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Abstract: Accurate representation of behavioral risk heterogeneity significantly influences the 

projections of Human Immunodeficiency Virus transmission models without receiving the deserved 

attention when models are structured. As a result, models widely vary in how they stratify risk and 

how individuals progress through risk groups. We systematically evaluated how these two structural 

features—the number of risk groups and assumptions about risk progression (comparing three 

mechanisms of fixed, age-based, or mixed risk)—shape epidemic projections. Using deterministic HIV 

models stratified by HIV stage and behavioral risk, we simulated populations over 250 years under 

standardized initial conditions. Our results show that risk-progression mechanisms strongly influence 

long-term epidemic behavior. Fixed-risk models gradually shift the population toward lower-risk 

groups, thus reducing HIV incidence over time. In contrast, age-based progression sustains a larger 

high-risk population and produces a substantially higher long-term incidence, while mixed progression 

yields intermediate outcomes. The granularity of risk stratification further modifies the projections: 

models with more risk groups generate significantly different incidence trajectories and equilibrium 

population sizes under age-based and mixed progression, whereas fixed-risk models produce similar 

long-term results with a different number of risk groups. These findings highlight that both 

risk-progression assumptions and the level of stratification can meaningfully alter HIV forecasts. 

Therefore, the careful treatment of population risk heterogeneity is essential to generate reliable 

projections and to guide intervention strategies. 
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1. Introduction 

Mathematical models have long been used to investigate problems in ecology and 

epidemiology [1–4]. Particularly, they have been essential tools when simulating Human 

Immunodeficiency Virus (HIV) epidemics, the cause of Acquired Immunodeficiency Syndrome (AIDS), 

across diverse settings and projecting the impact of prevention and treatment interventions [5–10]. These 

models are particularly valuable to evaluate policy options, anticipate future epidemic trajectories, and 

understand the mechanisms that shape transmission dynamics.  

A central feature of many HIV transmission models is the representation of risk heterogeneity, 

that is, the variation across individuals in their likelihood of acquiring HIV. Models that incorporate 

such heterogeneity through differences in sexual activity, partner selection, or behavioral patterns are 

better positioned to capture the skewed distribution of infection risk that characterizes HIV and other 

sexually transmitted infections. 

Despite its importance, risk heterogeneity is often simplified in large-scale epidemic estimation 

tools or national modeling frameworks. Many estimates rely on unstratified general-epidemic models 

that fit HIV prevalence curves without explicit subgroup structure [11] or on models that only use a 

few broad risk categories [12–14]. Typical implementations classify individuals into two to four groups 

representing gradients of sexual activity or behavioral risk—commonly distinguishing a small, 

disproportionately high-risk subgroup. However, previous studies indicate that such simplifications 

can meaningfully affect epidemic projections [15,16]. Models that only differ in the definition or 

number of risk groups may produce qualitatively distinct epidemic behaviors even when calibrated to 

similar average levels of risk. Prior work, including collaborative studies with Dr. Yang Kuang, has 

also shown that seemingly minor modeling choices—whether demographic assumptions not directly 

tied to HIV transmission [17,18], or the selection of evaluation metrics [19]—can meaningfully alter 

model predictions and, consequently, the public health conclusions drawn from them.  

Published models exhibit substantial variations in the level of detail used to represent risk 

heterogeneity. For example, a recent review of 154 agent-based HIV modeling studies found wide 

variations in the number of risk groups adopted: most models used four to six groups, some only used 

two or three, and others used seven or more [20]. Yet, while HIV transmission models are typically 

calibrated to epidemiologic outcomes such as HIV prevalence, incidence, or demographic 

characteristics, the parameters defining risk heterogeneity are rarely included as calibration targets. As 

a result, the realized distribution of risk—such as the proportion of individuals in each risk group or 

the magnitude of risk differences between groups—may shift during calibration or long-term 

simulations, and such shift may remain unnoticed if the evolution of risk distribution is not explicitly 

examined or reported. A separate review of models that evaluated HIV prevention interventions 

similarly concluded that population subgroups related to sexual risk or demographic characteristics are 

frequently underrepresented, despite their potential to substantially influence model outcomes [21]. 

