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Abstract 

 

Disease outbreaks caused by existing and emerging pathogens pose a serious threat to local 

and global communities in the form of epidemics and pandemics, respectively. The 2009 H1N1 

pandemic and the 2019 COVID-19 pandemic are exemplars of how underprepared both the 

developed and developing nations are at mitigating pandemics.  

Mathematical modeling and simulation of disease outbreaks has served as a powerful tool 

to understand disease transmission dynamics. They also aid in developing effective intervention 

strategies. However, existing models are usually particularized to a region, or a specific disease 

pathogen and interventions used in these models may not translate well to novel outbreaks or 

existing epidemics in another region. This could be due to the dynamic nature of evolving 

population demographics and disease parameters. Fully understanding the time-varying 

transmission dynamics of diseases, the effect of disease outbreaks on varying population 

demographics, the impact of effective interventions (both pharmaceutical and non-

pharmaceutical), is imperative for epidemic and pandemic preparedness.  

The goal of this dissertation is to propose frameworks and methodologies that model 

epidemics or pandemics and implement them to derive useful insights for intervention strategies 

that effectively mitigate disease burden in a population. Simulation models such as agent-based 

(AB) and compartmental approaches are implemented to closely follow the epidemic outcomes in 

regional outbreaks. The modeling frameworks presented in this dissertation have been used to 

simulate both novel disease outbreaks (COVID-19) and ongoing regional epidemics (HIV/AIDS). 

Combinations of varying levels of intervention measures are applied within the models to assess 



 x

the impact of the interventions, and the changes in trends of epidemic outcomes. Information and 

insights derived from these models aim to help policy makers with informed decision-making and 

improve public health metrics during an epidemic.  
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Chapter 1:  Introduction 

 

 In the past, mathematical models have served as powerful tools for prediction of disease 

outbreak outcomes and public health decision making, especially in the wake of pandemics and 

epidemics [1]. In recent times, the COVID-19 pandemic has underscored the need for such models 

and their contribution in public health decision making, thus, there has been an explosive growth 

in literature for mathematical models that mimic epidemics and pandemics and develop 

intervention measures. Despite such plethora of studies, gaps in implementation of interventions 

derived from them to real-time policy has become increasingly evident. This could be caused by 

the manner in which interventions are designed in studies, type of interventions implemented, risk 

groups modeled, outcomes analyzed, socio-economic factors considered, among others [2]. 

Therefore, although existing models have filled a lot of existing research gaps, there appears to be 

a continuous need in developing innovative and insightful models that can adapt to changing 

dynamics of pathogens, populations, and interventions. 

 The objective of this dissertation is first, to develop mathematical simulation models that 

can mimic the transmission of infectious diseases in a population, and second, to develop effective 

intervention measures, and third, assess the impact of such interventions on the disease outcomes 

in a population. We developed AB models, and compartmental simulation models to evaluate the 

COVID-19 and HIV/AIDS epidemics in regions in the United States.  

A granular AB model was developed to closely follow the COVID-19 disease outbreak 

outcomes (number of age-specific reported infections, hospitalizations, and deaths) in an urban 

region (considering Miami-Dade County, FL, U.S.A. as a case study). We implemented social 
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interventions such as full and partial stay at home orders, face mask usage, contact tracing and 

performed a sensitivity analysis on some interventions (face mask usage and contact tracing) and 

identified levels and combinations of interventions that would closely follow the epidemic 

outcomes and reduce the disease outbreak outcomes to statistically significant values. The 

methodology and results are explained in detail in Chapter 2.  

 The AB modeling framework was extended to implement school reopening (following 

intervention timelines implemented in the case-study region of Miami-Dade County, FL, U.S.A) 

at various levels of percentage return to school. A sensitivity analysis was performed on the 

transmission coefficient among students in a school (due to lack of data to calibrate transmission 

coefficient to age-specific reported infections in a school setting). The results of this study are 

presented in Chapter 3.  

 The AB model was recalibrated to follow outcomes (continuing to follow intervention 

timelines implemented in the case-study region of Miami-Dade County, FL, U.S.A) till early 

December 2020, and a vaccination framework is embedded. The model evaluated three different 

vaccine prioritization strategies (random strategy, age-specific strategy, and minor variant of CDC 

strategy). The epidemic outcomes (reported infections, hospitalizations, and deaths) from each of 

the three strategies are compared with no vaccination scenario to identify the most effective 

prioritization strategy. The results of this study are presented in Chapter 4.  

 A compartmental model was developed to simulate the COVID-19 epidemic in a 

residential university setting (University of Massachusetts-Amherst). The study analyzed 

combinations and levels of testing (symptom-based testing, mass testing, and tracing and testing) 

on thresholds of contact rate for non-essential workers, and population size on campus that would 

keep reported infections and deaths below three measures of tolerance (relaxed, medium, and 
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tight). The study also assessed combinations and levels of testing and relative levels of vaccine 

coverage and population size. The results of this study are presented in Chapter 5.  

