk
behavior and these groups are mixing with each other, the expression for Ry is much more
involved; HIV infection becomes sustainable even in the risk groups for which p are too
small to sustain HIV infection in absence of mixing with other risk groups. However,
for reasons discussed below, it is useful to still define an “R;” for each risk group in
the population:

£1,ipi b ipiw1 t3 i0iw1wy
(Ht+w1) (pt+w)(ptwr)  (p+wr)(p+w)(p+ws)

Ry; = (6)

The RMP represents the risk group index (i) where the basic reproductive number (Ry)
transitions from greater than 1 (Rg > 1) to less than 1 (Ry < 1). This threshold divides the
population into two classes of risk groups: those above the RMP (Rg > 1), which can sustain
the epidemic independently, and those below the RMP (Rg < 1), which rely on contributions
from higher-risk groups via mixing to sustain transmission. Numerically, the RMP was
determined by analyzing the prevalence distribution (y;) across risk groups at equilibrium.

In summary, the RMP represents the critical threshold in a population’s risk hierarchy
where HIV transmission transitions from unsustainable (confined to low-risk groups) to
self-sustaining (spreading widely). It is the tipping point where the basic reproductive
number (R) crosses 1:

e Below the RMP (R; < 1): Transmission cannot sustain itself without contributions
from higher-risk groups.

e Above the RMP (Rj > 1): Transmission becomes self-sustaining, driving epidemic
growth or maintenance.

The RMP is identified numerically as the risk group where HIV prevalence begins to
rise sharply, marking the boundary between these two regimes.

To identify the RMP, prevalence curves (y;) generated from simulations were inspected
to locate the point of sharp transition from negligible prevalence levels to substantial values.
These prevalence curves exhibit logistic growth patterns, transitioning from near-zero
values in low-risk groups to saturation in high-risk groups. The RMP was identified as
the risk group index where prevalence begins to rise significantly, corresponding to the
boundary where Ry ~ 1. In practice, this transition was identified by numerically inspecting
y; curves and determining the risk group index where y; exceeded 0.1 (10% prevalence),
marking the transition from localized, unsustainable transmission to sustained epidemic
spread. This threshold was chosen based on epidemic persistence principles, ensuring that
the RMP represents the point at which prevalence is sufficiently high to sustain endemic
transmission. Alternative methods, such as computing derivatives (dy;/dt), were considered
but were found to be less robust due to numerical instability, multiple inflection points in
highly heterogeneous epidemics, and reduced interpretability in public health contexts.

To ensure the robustness of RMP identification, the process was repeated with varying
parameter values, such as the heterogeneity parameter («) and the resolution of risk group
stratification (e.g., 100 vs. 200 groups). The identified RMPs were consistent across these
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variations, confirming the reliability of this approach. This methodology links the RMP
directly to the observed prevalence dynamics and the conceptual threshold of Ry =1,
providing a clear basis for its determination.

2.7. HIV Prevalence Regimes

To systematically categorize the prevalence regimes used in our analysis, we define
low, moderate, and high prevalence thresholds based on epidemiological benchmarks
commonly used in HIV surveillance and public health interventions. These thresholds
align with global classification frameworks, including UNAIDS guidelines that distinguish
between low-level, concentrated, and generalized epidemics [43,44].

In our model, low prevalence is defined as HIV prevalence below 0.5%, where trans-
mission remains largely confined to high-risk groups with minimal spillover into the
general population. In this regime, epidemic sustainability depends entirely on high-risk
individuals (i > 90 in a 100-group model), and the RMP occurs at very high-risk levels,
reflecting the limited expansion of transmission networks.

Moderate prevalence is defined as HIV prevalence of about 5%, where bridging
transmission expands beyond key populations, affecting moderate-risk groups. In this
phase, localized transmission clusters become increasingly significant, and the RMP shifts
downward, encompassing a broader subset of individuals. This regime represents a
transition point between concentrated and generalized epidemics, where intervention
strategies must target both high-risk individuals and emerging transmission hubs.

High prevalence is defined as HIV prevalence exceeding 20%, where transmission
occurs widely across multiple risk strata, reaching endemic equilibrium. In this phase,
the force of infection (A;) becomes less sensitive to individual risk heterogeneity due to
saturation effects, leading to a generalized epidemic. Empirical studies in sub-Saharan
Africa support this threshold, as regions with >20% prevalence tend to exhibit sustained
transmission across all risk groups.

2.8. Simulation Scenarios

We simulated the model under various prevalence levels and heterogeneity parameters
to explore their influence on epidemic dynamics. The key scenarios included:

e High Prevalence (~20%): This represents generalized epidemics with widespread
transmission. It is characteristic of generalized epidemics in southern Africa, where
HIV transmission is widespread. It captures the dynamics of maximum sustainable
prevalence, with minimal threshold effects due to saturation.

e  Moderate Prevalence (~5%): This reflects intermediate transmission intensity. It also
reflects concentrated epidemics in key populations, such as sex workers and men
who have sex with men. It represents a transitional state between concentrated and
generalized epidemics, with distinct threshold behavior.

e  Low Prevalence (~0.2%): This represents concentrated epidemics in high-risk subpop-
ulations. It is common in global settings with concentrated epidemics. It highlights
the importance of risk stratification, with strong threshold effects and epidemic con-
centration in high-risk groups.

Each scenario was simulated under varying « values to evaluate the role of hetero-
geneity in shaping epidemic outcomes. These prevalence levels reflect real-world epidemio-
logical diversity and demonstrate how varying transmission intensity influences threshold
behaviors and risk stratification.

Simulations were conducted using two risk group resolutions (100 and 200 groups)
to evaluate the impact of stratification on RMP scaling and transition widths. Doubling
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the resolution allowed for finer delineation of risk groups, capturing subtle differences in
transmission dynamics, especially in low-prevalence regimes.