These structural choices have far-reaching implications. Previous analyses have shown that the 

number of modeled risk strata can influence the basic reproduction number, shift model behavior 

across threshold regimes, or alter projections of treatment or prevention effectiveness—even when an 

average risk behavior is held constant across scenarios [15,16]. Another study demonstrated that 

employing a model with less granular risk assessment significantly underestimates the infectivity 

associated with symptomatic HIV [22]. Although the majority of population models are used for short- 

to medium-term projections (up to 50 years), many are run to quasi-equilibrium during calibration or 
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initiated at the hypothetical start of the HIV epidemic, which results in simulations that extend well 

beyond a century [23–25]. A recently published model comparison analysis evaluated expansions of 

pre-exposure prophylaxis (PrEP) use in South Africa over 20 years, which was obtained with 3 highly 

respected models [26]. Despite good alignment in HIV prevalence, HIV incidence, HIV care cascade 

and key intervention characteristics (coverage, efficacy and retention), models came up with 

substantially different impact projections. It was demonstrated that discrepancies are driven by the HIV 

risk distribution employed by each model. These examples underscore the need to understand how 

both the granularity of risk stratification and the assumptions governing risk progression across the 

life course influence long-term epidemic outcomes. 

In this study, we extend prior efforts by evaluating the dynamic behavior of HIV transmission 

models across a range of risk structure assumptions. We examine not only differences in the number 

of risk groups but also how individuals enter and move between these groups over time. By comparing 

models that vary in both granularity and progression rules, we assess how these structural decisions 

influence the HIV incidence, equilibrium population distributions, and overall epidemic burden.  

Through this systematic examination, we aim to clarify the conditions under which simplified models 

may mischaracterize HIV dynamics and to highlight the importance of accurately representing risk 

heterogeneity in HIV modeling structure assumptions.  

2. Materials and methods 

2.1. Model description 

We developed a set of deterministic, compartmental HIV transmission models to simulate HIV 

acquisition, transmission, and HIV-related mortality in a sexually active population. Individuals were 

assumed to be sexually active for an average of 30 years (Figure 1). Each model stratified the 

population by both HIV status—HIV-negative (susceptible, S), HIV-positive (infected, I), and AIDS 

(A)—and by behavioral risk, with individuals assigned to one of n ordered risk groups ranging from 

lowest (group 1) to highest (group n). The model equations are: 
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𝑑𝐴𝑛

𝑑𝑡
= 𝛾𝐼𝑛 − (𝜏𝑛

𝑛 + 𝜇𝑛
𝑛 + 𝛿)𝐴𝑛,

 
where 𝛬𝑖

𝑛 is the number of individuals who annually reach sexual activity age in risk group i, 𝜏𝑖
𝑛 is 

the rate at which individuals in risk group i transition to risk group i-1 as a result of risk reduction (no 

transition occurs into the group with highest risk and from the group with lowest risk), 𝜇𝑖
𝑛 is the 

departure rate at which individuals age out of the population (assumed 30 -years of sexual activity), γ 

is the rate at which HIV positive individuals develop AIDS, and δ is the HIV-related mortality among 

individuals with AIDS.  

 

Figure 1. Model schematics. 

The total number of adolescents reaching annually is chosen to generate realistic long-term 

population growth in the absence of HIV. The rate of acquiring HIV for individuals from risk group i 

is given by the force of infection as follows: 

𝜆𝑖
𝑛 = (∑

𝑇𝑖𝑗
𝑛𝐼𝑗

𝑆𝑗 + 𝐼𝑗

𝑛

𝑗=1

). 

Here, the transmission matrix Tn is derived from the diagonally dominant sexual-mixing matrix (Cn), 

which represents the likelihood of creating partnerships between different risk groups, the overall 

sexual activity that individuals from different risk groups have (Rn), and the average HIV acquisition 

risk per sex act (β) as follows: 

𝑇𝑖𝑗
𝑛 = 𝐶𝑖𝑗

𝑛𝑅𝑖
𝑛𝛽 

where 𝐶𝑖𝑗
𝑛 is the probability of a sexual partner of an individual from risk group i to be from risk group 
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j and satisfying ∑ 𝐶𝑖𝑗
𝑛𝑛

𝑗=1 = 1, 𝑅𝑖
𝑛

 is the weighted sexual activity that individuals from risk group i 

have, accounting for the number of sex acts, the prevalence of anal sex, and proportion of acts in which 

protection is used. Finally, β is the probability of HIV acquisition per a single unprotected exposure 

through vaginal sex.  

All simulations were initialized with 1% of the population living with HIV and were run for 200 

years under standardized initial conditions in order to reach long-term equilibrium. 

2.2. Model parameterization 

Table 1. Model parameters. 