 A compartmental model was developed to simulate the HIV/AIDS epidemic in the U.S. 

The study develops a jurisdictional model initialized to HIV epidemic data for 2018 and projects 

epidemic outcomes (incidence, prevalence, diagnoses, and deaths) till 2030. The model simulated 

geographical heterogeneity as outlined in the national HIV prevention plan: Ending the HIV 

Epidemic (EHE) plan, and applied interventions to reach the care continuum targets as per the 

EHE plan. The objective of the model was to evaluate if mixing between jurisdictions and 

jurisdictional heterogeneity is important in time varying outcomes and decisions. The results of 

this study are presented in Chapter 6. 

1.1  Research Contribution 

Individual research contribution for each study is highlighted in the respective chapters. In 

what follows, an overview of the research contribution and broader impacts are presented.  

1.1.1  Developing a Granular Simulation Modeling Framework for Region-Specific Epidemics 

 Literature for COVID-19 modeling largely consisted of compartmental models that 

simulated SEIR (Susceptible-Exposed-Infected-Recovered/Removed) framework or relative 

extensions. Compartmental models are effective in modeling movement of aggregate populations 

across stages of disease but assume uniform mixing. Thus, they fail to capture special transmission 

dynamics (which could relate to occupation-level, age-specific, and gender-specific mixing) that 

may play a significant role for certain infectious diseases such as COVID-19. In the study 

presented in Chapter 2, a highly granular AB model was developed that considered comprehensive 

population demographics of a region and embedded it with the disease transmission model of 

COVID-19. The combination of a granular population structure combined with a disease 
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transmission model enabled the simulation to closely follow the epidemic outbreak in the case 

study region. The simulation model reports actual infected and reported infections, thus, allowing 

us to assess the true and relative impact of interventions in a population. The AB simulation model 

is also stochastic in nature, thus naturally modeling uncertainties of various input parameters, 

which is contrasting to the deterministic nature of the compartmental simulation model. 

Interventions implemented in the case study region can be applied to similar urban region that have 

similar population demographics. Further, the AB model can be particularized to other regions or 

other disease outbreaks that share disease dynamics of COVID-19. The model is built to be 

dynamic and thus can evaluate changes to disease transmission dynamics (changing 

transmissibility of virus, changing rate of hospitalization and deaths for specific age groups), 

interventions, and population demographics, and can apply real-time interventions applied to the 

case study region. The model was also used to identify effective COVID-19 vaccine prioritization 

strategies (presented in Chapter 4) which can be helpful for public health decision makers in 

regions which are still actively disseminating the vaccine among their population.  

1.1.2  Developing Policies for Safe School/University Reopening During an Epidemic 

 When the COVID-19 pandemic hit the world in early 2020, school closure along with 

lockdown was implemented immediately across the U.S., (and the world). However, during Fall 

2020, academic institutions debated on 1) how to safely reopen campuses, and 2) what would the 

impact of the reopening be on the epidemic. The compartmental model developed for a university 

setting (presented in Chapter 5) allows us to address the first question, i.e., how to safely reopen 

campuses and what levels of testing and vaccination resources (two key interventions) would be 

required. The AB model developed to evaluate impact of school reopening (presented in Chapter 
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3) would address the second question, i.e., what would be the impact of region wide school 

reopening on the epidemic outcomes.  

1.1.3  Identifying Impact of Jurisdictional Mixing and Heterogeneity on National Epidemic 

 HIV/AIDS is a disease that is transmitted primarily by sexual interactions and injecting 

drug use. In the U.S. HIV is national epidemic and several models have evaluated either nationally 

aggregate model or individual level jurisdictional models. National level models are useful in 

projecting epidemic outcomes over time and developing nation-wide policies, but they do not 

consider the jurisdictional heterogeneity in population demographics and care, or the interactions 

between jurisdictions. Similarly, individual models specific to each jurisdiction are evaluated 

independently, which also ignore the interactions between jurisdictions. To address these gaps, a 

national HIV model was developed that split the model into individual jurisdictions and simulated 

mixing between these jurisdictions. Mixing of sexual partners across jurisdictions can have a 

significant impact on new infections and decisions taken to mitigate the disease burden. However, 

there are no models in literature that can evaluate mixing on a nation-wide level (especially for the 

U.S.). The compartmental model for HIV (presented in Chapter 6) can assess both, the impact of 

mixing, and changes to population demographics on an individual level for each jurisdiction on 

the epidemic. The model can also estimate levels of interventions to meet targets for each 

individual jurisdiction. This model can be replicated for other nations, or even evaluated to 

represent global mixing for HIV or other disease where mixing plays a role in transmission. 
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Chapter 2:  Impact Assessment of Full and Partial Stay-at-Home Orders, Face Mask  