The RMP was identified as the threshold risk group index (i) where prevalence transi-
tions from negligible to high levels. This threshold was used to assess the sustainability
of transmission and the concentration of the epidemic in high-risk groups. RMP locations
were compared across prevalence levels, risk group resolutions (n = 100 vs. n = 200), and
heterogeneity values.

2.9. Equilibrium Solution and Outcome Metrics

The equilibrium solution of the model was derived using the method of convergent
successive approximations, allowing for calculation of the forces of infection (A7) and other
epidemiological measures at steady state. Key metrics analyzed include:

e  Force of Infection (A;): This measures the intensity of transmission in each risk group.

e  Prevalence (y;): This examines the distribution of HIV burden across risk groups.

e  Threshold Behavior (RMP): This identifies the risk group index (i) where prevalence
transitions from negligible to high levels.

e Transition width (A;): This quantifies the sharpness of epidemic progression. It is
defined as the difference in risk group indices where prevalence (y;) increases from 20%
to 80% of its maximum value. It quantifies the sharpness of the epidemic progression
across risk groups and serves as a metric for stratification in the population. This
metric captures the steepness of the logistic growth in prevalence across risk groups.
A smaller A; indicates a sharp and concentrated epidemic progression, characteristic
of populations with higher stratification or greater heterogeneity in risk behavior ().
Conversely, a larger A, reflects a more gradual transition, indicating less stratification
and a wider distribution of transmission across risk groups.

2.10. Numerical Implementation

Simulations were performed using Matlab R2023a, version 9.14 [45]. The model’s equi-
librium solutions were validated for robustness under varying mixing patterns, prevalence
levels, and heterogeneity. The MATLAB code used in our analysis is available at: GitHub
(San Francisco, CA, USA)—diegofcuadros/HIV_Model.

3. Results

The model simulations yielded critical insights into the interplay between risk het-
erogeneity, risk group resolution, and HIV epidemic dynamics across different prevalence
levels. The results were analyzed to examine force of infection (4;), prevalence patterns
(y;), threshold behavior (RMP), and scaling properties under various scenarios.

3.1. Epidemic Dynamics at High Prevalence (~20%)

The high-prevalence scenario demonstrates how widespread transmission homogenies
epidemic dynamics across risk groups, reducing the influence of heterogeneity ().

3.1.1. Force of Infection

Figure 1 (upper left panel) shows the force of infection (A;) across 100 risk groups. The
force of infection exhibits an exponential increase, peaking at a high magnitude (~450), with
sharp transitions occurring in early risk groups (i < 20). Variations in « values minimally
affect the shape or magnitude of A;, indicating that transmission dynamics dominate over
risk heterogeneity in this regime.
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Figure 1. Force of infection (A;) and HIV prevalence (y;) across risk groups under different preva-
lence regimes. Left panels show the force of infection and right panels show the corresponding
HIV prevalence distributions across 100 risk groups, with different curves representing varying
heterogeneity parameters («; to as). Top row: High-prevalence scenario (~20%) showing a strong
force of infection (reaching ~450) and prevalence saturation near 1.0 in high-risk groups. Middle
row: Moderate-prevalence scenario (~5%) demonstrating an intermediate force of infection (~1.0)
and more gradual prevalence increases. Bottom row: Low-prevalence scenario (~0.2%) showing a
weak force of infection (~0.025) and concentrated prevalence in highest risk groups. The red vertical
lines in the prevalence panels indicate Risk Modulation Points (RMPs) where prevalence transitions
from negligible to high levels. Higher a values lead to sharper transitions and more concentrated
epidemics in high-risk groups across all prevalence regimes.

3.1.2. Prevalence Patterns

Figure 1 (upper right panel) illustrates HIV prevalence (y;) across risk groups. Preva-
lence follows a logistic growth curve, with early thresholds (RMPs at i ~ 20) and saturation
occurring near 1.0 in high-risk groups. The RMPs are consistent across all « values, reflect-
ing a robust threshold unaffected by heterogeneity.
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3.1.3. Generic Patterns

e  RMP Stability: The threshold location remains consistent, regardless of «, reflecting
robust dynamics dominated by transmission intensity.

e High Saturation: Near-complete prevalence saturation (~1.0) occurs across all
high-risk groups.

3.2. Dynamics at Moderate Prevalence (~5%)

The moderate-prevalence scenario highlights how risk heterogeneity influences epi-
demic dynamics more significantly than at high prevalence, as illustrated in Figure 1.

3.2.1. Force of Infection

Figure 1 (middle left panel) shows that A; peaks at a lower magnitude (~0.9) compared
to high prevalence, and exponential growth begins later (i > 40). Increased heterogeneity
(«) sharpens the transitions in 4;, concentrating transmission in fewer high-risk groups.

3.2.2. Prevalence Patterns

Figure 1 (middle right panel) reveals a logistic growth pattern in y;, with RMPs shifting
to higher risk groups (i = 50-60). Increased « results in sharper transitions, whereas lower
« spreads prevalence more evenly across risk groups.

3.2.3. Generic Patterns
Prevalence Saturation: Logistic growth remains consistent, with saturation near 0.9.
e  RMP Sensitivity: The RMP shifts to higher risk groups compared to high-prevalence
scenarios.

e  Heterogeneity Amplification: Higher a values lead to sharper prevalence transitions
and earlier RMPs.

3.3. Dynamics at Low Prevalence (~0.2%)

At low prevalence, the epidemic becomes highly stratified, with transmission and
prevalence concentrated in the highest-risk groups.

3.3.1. Force of Infection

Figure 1 (lower left panel) demonstrates that A; is negligible across most risk groups
and peaks at a very low value (~0.12) only in the highest-risk groups (i > 190). Higher a
sharpens the transitions, confining transmission to fewer groups.

3.3.2. Prevalence Patterns

Figure 1 (lower right panel) shows a logistic prevalence pattern, but with delayed
transitions and RMPs occurring later (i =~ 60-80). Prevalence saturates at a lower ceiling
(~0.5), with lower « leading to more gradual transitions.