Symbol Description Value Comment 

N0 Initial population size 1000 Assumed 

n Number of risk groups 1–6 Scenarios 

𝛬𝑖
𝑛 Annual recruitment, representing the number 

of individuals becoming sexually active 

annually 

Fixed risk: 𝛬𝑖
𝑛  = 36/n for all i 

Age-based risk: 𝛬𝑖
𝑛  =  0, i = 1 ... n-1, 

𝛬𝑛
𝑛  = 36  

Mixed risk*: 𝛬2  = [8 28], 

𝛬3  = [4 8 24], 

𝛬6  = [2 2 4 4 6 18]  

Fixed total, 

see 

Supplement 

for details 

𝜇𝑖
𝑛 Annual departure rate at which individuals in 

risk group i age out of the population 

Fixed risk: 𝜇𝑖
𝑛  = 1/30 for all i 

Age-based risk: 𝜇1
𝑛 = n/30, 

 𝜇𝑖 
𝑛  =  0, i = 2 ... n  

Mixed risk*: 𝜇2  = [
13

270
 

1

54
], 

𝜇3 = [
11

180
 

1

45
 

1

60
],𝜇6 = [

1

9
 

1

90
 

1

45
 

1

45
 

1

30
 0] 

Fixed total [5], 

see 

Supplement 

for details 

γ Annual rate at which HIV positive 

individuals develop AIDS 

0.1 [27] 

β Probability of HIV acquisition per 

unprotected vaginal sex 

0.002 [28] 

δ Annual HIV-related mortality rate among 

individuals with AIDS 

0.1 Adjusted** 

from [27] 

𝜏𝑖
𝑛 Risk progression rate, the rate at which 

individuals in risk group i transition to risk 

group i-1 as a result of risk reduction 

Fixed risk: 𝜏𝑖
𝑛  = 0 for all i 

Age-based risk: 𝜏𝑖
𝑛  = n/30, i = 2 ... n  

Mixed risk: 𝜏𝑖
𝑛  = n/60, i = 2 ... n 

Scenarios 

*Recruitment and departure rates for the mixed risk scenario are calculated to satisfy 2 conditions: i) constant annual 

recruitment and ii) all risk groups being equally represented in the equilibrium population in absence of HIV. Details on 

the parameter estimation are presented in the Supplement. 

2.3. Simulated scenarios  

To evaluate how assumptions about risk heterogeneity influence model projections, we simulated 

populations stratified in 1, 2, 3, and 6 risk groups with individuals equally distributed across groups at 
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model start. The contact matrix C and sexual-activity vector R were first specified for a 6-group 

population and then appropriately aggregated for models with fewer groups. Aggregation preserved 

the overall initial force of infection by averaging the matrix rows and columns and the corresponding 

activity levels (see Supplement). We explored two commonly used risk progression mechanisms: 

(i) fixed risk, in which individuals who enter the population are equally distributed across risk 

groups and remain in the same group throughout life. All groups share identical departure (aging out) 

rates. This approach is widely used in models that include multiple risk strata and assume risk is a 

static trait, [21] although some such models allow for transition between groups [29];  

(ii) age-based risk, in which all individuals join the highest risk group at sexual debut and progress 

to lower-risk groups as they aged. Aging-out only occurred from the lowest-risk group. This scenario 

reflects modeling approaches that use age as a proxy for risk or adopt risk strata without explicit 

transition rates [30,31].  

Generally speaking, in the fixed risk scenario, 100% of the individuals leave their risk group by 

aging out (population departures) and 0% by decreasing risk. In contrast, in the age-based scenario, 0% 

of individuals leave their risk groups (except the lowest risk group) by aging out and 100% by 

decreasing risk. Additionally, we explored a mixed risk scenario in which individuals progressed 

toward lower-risk groups at half the rate of the age-based scenario with recruitment and departure rates 

specified so that all risk groups were equally represented in the long-term HIV-free equilibrium (see 

Figure 1). This scenario represents the rollout of possible prevention interventions such as initiating a 

large proportion of individuals on PrEP. All three progression mechanisms were calibrated to generate 

broadly comparable population dynamics and long-term risk distributions when simulated in the 

absence of HIV. (see Figure 2A,B and Supplement for details). A complete description of sexual mixing 

assumptions and simulation scenarios is provided in the Supplement. 