 

Usage, and Contact Tracing: An Agent-Based Simulation Study of COVID-19 for an  

 

Urban Region 

 

The complete article titled “Impact assessment of full and partial stay-at-home orders, face 

mask usage, and contact tracing: An agent-based simulation study of COVID-19 for an urban 

region” [3] (published in Global Epidemiology) can be found in Appendix C. This article presents 

the framework for an agent-based model that simulates COVID-19 epidemic in an urban region in 

the U.S. (Miami-Dade County). The simulation model is particularized for the region of study with 

demographics obtained from U.S. census. The model closely follows the epidemic in the region of 

study and implements several non-pharmaceutical interventions implemented in the U.S., such as 

stay-at-home orders (or lockdowns), face mask usage, contact tracing, and phased reopening of 

businesses and workplaces. The study assesses the impact of these interventions and derives useful 

insights on how to significantly reduce the disease burden of the epidemic by implementing them. 

2.1  Abstract 

Social intervention strategies to mitigate COVID-19 are examined using an agent-based 

simulation model. Outbreak in a large urban region, Miami-Dade County, Florida, USA is used as 

a case study. Results are intended to serve as a planning guide for decision makers. 

The simulation model mimics daily social mixing behavior of the susceptible and infected 

generating the spread. Data representing demographics of the region, virus epidemiology, and 
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social interventions shapes model behavior. Results include daily values of infected, reported, 

hospitalized, and dead.  

Results show that early implementation of complete stay-at-home order is effective in 

flattening and reversing the infection growth curve in a short period of time. Whereas, using 

Florida's Phase II plan alone could result in 75% infected and end of pandemic via herd immunity. 

Universal use of face masks reduced infected by 20%. A further reduction of 66% was achieved 

by adding contact tracing with a target of identifying 50% of the asymptomatic and pre-

symptomatic.  

In the absence of a vaccine, the strict stay-at-home order, though effective in curbing a 

pandemic outbreak, leaves a large proportion of the population susceptible. Hence, there should 

be a strong follow up plan of social distancing, use of face mask, contact tracing, testing, and 

isolation of infected to minimize the chances of large-scale resurgence of the disease. However, as 

the economic cost of the complete stay-at-home- order is very high, it can perhaps be used only as 

an emergency first response, and the authorities should be prepared to activate a strong follow up 

plan as soon as possible. The target level for contact tracing was shown to have a nonlinear impact 

on the reduction of the percentage of population infected. Increase in contact tracing target from 

20% to 30% appeared to provide the largest incremental benefit.  
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Chapter 3:  Impact of School Reopening on Pandemic Spread: A Case Study Using an 

 

 Agent-Based Model for COVID-19 

 

The complete article titled “Impact of school reopening on pandemic spread: A case study 

using an agent-based model for COVID-19” [4] (published in Infectious Disease Modelling) can 

be found in Appendix D. This article utilizes an agent-based model particularized to an urban 

region in the U.S. (Miami-Dade County, FL), to assess the impact of school reopening on the 

COVID-19 pandemic spread. The study performs a sensitivity analysis on two important factors 

that impact pandemic spread within schools: levels of student return to campuses, and levels of 

transmission probability. The study aims to assist policy makers in reopening schools in urban 

regions and assess the impact of varying levels of return and transmission probability on the 

pandemic outcomes of the region.  

3.1  Abstract 

 This article examines the impact of partial/full reopening of school/college campuses on 

the spread of a pandemic using COVID-19 as a case study. The study uses an agent-based 

simulation model that replicates community spread in an urban region of U.S.A. via daily social 

mixing of susceptible and infected individuals. Data representing population demographics, 

SARS-CoV-2 epidemiology, and social interventions guides the model’s behavior, which is 

calibrated and validated using data reported by the government. The model indicates a modest but 

significant increase (8.15 %) in the total number of reported cases in the region for a complete 

(100%) reopening compared to keeping schools and colleges fully virtual. For partial returns of 

75% and 50%, the percent increases in the number of reported cases are shown to be small (2.87% 
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and 1.26%, respectively) and statistically insignificant. The AB model also predicts that relaxing 

the stringency of the school safety protocol for sanitizing, use of mask, social distancing, testing, 

and quarantining and thus allowing the school transmission coefficient to double may result in a 

small increase in the number of reported infected cases (2.14%). Hence for pandemic outbreaks 

from viruses with similar characteristics as for SARS-CoV-2, keeping the schools and colleges 

open with a modest campus safety protocol and in-person attendance below a certain threshold 

may be advisable.  
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Chapter 4:  Impact of Vaccine Prioritization Strategies on Mitigating COVID-19: An  

 

Agent-Based Simulation Study Using an Urban Region in the United States 

 

The complete article titled “Impact of Vaccine Prioritization Strategies on Mitigating 

COVID-19: An Agent-Based Simulation Study using an Urban Region in the United States” [5] 

(submitted to BMC Medical Research Methodology) can be found in Appendix E. This article 

utilizes an agent-based model particularized to an urban region in the U.S. (Miami-Dade County, 

FL) and compares three vaccination prioritization strategies to evaluate which yields the most 

beneficial outcomes during a pandemic. The study aims to aid policy makers around the world 

(especially those belonging to urban regions) in identifying risk groups that need prioritizing 

during limited vaccine supply.  