3.3.3. Generic Patterns

e  Threshold Scaling: RMP locations scale linearly with risk group resolution.
e  Prevalence decay: Saturation is lower (~0.5) compared to higher-prevalence scenarios.
e  Stratification: Transmission is confined to the top ~10% of risk groups (i > 90).

3.4. Impact of Risk Group Resolution

Doubling the risk group resolution to 200 reveals scaling properties of threshold
behavior and preserves epidemic patterns, as shown in Figure 2.
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Figure 2. (A) Force of infection (A;) and (B) HIV prevalence (y;) across 200 risk groups with high
prevalence. Panel A shows the force of infection (Y axis) exhibiting exponential growth with increasing
risk group index (X-axis), reaching values up to ~2000 for the highest risk groups. Panel B shows
the corresponding HIV prevalence distribution (Y axis) with increasing risk group index (X-axis),
with red vertical lines indicating Risk Modulation Points (RMPs). Different curves represent varying
heterogeneity parameters (¢ to as). Higher a values lead to sharper transitions in prevalence
and stronger concentration of force of infection in high-risk groups, while maintaining consistent
RMP locations. The doubled resolution (200 vs. 100 risk groups) preserves the core patterns while
providing finer granularity in the transition regions.

3.4.1. Force of Infection

Figure 2 (right panel) indicates that A; remains consistent in shape but scales with
resolution. Force of infection begins later and is distributed across more risk groups due to
finer stratification.

3.4.2. Prevalence Patterns

Figure 2 (left panel) demonstrates that RMPs scale approximately linearly, shifting
from i ~ 20 (100 groups) to i ~ 40 (200 groups). Logistic growth persists, with saturation
confined to the top 20% of risk groups (i > 60).

3.4.3. Generic Patterns

e Linear RMP Scaling: Threshold locations double with resolution, confirming pre-
dictable scaling.
e  Preserved dynamics: Prevalence and A; patterns remain consistent.

3.5. Cross-Scenario Comparison

Across all prevalence scenarios, several universal patterns emerged, alongside unique
behaviors specific to each regime. A consistent finding was the linear scaling of RMPs
with risk group resolution, which demonstrates the robustness of threshold behavior under
varying model resolutions. Exponential growth in the force of infection (A;) was observed
across all scenarios, with peak values determined by the prevalence level and heterogeneity
(«). Similarly, logistic prevalence growth was a universal feature, although the saturation
level and the sharpness of the transitions varied. At high prevalence (~20%), heterogeneity
had minimal influence on epidemic dynamics, with early and consistent RMPs (i ~ 20) and
near-uniform transmission and saturation across risk groups. In contrast, low prevalence
(~0.2%) and scenario revealed significant sensitivity to heterogeneity, with transmission
and prevalence highly concentrated in extreme high-risk groups (i > 190). These scenar-
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ios also exhibited delayed RMPs, occurring later as & decreased. Moderate prevalence
(~5%) represented an intermediate state, where heterogeneity played a noticeable but less
dominant role, with RMPs occurring at i ~ 50-60. Doubling the resolution from 100 to
200 risk groups preserved these core patterns while refining the thresholds and revealing
more specific dynamics in low- prevalence scenarios, where finer stratification was critical
to capturing the extreme concentration of transmission. These findings underscore the
interplay between prevalence levels, risk heterogeneity, and model resolution in shaping
epidemic dynamics.

3.5.1. Risk Modulation Point Characteristics

Table 1 summarizes the characteristics of the RMP across high (~20%), moderate (~5%),
and low (~0.2%) prevalence regimes. Key metrics include the RMP location (i), variability
in RMP position (4A;), prevalence growth near the threshold, force of infection (A;) scaling,
and transition width (A;). The transition width (A;) quantifies the sharpness of epidemic
progression across risk groups by measuring the range of risk group indices over which
prevalence increases from 20% to 80% of its maximum value. A narrower transition width
indicates a sharper, more concentrated epidemic, typically observed in settings with high
heterogeneity («) or high prevalence levels, where transmission is dominated by a small
subset of high-risk groups. In contrast, a broader transition width reflects a more gradual
epidemic progression, characteristic of lower prevalence regimes where transmission
spreads across a wider range of risk groups. This metric provides critical insights into the
epidemic’s dynamics, highlighting the interplay between risk heterogeneity and prevalence
in shaping the steepness of the epidemic threshold.

Table 1. Characteristics of the Risk Modulation Point (RMP) across high (~20%), moderate (~5%), and
low (~0.2%) prevalence regimes. The table includes the RMP location (i), variability in RMP position
(A;) across w, transition width (A;), prevalence increases near the threshold, and force of infection (A;)
growth. High-prevalence regimes show consistent, sharp transitions, while low-prevalence regimes
exhibit broader, more gradual transitions with significant sensitivity to «.

Prevalence Variation in RMP Transition Width Prevalence Force of Infection
Regime Location (7) (A7) (A7) Increase Growth (A;)
High (~20%) Minimal (<2) dg;‘er;:i‘r“l’g: Sv_iﬁ o O'ngk();szsz 10 A ~ exp (0.070)
Moderate (~5%) i ~ 50-60 Moderate (A; ~ —5) (é\ggi(;?;;eg: vlv?t_lf 2) O.lrgk();s:;; 20 A; ~ exp (0.057)
ooz o el e OB 0o

At high prevalence, the RMP consistently occurs at i ~ 20 with minimal variation
(A; < 2) across all « values. Transitions are sharp, with prevalence increasing from 0.2 to 0.8
over ~10 risk groups, and the force of infection shows exponential growth (A; ~ exp (0.17))
near the threshold. Transition widths decrease with &, narrowing from A; ~ 10 for « = 1 to
A; =5 for o = 5.