2.4. Metrics of interest  

The following metrics were used to assess the influence of risk-structure assumptions: i) annual 

HIV incidence rate, defined as the percentage of HIV-negative individuals acquiring HIV each year; 

ii) population risk distribution, tracking the proportion of the population in each behavioral risk group 

over time; iii) population attributable fraction of HIV incidence (PAFi) associated with each risk group, 

calculated as the percentage of the annual new HIV occurring in each group, and iv) population 

attributable fraction of HIV transmission (PAFt) associated with each risk group, calculated as the 

percentage of new infections attributable to transmission from individuals in each risk group. These 

metrics were further synthesized to construct a population risk profile, defined as the cumulative 

fraction of total HIV acquisition risk borne by the riskiest α proportion of the population (α ∈ [0,1]). 

This representation allowed us to quantify how risk concentration evolves under different model 

structures and behavioral progression assumptions.  

3. Results 

3.1. Population dynamics under different risk-progression assumptions 

First, we compared the population dynamics projected by models with six behavioral risk groups 

to those produced by an unstratified model, evaluating outcomes both in the absence and presence of 
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HIV. Across all scenarios without HIV, simulations stabilized at the same long-term population size 

and maintained the initial uniform distribution of individuals across risk groups, confirming that the 

scenarios were structurally comparable (Figure 2A,B). Notably, the fixed-risk scenario, which includes 

no transitions between risk groups, produced identical population trajectories to the unstratified model. 

In contrast, the age-based and mixed-risk scenarios, which allow transitions, generated more rapid 

population growth toward equilibrium. 

Introducing HIV into the system led to substantial reductions in the overall population size 

(Figure 2C). The magnitude of this decline varied across scenarios: approximately 20% under fixed 

risk, 25% under age-based progression, and nearly 35% under the mixed risk mechanism. Notably, the 

unstratified model projected a larger population reduction (~30%) than the fixed and age-based 

six-group models, but a smaller reduction than the mixed model. These results highlight the strong 

influence of risk concentration and sexual-mixing structure on the long-term demographic outcomes. 

3.2. Short-term epidemic dynamics (up to 50 years)  

During the first 25–30 years, all risk-stratified models exhibited broadly similar population 

trajectories (even up to 50 years) as well as HIV incidence and HIV prevalence patterns (Figure 2C–F), 

with differences emerging afterwards. Models incorporating risk heterogeneity produced higher 

HIV-related mortality over the initial decades, thereby reducing population size more rapidly than the 

unstratified model. 

Among the risk-progression mechanisms, the age-based scenario initially produced lower HIV 

incidence than the fixed or mixed scenarios. This pattern reversed after approximately 20–30 years, 

because the age-based model’s incidence continued to rise and eventually stabilized at a substantially 

higher long-term level (Figure 2D). These early dynamics reflect the combined influence of the initial 

population structure, patterns of risk depletion, and the inflow of high-risk individuals at sexual debut. 

3.3. Long-term epidemic dynamics  

Simulated scenarios generated highly diverse long-term HIV incidence patterns, with as much as 

a five-fold difference between the lowest and highest projections (Figure 2D). These differences 

underscore the importance of risk-progression assumptions. The fixed risk scenario produced a 

population with progressive preference for low-risk groups, which became noticeable after 20 years. 

This could be attributed to the depletion of high-risk groups under epidemic pressure, causing the 

population to shift over time toward lower-risk categories (see Figure S2). This phenomenon, also 

reported in other studies [32], produced a steady decline in the overall population risk and, 

consequently, a substantial long-term reduction in HIV incidence. In contrast, the age-based scenario 

maintained a large high-risk population because all new recruits entered the highest-risk group and 

many died before progressing to lower-risk categories. This produced a sustained concentration of 

high-risk individuals and generated persistently high long-term HIV incidence. This pattern is 

consistent with observed demographic shifts in high-burden African settings, where HIV has reshaped 

the population age structure [33–35]. The mixed risk scenario produced intermediate behavior. 

Allowing for both risk reduction and aging-out generated a more balanced long-term distribution of 

risk groups. and resulted in HIV incidence which increased less dramatically than in the age-based 

model but remained substantially higher than in the unstratified model. 



2314 

Mathematical Biosciences and Engineering  Volume 23, Issue 8, 2307–2322. 

 

Figure 2. Population dynamics in the presence and absence of HIV for a model with six 

risk groups. A) Total population size over time in the absence of HIV; B) Equilibrium risk 

group distribution in absence of HIV; C) Total population size over time in the presence of 

HIV and D) Annual HIV incidence over time; E) HIV prevalence over time; F) Annual 

HIV-related deaths over time. 