4.1  Abstract 

Approval of novel vaccines for COVID-19 had brought hope and expectations, but not 

without additional challenges. One central challenge was understanding how to appropriately 

prioritize the use of limited supply of vaccines. This study examined the efficacy of the various 

vaccine prioritization strategies using the vaccination campaign underway in the U.S. 

The study developed a granular agent-based simulation model for mimicking community 

spread of COVID-19 under various social interventions including full and partial closures, 

isolation and quarantine, use of face mask and contact tracing, and vaccination. The model was 

populated with parameters of disease natural history, as well as demographic and societal data for 

an urban community in the U.S. with 2.8 million residents. The model tracks daily numbers of 

infected, hospitalized, and deaths for all census age-groups. The model was calibrated using 



11 
 

parameters for viral transmission and level of community circulation of individuals. Published data 

from the Florida COVID-19 dashboard was used to validate the model. Vaccination strategies were 

compared using a hypothesis test for pairwise comparisons.  

Three prioritization strategies were examined: a minor variant of CDC’s recommendation, 

an age-stratified strategy, and a random strategy. The impact of vaccination was also contrasted 

with a no vaccination scenario. The study showed that the campaign against COVID-19 in the U.S. 

using vaccines developed by Pfizer/BioNTech and Moderna 1) reduced the cumulative number of 

infections by 10% and 2) helped the pandemic to subside below a small threshold of 100 daily new 

reported cases sooner by approximately a month when compared to no vaccination. A comparison 

of the prioritization strategies showed no significant difference in their impacts on pandemic 

mitigation.  

Even though vaccines for COVID-19 were developed and approved much quicker than 

ever before, their impact on pandemic mitigation was small as the explosive spread of the virus 

had already infected a significant portion of the population, thus reducing the susceptible pool. A 

notable observation from the study is that instead of adhering strictly to a sequential prioritizing 

strategy, focus should perhaps be on distributing the vaccines among all eligible as quickly as 

possible, after providing for the most vulnerable. As much of the population worldwide is yet to 

be vaccinated, results from this study should aid public health decision makers in effectively 

allocating their limited vaccine supplies.  
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Chapter 5:  Threshold Analyses on Combinations of Testing, Population Size, and Vaccine  

 

Coverage for COVID-19 Control in a University Setting 

 

The complete article titled “Threshold analyses on combinations of testing, population size, 

and vaccine coverage for COVID-19 control in a university setting” [6] (published in PLOS One) 

can be found in Appendix G. This article presents the framework for a compartmental SEIR-type 

(Susceptible Exposed Infected Recovered/Removed) model that simulates the COVID-19 

epidemic in a residential university setting in the U.S. (University of Massachusetts, Amherst, 

MA). The simulation model is particularized for the university using demographics obtained from 

census and literature. The study identifies threshold levels for combinations of testing 

(symptomatic testing, tracing and testing, mass testing), contact rates, vaccine coverage, and 

population sizes that can keep the epidemic in the university below certain levels of tolerance. 

Threshold levels were evaluated for three tolerances (relaxed, medium, and tight). The study also 

implemented varying coefficients of transmission and contact rates based on interventions (such 

as social distancing and face mask usage). The study derives useful insights into preparedness for 

residential campuses across the country when deciding to reopen amid a pandemic. It also provides 

trade-offs to policy makers to decide what levels of resources might be required to create safe 

reopening possible for students, faculty, and staff. 

5.1  Abstract 

 We simulated epidemic projections of a potential COVID-19 outbreak in a residential 

university population in the United States under varying combinations of asymptomatic tests (5% 

to 33% per day), transmission rates (2.5% to 14%), and contact rates (1 to 25), to identify the 
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contact rate threshold that, if exceeded, would lead to exponential growth in infections. Using this, 

we extracted contact rate thresholds among non-essential workers, population size thresholds in 

the absence of vaccines, and vaccine coverage thresholds. We further stream-lined our analyses to 

transmission rates of 5 to 8%, to correspond to the reported levels of face-mask-use/physical-

distancing during the 2020 pandemic. 