In the moderate prevalence regime, the RMP shifts to i =~ 50-60 and shows moderate
a-dependent variability (A; &= —5 per unit increase in «). Transitions are broader than in
high-prevalence settings, with prevalence increasing from 0.1 to 0.5 over ~20 risk groups
and a slower force of infection growth (A; ~ exp (0.05i)). Transition widths also vary
significantly, spanning A; ~ 25 risk groups for « = 1 and narrowing to A; =~ 15 for « = 5.

At low prevalence, the RMP appears later, at i ~ 60-80, with strong a-dependent
shifts (A; = —10 per unit increase in «). Transitions are gradual, with prevalence increasing
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from 0.05 to 0.2 over ~30 risk groups and weak force of infection growth (A; ~ exp (0.02i)).
Transition widths are broad, spanning A; ~ 35 risk groups for « = 1 and narrowing to
A; =25 fora =5.

3.5.2. RMP Position vs. Prevalence

The location of the RMP (iRMP) scales systematically with prevalence, as described by
the relation: IRMP ~ 20 + 40 log(P/Pmax), where Pmax = 0.4 is the maximum prevalence
observed in the high-prevalence regime, and P is the actual prevalence level. This equation
highlights the logarithmic dependence of the RMP on prevalence, with higher prevalence
resulting in earlier thresholds (lower iRMP) and lower prevalence shifting the RMP to later
risk groups.

3.5.3. Risk Modulation Point and Resolution Scaling

Observed RMP Locations Across Prevalence Levels
Figure 3A illustrates the observed Risk Modulation Point (RMP) locations (iIRMP)
across different prevalence levels (20%, 5%, and 0.2%). The RMP shifts systematically

as prevalence decreases, reflecting delayed transitions to higher-risk groups: At high
prevalence (20%), the RMP occurs early in the risk group distribution at iRMP ~ 20,
indicating concentrated transmission in lower-risk groups. At moderate prevalence (5%),
the RMP shifts to iIRMP = 55, highlighting a more dispersed transmission pattern across
risk groups. At low prevalence (0.2%), the RMP appears even later at iRMP ~ 70, showing
a concentration of transmission in the highest-risk groups. This progression confirms
the scaling relationship between prevalence and RMP location, with the RMP shifting
logarithmically to higher risk groups as prevalence decreases.

Itis distinctive to see that the incidence rate follows a power law (f(i) = ai) as confirmed
by fitting the curves with a power law with adjusted R-square at nearly 1.00 for all forms of
sexual risk distribution (Table S2.1 in Supplementary Materials). The exponents exactly
match the exponent of the distribution of partner change rate. We also explored the
results for non-power-law distributions for sexual risk behavior, such as exponential and
sinusoidal forms, and the growth of the incidence rate is consistent and fitted with a power
law distribution.

Likewise, the growth in prevalence follows a logistic function, as confirmed by fit-
ting the curves with this function with 200 risk groups as an example (Figure S2.2 and
Table S2.2 in Supplementary Materials). The curves show a distinctive pattern of a modu-
lated threshold effect. The inflection points (points of dynamical transition) are occurring
within roughly the same risk group irrespective of sexual risk distribution. On further
examination of this effect, we found that this transition reflects a modulated form of the
Ro = 1 sustainability threshold.

Transition Width Scaling with Resolution

Figure 3B visualizes how the width of the transitions (A;) varies across resolutions
(100 vs. 200 risk groups) and prevalence regimes. The results indicate linear scaling of
Ai with resolution, preserving regime-specific patterns: At high prevalence (20%), the
transition widths are narrow, with A;~ 10 for 100 groups and A; = 20 for 200 groups. At
moderate prevalence (5%), the transitions broaden, with A; ~ 20 for 100 groups and A; =~ 40
for 200 groups. At low prevalence (0.2%), the transitions are the broadest, with A; ~ 30 for
100 groups and A; ~ 60 for 200 groups.

The results confirm that doubling the resolution doubles the transition widths, main-
taining proportional scaling across prevalence levels. This scaling underscores the impor-
tance of higher resolution for accurately capturing dynamics in low-prevalence regimes,
where transitions are more gradual.
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Figure 3. (A) RMP locations across prevalence levels and (B) Resolution scaling of transition widths.
(A) Shows the observed Risk Modulation Point (RMP) locations shifting systematically as prevalence
decreases from 20% (RMP =~ 20) to 0.2% (RMP = 70), reflecting delayed epidemic transitions at lower
prevalence levels. (B) Demonstrates how transition widths (A;) scale with risk group resolution,
comparing 100 groups (blue) versus 200 groups (green) across different prevalence regimes. The
doubling of resolution leads to proportional increases in transition widths while maintaining the
relative patterns across prevalence levels.

RMP Locations Across Prevalence Regimes

The RMP, defined as the risk group index (iRMP) at which prevalence begins to in-
crease sharply, exhibits strong dependence on both prevalence levels and the heterogeneity
parameter («) (Figure 4, left panels). At high prevalence (20%), the RMP remains stable
across all « values, located consistently at iIRMP & 20. This stability reflects the homogeniza-
tion of transmission dynamics due to saturation effects, where high prevalence minimizes
the role of heterogeneity.

In contrast, at medium prevalence (5%), the RMP systematically shifts to higher risk
group indices with increasing «. Specifically, iRMP = 50, 55, and 60 for & = 1,3,5, respectively.
This shift is attributed to the increasing concentration of transmission in higher-risk groups
as heterogeneity intensifies. For low prevalence (0.2%), the RMP shifts even further, with
iRMP =70, 75, and 80 for « = 1,3,5. These results indicate that as prevalence decreases, the
epidemic threshold is increasingly delayed, and transmission becomes confined to very
high-risk groups.