Long-term prevalence and mortality trends broadly mirrored the incidence across all three 

mechanisms (Figure 2E,F). Interestingly, the age-based model—with the highest HIV incidence—did 

not experience the largest population decline because the population became younger over time, 
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offsetting some of the increased HIV-related mortality. 

3.4. Evolution of risk distribution and incidence concentration 

Figure 3 illustrates how the behavioral risk distribution and the concentration of HIV incidence 

evolve over time under each risk-progression mechanism. Risk-progression assumptions strongly 

shaped both the population-level distribution of individuals across behavioral risk groups and the 

fraction of incident infections attributable to each group.  

In the fixed-risk scenario, the depletion of high-risk groups caused the population to shift 

increasingly toward lower-risk categories. As a result, HIV incidence became more concentrated 

among a shrinking population subgroup, thereby steepening the slope of the risk-profile curves and 

moving them farther from the diagonal, representing equal risk across the population. Conversely, in 

the age-based scenario, high-risk groups expanded over time due to continual recruitment into the 

highest-risk category. This produced a more uniform long-term distribution of behavioral risk and 

risk-profile curves that approached the diagonal, indicating a more even distribution of HIV 

acquisition risk. Notably, the mixed-risk scenario largely preserved its initial risk structure over 

time. Although some increase in the risk concentration occurred, the effect was less pronounced 

than in the fixed-risk model. 

 

Figure 3. Evolution of risk distribution over time for a model with six risk groups. A)–C) 

Proportion of the HIV incidence which occurs among the riskiest fraction of the population 

(on x-axis) under different risk progression scenarios at different time points. Circles 

delineate risk groups in decreasing order of riskiness; D)–F) Population composition by 

risk groups at different time points. 
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3.5. Effects of increasing risk granularity 

Next, we evaluated how the number of behavioral risk groups (1, 2, 3, or 6) affected epidemic 

projections under each risk-progression mechanism (Figure 4). Several patterns emerged: i) in the short 

term (first 20–30 years), the population size projections were similar across all models, regardless of 

the number of risk groups, even when incidence differed; ii) in the following intermediate period (up 

to 75 years), models incorporating risk stratification projected sharper population declines than the 

unstratified model, reflecting elevated HIV-related mortality within higher-risk groups, and iii) in the 

long term (100 + years) models with more granular risk assessment (more risk groups) maintained 

larger long-term population size when using the age-based risk progression mechanism but resulted in 

smaller long-term population size when mixed risk progression is employed. Increasing the number of 

risk groups significantly elevated long term HIV incidence under age-based and mixed scenarios, with 

the largest differences observed with age-based progression. (Figure 4D,E). This confirms the 

importance of the proper risk assessment when either risk mechanism is used. Interestingly, in the fixed 

risk scenario, long-term incidence and equilibrium population size were nearly identical for models 

with 2, 3, or 6 groups (Figure 4C,F). This suggests that two risk groups may be sufficient when using 

a fixed-risk structure, as higher resolutions have little influence on the model projections.  

  

Figure 4. Population dynamics in presence of HIV for models with different number of 

risk groups. A)–C) Total population size over time for different risk progression scenarios; 

D)–F) Annual HIV incidence over time for different risk progression scenarios.  

Additionally, we examined the equilibrium distribution of HIV risk across populations stratified 

by 1, 2, 3, or 6 risk groups (Figure 5). Overall, we did not find significant impact of risk group 

resolution on the projected population risk profile in the long-term, especially under fixed risk and 

mixed risk scenarios (Figure 5B,C). In the age-based scenario, increasing the number of risk groups is 

associated with a higher but more uniformly distributed HIV burden (Figure 4D vs. Figure 5A). In the 

mixed risk scenario, adding more risk groups increased the HIV burden without affecting the risk 
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concentration (Figure 4E vs. Figure 5B). All risk-stratified scenarios are associated with some level of 

risk concentration compared to a homogeneous risk assumption (single risk group).  

Analyses of the population attributable fraction of HIV incidence (PAFi) and HIV transmission 

(PAFt) showed that high-risk groups consistently contributed disproportionately to new infections 

(Figures S2 and S3). However, in the fixed risk scenario, the PAFi contribution of the riskiest group 

substantially decreased over time compared to models with risk progression (age based and mixed) 

due to the fast depletion of this group (see Figure S2I, light blue).  

 

Figure 5. Equilibrium risk distribution for models with different number of risk groups. 