Our results suggest that, in the absence of vaccines, testing alone without reducing 

population size would not be sufficient to control an outbreak. If the population size is lowered to 

34% (or 44%) of the actual population size to maintain contact rates at 4 (or 7) among non-essential 

workers, mass tests at 25% (or 33%) per day would help control an outbreak. With the availability 

of vaccines, the campus can be kept at full population provided at least 95% are vaccinated. If 

vaccines are partially available such that the coverage is lower than 95%, keeping at full population 

would require asymptomatic testing, either mass tests at 25% per day if vaccine coverage is at 63-

79%, or mass tests at 33% per day if vaccine coverage is at 53-68%. If vaccine coverage is below 

53%, to control an outbreak, in addition to mass tests at 33% per day, it would also require lowering 

the population size to 90%, 75%, and 60%, if vaccine coverage is at 38-53%, 23-38%, and below 

23%, respectively. 

Threshold estimates from this study, interpolated over the range of transmission rates, can 

collectively help inform campus level preparedness plans for adoption of face mask/physical-

distancing, testing, remote instructions, and personnel scheduling, during non-availability or 

partial-availability of vaccines, in the event of SARS-Cov2-type disease outbreaks. 
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Chapter 6:  Evaluating the Sensitivity of Jurisdictional Heterogeneity and Mixing in  

 

National-Level HIV Prevention Analyses: Context of the U.S. Ending the HIV Epidemic  

 

Goal 

 

6.1  Introduction 

In the United States (U.S.), there were an estimated 1.18 million people living with HIV 

(PWH) as of 2019, and an estimated average of 36,500 new infections each year between 2015 

and 2019 [7]. Although HIV disease has no cure, consistent use of antiretroviral therapy treatment 

(ART) by infected persons can fully suppress viral load, thus preventing transmissions [8]. Further, 

pre-exposure prophylaxis (PrEP) for high-risk susceptible individuals can reduce HIV acquisition 

by 99% [9]. However, there are considerable gaps in administering these preventive tools. As of 

2019, nationally, 87% of PWH were aware of their infection(proportion aware), but only 66% of 

those aware were on ART with viral load suppression (proportion with VLS) [10]. Among 

susceptible persons with PrEP eligibility, only 23% were administered PrEP. In addition, there is 

considerable heterogeneity in these care gaps by age, risk-group, and jurisdictions. Across 

geographical jurisdictions in the U.S., the proportion aware ranged from 80% to 96%, the 

proportion with VLS ranged from 49% to 83%, and PrEP coverage ranged from 6% to 93% [10]. 

Taking these jurisdictional disparities into consideration, the most recent U.S. national strategic 

plan, Ending the HIV Epidemic (EHE), in addition to continuing the age and risk-group focused 

efforts as in the previous national plan, also aims for jurisdictional focused efforts. Specifically, 

the EHE plan first aims to reduce national incidence by 75% by 2025 by focusing prevention 

efforts in 50 counties and 7 states (we will refer to these as the EHE jurisdictions), which had 
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accounted for more than 50% of nationwide diagnoses in 2017, and secondly reduce incidence by 

90% by 2030 by expanding prevention efforts to the rest of the nation (we will refer to these as the 

non-EHE jurisdictions) [11]. The goal of the EHE plan is to reach care continuum targets of 95-

95-95 (i.e., 95% awareness among PWH, 95% linkage to care among those aware, and 95% VLS 

among those aware) and PrEP target of 50% coverage among eligible, by 2025 in EHE 

jurisdictions, and by 2030 in all jurisdictions nation-wide [12]. 

Mathematical models play a key role in evaluating alternative combination interventions 

that are most-effective in achieving the EHE incidence goal. Recent literature includes multiple 

jurisdiction-specific models [6–13] and national-level models [21,22] that have conducted 

intervention analyses related to the U.S. EHE plan. The jurisdiction-specific models cover 6 EHE 

jurisdictions (Atlanta, Baltimore, Los Angeles, Miami, New York, and Seattle), however, each 

jurisdiction is evaluated independently, which ignores the interactions between jurisdictions. On 

the other hand, the national-level models do not consider the jurisdictional heterogeneity in 

population demographics and care, or the interactions between jurisdictions. In addition to the 

jurisdictional heterogeneity in care noted above, data show considerable jurisdictional differences 

in population size of men-who-have-sex-with-men (MSM) [23], who are a key high risk-group for 

HIV. Data also show significant partnership mixing between persons of different jurisdictions [24–

27]. These data suggest that there is potential for strategies adopted in one jurisdiction to influence 

the nation-wide HIV incidence. However, these interactions between heterogeneous jurisdictions 

have not been studied, and thus, it is not clear if and to what extent it would alter the epidemic 

projections or decisions inferred through independent jurisdiction-specific models or generalized 

national-level models as those available in the current literature.  
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To address these gaps in literature, we developed a national HIV epidemic compartmental 

simulation model representative of the U.S. population and split into 96 jurisdictions. These 

jurisdictions represent 54 EHE jurisdictions (47 counties and 7 states) and the remaining represent 

42 non-EHE jurisdictions (all 42 are states) (Table H.1). We did not model 3 of the 50 EHE 

counties and 1 non-EHE state due to data unavailability (see Table H.1). We simulated mixing 

between jurisdictions using varying assumptions for the magnitude of partnership mixing, which 

were informed by estimates from molecular network clusters that used nucleotide sequence data 

of persons with recent diagnoses of HIV to infer jurisdictional mixing [27]. Within each 

jurisdiction, the population was further split into risk-groups (HF, HM, and MSM) and age-groups 

(individuals from ages 13 to 100).  