Transition Widths Across Prevalence Regimes

At high prevalence (20%), the transition width is narrow (A; ~ 5) across all « values,

reflecting rapid epidemic progression due to saturation (Figure 4, right panels). The RMP
remains constant at i ~ 20 regardless of &, demonstrating the robustness of the threshold in
saturated epidemics. This stability reflects the homogenization of transmission dynamics
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due to saturation effects, where high prevalence minimizes the role of heterogeneity. In
the medium prevalence regime (5%), A; narrows with increasing «, decreasing from 25 for
« =1 to 10 for « = 5. This narrowing indicates sharper transitions at higher heterogeneity
levels, where transmission is concentrated in fewer groups. RMP shifts systematically from
i=50to i =60 as « increases, showing increased stratification. This reflects the increasing in-
fluence of heterogeneity in shaping transmission patterns at intermediate prevalence levels.
At low prevalence (0.2%), the transition width is significantly broader, with A; = 35,30,25 for
« =1,3,5, respectively. This reflects a more gradual epidemic progression as the population
becomes more stratified and transmission dynamics are dominated by high-risk groups.
RMP ranges from i = 70 to i = 80, indicating maximum stratification effect.

High (20%) High (20%)
100 50
75 40
50 3
20 20 20 2
] =~
R | | . — : :
% 0 0 [ | [ ][ |
K= 1 3 1 3 5
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Figure 4. RMP Locations and Transition Widths Across Prevalence Regimes. Comparison of Risk
Modulation Point (RMP) locations (left panels) and transition widths (A;, right panels) across high-
(20%), medium- (5%), and low (0.2%)-prevalence regimes, stratified by heterogeneity parameter
(« =1,3,5). Left panels: RMP locations shift systematically with prevalence levels. At high prevalence,
RMP remains constant at iRMP =~ 20 regardless of «, while at medium and low prevalence, RMP
shifts to higher risk groups, reaching iRMP = 50,55,60 (medium) and iRMP = 70,75,80 (low) for
« =1,3,5, respectively. Right panels: Transition widths (A;) narrow with increasing « and decrease
as prevalence increases. High prevalence exhibits consistently narrow transitions (A; = 5 across all
), while at medium prevalence, A; reduces from 25 (¢ = 1) to 10 (¢ = 5). At low prevalence, broader
transitions (A; = 35,30,25) reflect stronger stratification effects.

The Impact of Saturation Effects on the Force of Infection at Different Prevalence Levels
The relationship between force of infection (A;) and risk behavior (p;) exhibits distinct

saturation effects depending on prevalence levels. At low prevalence (~0.2%), transmission
is highly concentrated in the highest-risk groups (i > 90 in a 100-group model), where A;
follows a steep power-law scaling. In this regime, small increases in behavioral risk led to
disproportionately high infection risks, emphasizing the critical role of superspreaders in
sustaining the epidemic. The strong nonlinear scaling observed in this phase aligns with
empirical findings that HIV epidemics in early or concentrated stages remain confined to
specific high-risk subpopulations, such as sex workers or people who inject drugs (PWID).
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In contrast, at moderate prevalence (~5%), the power-law scaling remains evident
but exhibits broader transmission across risk groups. The saturation effect begins to
flatten the FOI curve, meaning that lower-risk groups start contributing meaningfully to
transmission. This marks the transition from a concentrated epidemic to a more generalized
one, where interventions targeted at a broader range of risk groups become necessary. The
RMP shifts toward lower-risk groups, reflecting a more diffuse transmission pattern as
prevalence increases.

At high prevalence (~20%), transmission dynamics become more homogeneous, and
the force of infection exhibits saturation at lower risk levels. The power-law effect is still
present but less steep, as high levels of HIV prevalence create network-level immunity
effects. In this regime, heterogeneity plays a diminished role, and broad, population-wide
interventions (e.g., universal antiretroviral therapy (ART), mass pre-exposure prophy-
laxis (PrEP) distribution) are required to further curb transmission. The flattening of
the FOI curve at high prevalence reinforces the idea that high-risk interventions remain
crucial at earlier epidemic stages, whereas a generalized approach is more effective in
mature epidemics.

4. Discussion

This study introduces the concept of the RMP as a critical threshold in HIV trans-
mission dynamics, marking the transition from limited, unsustainable transmission to
self-sustaining epidemic spread. The RMP distinguishes two distinct epidemic behaviors:
below it, transmission remains confined to low-risk groups and cannot sustain itself; above
it, transmission becomes self-sustaining, often concentrated among higher-risk groups. By
quantifying this threshold, we provide a framework for understanding how epidemics
shift in response to population risk structures, prevalence levels, and heterogeneity.

A central finding of our study is the systematic relationship between risk heterogeneity
() and prevalence levels, which together determine the sharpness and concentration of
epidemic progression. As the heterogeneity parameter increases, indicating greater variabil-
ity in individual risk behaviors, transmission becomes increasingly concentrated in fewer,
higher-risk groups. This concentration sharpens epidemic transitions and narrows the
range of risk groups involved in the spread of HIV. Notably, this effect is most pronounced
at lower prevalence levels, where the epidemic is largely confined to the highest risk pop-
ulations. In contrast, at high prevalence levels, heterogeneity plays a diminished role,
widespread transmission homogenizes epidemic dynamics across risk groups, diluting the
impact of individual behavioral differences.

Our simulations reveal several universal patterns across different epidemic regimes,
regardless of the specific prevalence or heterogeneity levels. The logistic growth of HIV
prevalence across risk groups consistently emerges as a robust feature, characterized by
sharp transitions around the RMP and eventual saturation in higher-risk groups. This pat-
tern underscores the inherent saturation dynamics of HIV epidemics, where transmission
rates plateau due to factors like behavioral limits or biological constraints. Additionally,
the RMP exhibits linear scaling with risk group resolution, ensuring consistency in thresh-
old behavior as population stratification becomes more refined. Doubling the number
of risk groups results in a proportional shift in the RMP, highlighting the predictability
of epidemic thresholds relative to the granularity of risk stratification. Furthermore, the
force of infection demonstrates exponential growth across risk groups, with peak values
determined by the overall prevalence and modulated by heterogeneity. This exponential
increase reflects the amplification effect of higher-risk behaviors on transmission dynamics.
These intrinsic mathematical features provide a unified framework for understanding
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diverse epidemic behaviors and offer valuable insights into the fundamental mechanisms
driving HIV transmission.