A)–C) Proportion of the HIV incidence which occurs among the riskiest subpopulation 

under different risk progression scenarios. Circles delineate risk groups in decreasing order 

of riskiness; D)–F) Equilibrium population distribution by risk groups. 

4. Discussion 

Our analysis demonstrates that assumptions about behavioral risk heterogeneity—both in terms 

of how individuals move through risk strata over their lifetimes and how finely risk groups are 

represented—can substantially alter epidemic projections. Even when models share identical initial 

conditions, different risk-progression mechanisms (fixed, age-based, or mixed) generate distinct 

long-term patterns of HIV incidence, mortality, and population structure. These findings highlight that 

the representation of behavioral risk is not a minor modeling choice but a core structural assumption 

that can meaningfully influence the conclusions drawn from HIV transmission models. 

Across scenarios, we observed that the mechanism governing risk progression strongly shapes 

the distribution of population risk and the concentration of HIV burden. Models with fixed risk, which 

allow no downward risk transitions, produced long-term declines in the overall population risk because 
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high-risk groups were progressively depleted by HIV. As a result, HIV incidence became increasingly 

concentrated among a shrinking fraction of the population. In contrast, models that employed 

age-based risk progression generated a larger and more persistent high-risk population by placing all 

new entrants into the highest-risk group. This produced more uniform distributions of both population 

risk and incidence across risk groups, leading to substantially higher long-term HIV burden. 

Mixed-risk models fell between these extremes, thereby maintaining a balanced risk distribution over 

time and producing intermediate epidemic trends. 

We demonstrated that the number of risk groups in the model structure can influence epidemic 

trajectories as strongly as the choice of risk-progression mechanism. Even when using the same 

behavioral-progression assumptions, models with fewer risk groups tended to underrepresent the 

distribution of risk and mischaracterize the long-term population structure compared with more 

granular models. Increasing the number of risk groups generally amplified differences in incidence 

and equilibrium population size—particularly under age-based and mixed risk progression—

because finer stratification allows for stronger differentiation in sexual activity and mixing patterns. 

Notably, fixed-risk models were comparatively insensitive to the number of groups; in these 

scenarios, models with two, three, or six groups produced similar long-term outcomes, suggesting 

that highly granular stratification may offer limited benefits when risk is assumed to remain 

constant throughout life. 

These findings have implications for public-health decision making. Under certain 

risk-progression assumptions, models with different levels of granularity can produce divergent 

assessments of which population subgroups contribute most to transmission and, consequently, where 

interventions should be targeted. Models with only a few risk groups may suggest prioritizing the 

highest-risk individuals, whereas more detailed models reveal that moderate-risk groups can also 

substantially contribute to new infections and may offer important opportunities for intervention 

impact. Such discrepancies could lead to different conclusions about the allocation and expected 

effectiveness of prevention strategies, particularly in settings where the behavioral risk is 

heterogeneous and dynamic. 

This study has several limitations. We did not explicitly include the full HIV care continuum, 

such as stages of linkage to care, antiretroviral therapy (ART) initiation, viral suppression, or 

treatment interruptions. As a result, the modeled dynamics most closely resemble early-epidemic 

conditions [36,37]. We also did not incorporate explicit prevention interventions (e.g., PrEP) or 

calibrate the model to a specific epidemic setting. Nonetheless, the annual AIDS mortality rate 

predicted by our simulations is considerably lower than that observed at the peak of the epidemic 

and only about twice the rate reported in the United States over the past decade [38], suggesting that 

existing prevention and treatment effects are indirectly reflected in our parameterization. Finally, the 

projected impact of risk heterogeneity in our analysis depends on the specific assumptions on 

between-group risk differences and sexual mixing. Our goal was to provide a conceptual 

demonstration of how risk-related assumptions influence epidemic projections; future work will 

extend these analyses using more realistic, setting-specific models and explicitly evaluate the 

implications for modern HIV prevention strategies. 
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5. Conclusions 

Overall, our results underscore that accurate projections of HIV burden require both sufficiently 

detailed risk stratification and realistic assumptions about how behavioral risk evolves over time. 

Models that overlook these structural dimensions risk misrepresenting epidemic potential and drawing 

misleading conclusions about intervention priorities. At the same time, parameterizing models with 

multiple risk groups can be challenging and may not always be feasible. By systematically evaluating 

the interplay between model granularity and risk progression, this study highlights the importance of 

thoughtfully representing behavioral heterogeneity in HIV transmission models and provides a 

foundation for future work aimed at improving the fidelity and policy relevance of such models. 
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