We used the simulation model to evaluate the following: 1) the sensitivity of jurisdictional-

mixing and the sensitivity of jurisdictional heterogeneity in care (care-continuum and PrEP 

coverage) on the national HIV incidence estimates; 2) the sensitivity of jurisdictional-mixing on 

the projected national HIV incidence estimates when simulating the EHE plan, i.e., achieving the 

95-95-95 care-continuum targets and 50% PrEP targets by 2025 in EHE-jurisdictions and by 2030 

for all other jurisdictions; and 3) the sensitivity of jurisdictional-mixing on the intervention 

decisions inferred through simulated estimates, such as HIV-testing and retention-in-care 

necessary to achieve the EHE plan targets. These evaluations would help understand the 

implications of modeling jurisdictions independently, specifically, potential differences in model 

inferred decisions and corresponding incidence projections. Further, data for partnership mixing 

between persons of different jurisdictions are limited. Mixing data is indirectly inferred from 

molecular network clusters, which use nucleotide sequence data of persons with recent HIV 

diagnoses to infer close transmissions by creating pairwise links between persons with closely 
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related viral DNA sequence. Data from molecular network cluster analyses show that a significant 

number of pairwise links were formed between persons of different geographical jurisdictions [27]. 

However, links formed through nucleotide sequencing do not necessarily indicate direct 

transmissions. Therefore, the sensitivity analyses from this model can help inform future data 

collection related to jurisdictional heterogeneity and mixing, and subsequent model development. 

A model that can evaluate the national epidemic as a whole, with geographical heterogeneity in 

population demographics, HIV epidemic, and interventions, would help identify what jurisdiction-

specific strategies to adopt, such as how often to test, what should be the aim for retention-in-care, 

and what should be the target for PrEP coverage to achieve the intended goals of the EHE. 

6.2  Methods 

6.2.1  Compartmental Model 

We developed a compartmental simulation model of HIV stratified into three sexual risk-

groups (HF, HM, MSM), eighty-eight age groups (individual ages from 13 to 100), four care 

continuum stages (Unaware, Aware no ART, ART no VLS, ART VLS), and five disease 

progression stages (Acute, CD4 > 500, CD4 350-500, CD4 200-350, CD4 <200). The flow 

diagram for care continuum and disease stage progression can be seen in Figure 6.1. We only 

simulated sexually transmitted cases of HIV and did not model injecting drug use. We developed 

two models, an aggregate National-Model, i.e., without geographical split (resulting in a total of 3 

X 88 X 4 X 5 compartments), and a Jurisdictional-Model where the national population was further 

split into 96 geographical jurisdictions (resulting in a total of 3 X 88 X 4 X 5 X 96 compartments) 

as follows: 
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6.2.1.1  National-Model  

The main purpose of the National-Model was, first, for calibration of sexual behavioral 

parameters specific to risk-group and age-group, for which data was more widely available at the 

national level, and second, as a comparison against the Jurisdictional-Model to evaluate the 

sensitivity of jurisdictional heterogeneity and mixing. We briefly discuss the model here and 

present the data used for model calibration in the Appendix H. We initialized the National-Model 

to the 2011 HIV epidemic, using data from the National HIV Surveillance System (NHSS) to 

distribute the population into the different compartments, and simulated the model for the period 

2011 to 2018. We simulated using differential equations as typically done in compartmental 

modeling (see Appendix J).  

For the rates of transitioning across disease stages (acute, and CD4-count stages) we used 

data from the literature (see Table H.2). For simulating the transitioning between the care 

continuum stages, we used data from literature for rate of achieving VLS when on ART and for 

rate of re-entry-to-care after dropping out, and data from the NHSS for the proportion linkage to 

care at diagnosis (see Table H.2).  

The remaining two care continuum transition parameters, i.e., rates of HIV-diagnosis and 

care-drop-out, are dependent on testing and retention-in-care interventions, which are likely to 

change over time. Thus, we estimated these rates in the simulation by fitting to the annual NHSS 

data on care continuum distributions (see Appendix K).  