The concept of the RMP offers critical insights into the distinction between concen-
trated and generalized HIV epidemics, revealing how transmission dynamics shift across
different population structures. In regions like Eastern Europe, where HIV transmission is
predominantly confined to high-risk groups such as individuals with multiple concurrent
partners or injection drug users [46—48], the RMP occurs late in the risk hierarchy. This
reflects the epidemic’s reliance on these groups for sustainability, with transmission re-
maining limited in the general population and the epidemic not becoming self-sustaining
beyond these key populations. In contrast, in sub-Saharan Africa, where some countries
are experiencing high-HIV-prevalence epidemics, substantial transmission occurs within
the general population [6,49], and the RMP shifts earlier in the risk distribution. This indi-
cates that transmission is not solely dependent on high-risk groups but is sustained across
a broader population base. This shift highlights how the RMP serves as a quantitative
marker for the progression of the epidemic and provides a framework for understanding
the epidemiological diversity observed globally.

Population structure and heterogeneity play central roles in shaping epidemic tra-
jectories. Increased heterogeneity leads to more stratified epidemics, with transmission
concentrated in higher-risk groups and the RMP delayed. This stratification means that
interventions targeting high-risk groups can be particularly effective in preventing the
epidemic from becoming generalized. Prevalence levels further modulate this interplay.
At low prevalence, the RMP is delayed, and epidemic transitions occur gradually over
a broader range of risk groups, emphasizing the importance of interventions targeting
the highest-risk populations. At high prevalence, the RMP occurs earlier, transitions are
sharper, and transmission extends beyond high-risk groups, necessitating broad-based
interventions. Our findings underscore the importance of considering both individual risk
behaviors and population-level factors when assessing epidemic potential and designing
interventions. By capturing the intrinsic dynamics of HIV transmission through the lens
of the RMP, we can better understand the conditions under which an epidemic may shift
from concentrated to generalized, informing more effective public health responses.

A particularly striking result is the invariance of RMP location to the nature of risk
group distribution, sexual risk heterogeneity, and mixing patterns. Despite variations in
these parameters, the RMP consistently defines the critical threshold where self-sustaining
transmission begins. This robustness highlights the fundamental role of the RMP as a
universal feature of HIV transmission dynamics, providing a reliable marker for threshold
behavior across diverse epidemiological contexts. These mathematical insights not only
simplify modeling efforts but also deepen our understanding of the structural principles
underlying HIV epidemics. By identifying and focusing on universal patterns such as
power-law growth of incidence and logistic growth of prevalence, this study provides
a streamlined yet comprehensive approach to modeling. These features emphasize that
epidemic outcomes are governed by intrinsic properties of transmission dynamics rather
than the finer details of population structure, offering a framework that is both flexible and
widely applicable to diverse HIV epidemic scenarios.

The RMP identifies the threshold in a risk-stratified population where HIV transmis-
sion transitions from localized, unsustainable spread (subcritical, Ry < 1) to self-sustaining
epidemic propagation (supercritical, Ry > 1). Calculating the RMP is critical because it
pinpoints intervention targets by identifying groups near the RMP, which represent “tip-
ping points”, among which modest reductions in transmission can shift the epidemic from
growth to decline. This also explains epidemic transitions by distinguishing concentrated
epidemics, which remain confined to high-risk groups, from generalized epidemics that



BioMedInformatics 2025, 5, 11

18 of 25

spread across broader populations. Furthermore, it serves as a guide for resource allocation,
ensuring that prioritizing groups near the RMP maximizes the efficiency of interventions
such as PrEP and ART, particularly in resource-limited settings.

While the term “RMP” is novel, its principles align with foundational epidemiological
theories and applications. The RMP builds on the concept of the basic reproductive number
(Ro) [15,16], which defines the sustainability of transmission. However, the RMP extends
this by stratifying Ry across risk groups (Ry,i), identifying the critical group where Ry,i ~ 1,
and integrating behavioral heterogeneity, akin to core group [17,18], where high-risk
subgroups sustain transmission, as observed in sex workers in STI epidemics.

The importance of the RMP is supported by various epidemiological studies. For
example, research on core groups in STI transmission has shown that targeting high-risk
groups where R > 1 effectively reduced gonorrhea prevalence in the US [50]. Similarly,
identifying HIV “hotspots” and prioritizing geographic clusters with elevated transmission
potential (Ry > 1) significantly improved epidemic control in sub-Saharan Africa [51].
Furthermore, the RMP aligns with targeted intervention frameworks in precision public
health. For instance, targeted PrEP interventions for high-risk populations have been
shown to reduce HIV incidence in men who have sex with men [52], while malaria focal
interventions aimed at high-risk transmission hotspots successfully reduced transmission in
Kenya [53]. By monitoring shifts in the RMP over time, public health officials can anticipate
epidemic transitions and adjust intervention strategies before HIV spreads beyond high-
risk populations. These refinements strengthen our understanding of epidemic dynamics
and offer practical guidance for prevention policies.

The RMP also holds promise as an early warning indicator for changes in epidemic
dynamics. Monitoring shifts in the RMP over time allows public health authorities to
detect emerging trends, such as increasing transmission among lower-risk groups that may
signal the transition from a concentrated to a generalized epidemic. This surveillance can
inform timely adjustments in intervention strategies, enabling more proactive and effective
responses to evolving epidemic conditions.