We estimated incidence using a Bernoulli transmission equation (see Appendix L), using 

data related to behavior, transmission risk due to infected PWH in varying care continuum and 

disease stages, and coverage of PrEP for susceptible population. For behavioral data, we used 

information from the literature for age-group and risk-group specific mixing, number of partners, 
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number and type of acts per partner, and condom use and effectiveness (see Tables H.8, H.9, H.10, 

and H.11). We used simulated data for proportion of infected in care continuum and disease stage, 

along with NHSS data for PrEP coverage among susceptible persons. Note, PrEP coverage was 

simulated for only 2017 and 2018 as PrEP was only recently initiated in the U.S., and data were 

available for only this period. We used literature data for transmission risk associated with care 

continuum and disease stages, and PrEP coverage. Using the data ranges from the literature, we 

calibrated the per act probability of transmission, age-group mixing, and average number of sexual 

acts per partner by fitting simulated incidence to the surveillance estimates of incidence over the 

period 2011 to 2018.    

6.2.1.2  Jurisdictional-Model  

In this model, we further split the population into 96 jurisdictions using census data [28] 

for the overall population sizes, NHSS data for HIV population by age and risk-groups [29], and 

estimates from the literature for the proportion of MSM among adult males, [23] using jurisdiction-

specific data when available. We did not model jurisdictions that did not have prevalence data, i.e., 

where data was either unavailable or suppressed (see Table H.1 for the list of jurisdictions modeled 

and excluded).  

For the rates of transitioning across disease stages (acute, and CD4-count stages) we used 

the same literature data as in the National-Model. For simulating the transitioning between the care 

continuum stages, we used the same data as that in the National-Model for the rate of achieving 

VLS when on ART and re-entry-to-care after dropping out (see Table H.2).  

The remaining two care continuum transition parameters, i.e., rates of HIV-diagnosis and 

care-drop-out, are related to testing and retention-in-care interventions, and thus, likely to vary 

across jurisdictions and over time. Thus, we evaluated multiple scenarios to test the sensitivity of 
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jurisdictional variations. We evaluated scenarios that applied the same rates estimated by the 

National-Model to every jurisdiction. We also evaluated scenarios that estimated rates by fitting 

to jurisdiction-specific NHSS data on care continuum distributions. These scenarios are described 

in more detail under section Scenarios Modeled.  

As HIV surveillance data by jurisdiction were only available for 2017, 2018, and 2019 at 

the time of this study, we initialized the Jurisdiction-Model to 2017. Further, as data for care 

continuum distributions specific to risk-group and for each jurisdiction were not available, we 

assumed that the ratio of risk-group specific metric to overall population metric observed at the 

national-level would be the same as the ratio at the jurisdictional-level. Specifically, we applied 

this simplified assumption to two metrics within each jurisdiction, proportion aware and proportion 

with ART VLS. We normalized the values to ensure the sum of the proportions across all care 

continuum stages (Unaware, Aware no ART, ART no VLS, ART VLS) is equal to 1 for each 

jurisdiction. These modified care continuum distributions were used in estimation of rates for HIV-

diagnosis and care-drop-out specific to risk-group and jurisdiction.  

We estimated incidence rates using a Bernoulli transmission equation, using the same 

behavioral data (including the calibrated values) as in the National-Model for every jurisdiction, 

except that we also modeled interactions between jurisdictions by using a jurisdictional-mixing 

matrix, and used jurisdiction-specific simulated data for disease and care continuum stage among 

infected persons. We evaluated the sensitivity of jurisdictional variations in access to PrEP by 

implementing scenarios that used the national PrEP coverage for every jurisdiction and 

jurisdiction-specific PrEP coverage. To test the sensitivity of jurisdictional-mixing, we evaluated 

scenarios with varying levels of mixing, using data from molecular cluster analyses studies that 
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used nucleotide sequence data to infer transmission clusters between people [27]. We discuss these 

scenarios under section Scenarios Modeled. 

6.3  Scenarios Modeled 

We used the Jurisdictional-Model to simulate the HIV epidemic for the period 2018 to 

2030. The time-unit in the model was monthly. We evaluated 16 scenarios to analyze the 

sensitivity of jurisdictional heterogeneity in care continuum and the sensitivity of jurisdictional 

mixing. Details of each scenario are discussed below and summarized in Table 6.1, and their broad 

differences are as follows. Scenarios 1 to 8 assumed homogeneity in care across jurisdictions by 

using national-level estimates for HIV-diagnosis rate, care-drop-out rate, and PrEP coverage for 

every jurisdiction, and homogeneity in risk-group distribution by assuming national-level 

estimates for the proportion of the population who are MSM. While scenarios 9 to 16 assumed 

heterogeneity in care across jurisdictions by using jurisdiction-specific HIV-diagnosis rate, care-

drop-out rate, and PrEP coverage, and heterogeneity in risk-group distribution by assuming 

jurisdiction-specific estimates for proportion MSM. Scenarios 1 to 4 and 9 to 12 assumed 

continuation of status-quo interventions by using baseline year (2018) estimates for HIV-diagnosis 

rate, care-drop-out rate, and PrEP coverage, and keeping it constant over the period 2019 to 2030. 