4.1. Superspreading as a Robust Feature of Power-Law Transmission Models

Our findings demonstrate that universal patterns of epidemic growth, specifically
power-law scaling of the force of infection and logistic prevalence growth, strongly support
the concept of the RMP as an epidemic threshold. The force of infection (A;) follows a
power-law relationship with risk behavior, meaning that higher-risk groups experience
exponentially greater transmission rates. This scaling effect reinforces the idea that once
the RMP is crossed, sustained transmission becomes inevitable, aligning with theoretical
threshold concepts in infectious disease modeling.

Additionally, HIV prevalence across risk groups exhibits logistic growth, with a sharp
transition at the RMP. This sigmoid pattern indicates that transmission remains low in
lower-risk groups until the epidemic reaches a critical tipping point, where prevalence
accelerates rapidly. The steepness of this transition, particularly in highly heterogeneous
populations, provides further evidence that the RMP marks a fundamental shift in epidemic
dynamics, distinguishing self-limiting from self-sustaining transmission.

Across all prevalence levels, our model consistently shows that a small fraction of
high-risk individuals contributes disproportionately to transmission, a hallmark of su-
perspreading behavior. Specifically, in low-to-moderate prevalence settings, we find that
the top 10% of risk groups (i > 90) account for more than 70% of new infections when
« > 3. This pattern is highly consistent with empirical studies of HIV epidemics in key
populations, including sex workers in Kenya [54], MSM in Thailand, where network-driven
superspreading events sustain transmission in urban centers [55], and HIV clusters in
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South Africa, where community-level viral load disproportionately concentrates among
high-contact individuals [56].

The persistence of superspreading dynamics in our model, even under varying levels
of prevalence and heterogeneity, underscores its robustness as a fundamental feature of HIV
transmission. Unlike traditional models that assume homogeneous mixing, our power-law
framework naturally captures the emergence of high-transmission hubs, reinforcing the
need for risk-based intervention strategies. Moreover, the interaction between superspread-
ing and the RMP provides an epidemiological basis for targeted intervention thresholds. As
the epidemic progresses and the RMP shifts, interventions must be dynamically adjusted
to account for changes in superspreading potential. This finding highlights the need for
adaptive public health strategies that use real-time surveillance data to target emerging
transmission hotspots.

4.2. Public Health Applications of the RMP for Epidemic Control

The identification of the RMP has significant implications for public health strategies
aimed at controlling HIV transmission. By pinpointing the threshold where transmission
becomes self-sustaining, we can prioritize interventions targeting specific risk groups that
are critical in driving the epidemic. In settings where the RMP occurs among higher-
risk groups, targeted interventions, such as condom distribution, PrEP, needle exchange
programs, and harm reduction initiatives, can effectively disrupt transmission before it
cascades into lower-risk populations [57-59]. Focusing on individuals and groups near the
RMP is especially impactful. These transition regions represent tipping points in epidemic
dynamics, where timely and focused prevention efforts can prevent the epidemic from
becoming self-sustaining and spreading more widely. Behavioral interventions to reduce
high-risk behaviors and expanding HIV testing with rapid initiation of ART for newly
diagnosed individuals can significantly reduce transmission [60,61].

Building on the insights from this study, several paths for future research can en-
hance the RMP framework. Extending the model to incorporate dynamic risk behaviors
and evolving sexual networks over time would provide a more realistic representation
of epidemic trajectories. This includes accounting for changes in behavior, partnership
patterns, and social norms that influence transmission dynamics. Integrating the effects of
interventions such as ART, PrEP, condom distribution, and behavioral change campaigns
would enable evaluation of how they shift the RMP or modify transition widths, offering
actionable insights into optimizing prevention and treatment strategies. Applying the
framework to other infectious diseases with stratified transmission patterns, such as other
sexually transmitted infections or hepatitis C among injection drug users, could uncover
universal principles governing stratified epidemics. Incorporating empirical data on risk
group distributions, contact patterns, intervention coverage, and behavioral trends would
enhance the model’s accuracy and reliability. Applying the model to diverse geographic
regions with varying epidemic characteristics and simulating real-world intervention
scenarios can provide insights into how the RMP shifts in response to demographic or
behavioral transformations.

Tracking shifts in the RMP over time can provide a real-time indicator of changing
epidemic dynamics, offering a valuable tool for adaptive public health responses. As the
RMP moves downward (i.e., affecting lower-risk groups), it signals that HIV transmission
is expanding beyond high-risk populations, necessitating broader intervention strategies
such as population-wide ART scale-up, increased HIV testing, and expanded PrEP access.
In contrast, if the RMP remains stable or shifts upward, transmission remains concentrated
in high-risk groups, suggesting that targeted interventions, such as outreach programs for
sex workers, MSM, or people who inject drugs, remain the most effective strategy.
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By integrating routine surveillance data with dynamic RMP estimation, public health
agencies could develop early warning systems to detect epidemic shifts before widespread
transmission occurs. This approach aligns with precision public health principles, where
data-driven interventions are adapted in real time to maximize impact. As seen in other
infectious disease models, threshold-based monitoring frameworks can help guide timely
policy adjustments, ensuring that intervention resources are deployed efficiently based on
the evolving epidemic landscape. These findings highlight the potential of RMP tracking
as an operational tool for real-time epidemic control, bridging the gap between theoretical
modeling and practical intervention planning. Future research should explore integra-
tion with national HIV surveillance systems, evaluating how RMP-based insights can
enhance decision-making for resource allocation, outbreak preparedness, and long-term
epidemic mitigation.

The RMP framework, while developed in the context of HIV transmission dynamics,
has the potential to be adapted to other infectious diseases characterized by heterogeneous
transmission patterns. Many infectious diseases exhibit risk-stratified dynamics, where a
subset of the population drives the majority of transmission. Identifying thresholds similar
to the RMP could provide insights into epidemic control strategies beyond HIV.

For instance, in vector-borne diseases such as malaria or dengue, transmission is
highly dependent on environmental and behavioral factors, such as mosquito breeding
sites and human mobility. An RMP-like approach could help pinpoint critical intervention
thresholds, such as the minimum vector control coverage needed to prevent sustained
transmission. Similarly, in air-borne infections like tuberculosis or COVID-19, network-
driven transmission and superspreading events play a major role in epidemic propagation.
Applying the RMP concept to these diseases could help define thresholds where outbreaks
become self-sustaining, guiding strategies like targeted vaccination, isolation policies, or
environmental controls.

These extensions highlight the flexibility of the RMP framework in epidemic modeling
and public health intervention planning. While this study focuses on HIV, future research
should explore how RMP-based methodologies can be adapted to other infectious diseases,
broadening its applicability to diverse epidemic contexts.

4.3. Practical Implementation and Methodological Considerations

While the RMP offers a novel framework for prioritizing interventions, its real-world
application requires careful consideration of two key challenges: (1) the feasibility of
dynamically calculating the RMP in resource-limited settings, and (2) the operational defi-
nition of “high-risk groups” identified post-RMP. Calculating the RMP demands granular
behavioral and prevalence data stratified by risk, which may not be available in real time
in many settings. For example, in rural Malawi, limited surveillance infrastructure delayed
the identification of shifting thresholds during a recent HIV resurgence, underscoring the
need for strengthened data systems [62]. Additionally, translating model-derived risk
indices into actionable subgroups (e.g., sex workers, mobile populations) requires con-
textual adaptation. In Kampala, Uganda, mapping theoretical thresholds to geographic
hotspots enabled targeted PrEP distribution [63]. However, such successes hinge on part-
nerships between modelers and local stakeholders to align risk criteria with cultural and
epidemiological realities. A critical limitation of our methodology is its reliance on static
risk stratification, which may not capture behavioral fluidity or hidden populations (e.g.,
stigmatized groups). Future work should integrate machine learning and dynamic network
models to refine RMP estimation and adapt to evolving risk landscapes. These steps,
while resource-intensive, are essential to bridge the gap between theoretical thresholds and
impactful public health action.
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4.4. The Limitations of the Study

While this study provides valuable insights, several limitations must be acknowledged.
The model incorporates simplifications that may not fully capture the complexities of real-
world transmission. Parameters like the transmission probability (8) and mixing patterns
(®) are treated as static, not accounting for temporal changes due to behavioral shifts,
interventions, or evolving social networks. The absence of dynamic feedback mechanisms,
such as behavior changes in response to rising prevalence or prevention campaigns, may
oversimplify transmission dynamics. Estimating parameters such as heterogeneity («) and
risk group distributions is challenging, particularly in settings with limited behavioral data.

A key limitation of this methodology is its reliance on static risk stratification, which
may not capture behavioral fluidity or unmeasured risk factors (e.g., migration, stigma-
driven hidden populations). Future work should integrate dynamic risk assessments and
machine learning to refine real-time RMP estimation. However, in practical applications,
the feasibility of instantaneously calculating the RMP in real-world settings should be
considered. The identification of the RMP relies on numerical prevalence analysis, which
requires reliable surveillance data to assess epidemic transitions dynamically. This depen-
dency on high-resolution data may pose challenges in settings where data availability is
limited. Moreover, defining what constitutes a ‘high-risk group’ remains a critical con-
sideration when implementing interventions based on the RMP. In mathematical models,
high-risk groups are typically stratified based on behavioral factors such as contact rates
and partner concurrency, but in public health practice, these groups are often categorized
by demographic, occupational, or geographic factors. Thus, operationalizing RMP-based
interventions requires context-specific definitions of high-risk populations that align with
epidemiological evidence and available public health resources.

While this methodology provides a valuable framework for guiding interventions, its
reliance on dynamic surveillance data and precise group classification presents a potential
limitation that should be addressed in future research and policy applications. Further-
more, as shown in Figure 1 (right panel), estimates of the RMP were not feasible due to
the near-uniform transmission distribution in low-heterogeneity settings. At this level,
prevalence increased gradually across all risk groups, preventing the identification of a
distinct epidemic transition point.

The assumed risk group distributions and mixing patterns are generalized approxima-
tions and may not capture the distinctions among specific populations, such as cultural
practices or regional variations in sexual networks. The abstraction of the model from
empirical data and the exclusion of external interventions (e.g., ART, condom use) limit the
applicability of our findings to settings where such interventions are influencing epidemic
trajectories. Including these factors would enhance the realism of the model but also in-
crease its complexity. Additionally, the model does not account for other influences on HIV
transmission, such as co-infections with other sexually transmitted infections, variations
in viral strain virulence, or differences in access to healthcare services. This decision was
made to isolate intrinsic epidemic features without the confounding effects of external
disturbances. While this approach provides a clear view of the fundamental drivers of HIV
transmission, it limits the applicability of the findings to settings where such interventions
are actively shaping epidemic trajectories.

5. Conclusions

In conclusion, our study advances our understanding of HIV transmission dynamics
by identifying the RMP as a universal threshold that governs epidemic progression across
diverse contexts. The consistent patterns observed, such as the logistic growth of prevalence,
the exponential increase in the force of infection, and linear scaling of the RMP with risk
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group resolution, highlight intrinsic features of HIV epidemics that are robust to variations
in population structure and heterogeneity. By providing a unified framework that links
mathematical insights with epidemiological significance, the RMP concept offers valuable
guidance for public health interventions and future research. Our findings underscore the
importance of considering both individual risk behaviors and broader population dynamics
when addressing HIV epidemics. The RMP serves not only as a theoretical construct
but also as a practical tool for informing targeted interventions, resource allocation, and
surveillance efforts. Ultimately, the insights gained from this study contribute to more
effective strategies in the global fight against HIV. By expanding our understanding of the
fundamental mechanisms driving HIV transmission and epidemic progression, we can
develop interventions that are both efficient and impactful, reducing the burden of HIV on
individuals and societies worldwide.
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