Scenarios 5 to 8 and 13 to 16 modeled the EHE plan by using time-varying values for HIV-

diagnosis rate, care-drop-out rate, and PrEP coverage, estimated to reach the EHE targets (95-95-

95 care targets and 50% PrEP coverage among eligible) by 2025 for EHE and by 2030 for non-

EHE jurisdictions (see Appendix K). Scenarios 1, 5, 9, and 13 assumed no mixing between 

jurisdictions, Scenarios 2, 6, 10, and 14 assumed lower levels of mixing between jurisdictions 

within the same state (Level-1-mixing), Scenarios 3, 7, 11, and 15 assumed higher levels of mixing 

between jurisdictions within the same state (Level-2-mixing), and Scenarios 4, 8, 12, and 16 
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assumed higher levels of mixing between jurisdictions within and outside the same state (Level-

3-mixing).  

6.3.1  Jurisdictional Mixing Assumptions 

As noted above, we evaluated no-mixing and three types of mixing scenarios. Though data 

for mixing between jurisdictions are not available, data from molecular analyses studies, which 

creates pairwise links between persons with closely related viral DNA sequence, provides a 

reference point. One study showed that, about 47% to 65% of links were between persons of same 

county, about 78% to 88% between persons of same state, and the remaining between persons of 

different states [27] (summarized in Table 6.1). The range corresponds to the differences across 

risk groups. Because links do not represent direct transmissions, they do not represent partnership 

links. As the results from the above levels of mixing were sensitive to model outputs, to further 

test the sensitivity we evaluated a scenario with higher values of mixing within county, 85% to 

90%, which would represent a scenario with low levels of outside mixing. 

6.3.1.1  No Mix (Scenarios 1, 5, 9, and 13 in Table 6.1) 

For these scenarios we assumed partnership mixing was 100% within jurisdiction, and 0% 

outside jurisdiction.  

6.3.1.2  Level-1-Mixing (Scenarios 2, 6, 10, and 14 in Table 6.1) 

For these scenarios we assumed persons in a jurisdiction could have partnerships with 

persons in other jurisdictions within the same state but not with persons in other states. If the 

jurisdiction modeled is an EHE county or a non-EHE state with EHE counties within it, we used 

the following for proportion mixing-within-jurisdiction: 90% for HM and HF, and 85% for MSM 

and used 1 minus mixing-within-jurisdiction for the proportion mixing with the rest of the 

jurisdictions within the state. If there were multiple EHE counties within a state, we split the value 
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(1 minus mixing-within-jurisdiction) equally between the other EHE jurisdictions and the rest of 

the state. If the jurisdiction modeled is a state with no EHE counties within it, we assumed 100% 

mix within their state. 

6.3.1.3  Level-2-Mixing (Scenarios 3, 7, 11, and 15 in Table 6.1) 

For these scenarios, as above, we assumed persons in a jurisdiction could have partnerships 

with persons in other jurisdictions within the same state but not with persons in other states, but 

assumed higher levels of outside mixing. If the jurisdiction modeled is an EHE county or a non-

EHE state with EHE counties within it, we used the following data from [27] for the proportion 

mixing-within-jurisdiction: 57% for HM, 65% for HF, and 47% for MSM and used 1 minus 

mixing-within-jurisdiction for the proportion mixing with the rest of the jurisdictions within the 

state. If there were multiple EHE counties within a state, we split the value (1 minus mixing-

within-jurisdiction) equally between the other EHE jurisdictions and the rest of the state. If the 

jurisdiction modeled is a state with no EHE counties within it, we assumed 100% mix within their 

state. 

6.3.1.4  Level-3-Mixing (Scenarios 4, 8, 12, and 16 in Table 6.1) 

For these scenarios we assumed persons in a jurisdiction could have partnership with 

persons in any jurisdiction. If the jurisdiction modeled is an EHE county or a non-EHE state with 

EHE counties within it, we used the following data from [27] for the proportion mixing-within-

jurisdiction: 57% for HM, 65% for HF, and 47% for MSM. We used mixing-within-state minus 

mixing-within-jurisdiction data for the proportion mixing within state but outside their own 

jurisdiction (28% for HM, 23% for HF, and 31% for MSM), and distributed it equally among the 

jurisdictions within state. We used 1 minus mixing-within-state for mixing-outside-state and 

distributed it across all other states weighing by distance to the state. If the jurisdiction modeled is 
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a state without EHE counties within, we used mixing-within-state data from [27] for mixing within 

jurisdiction and distributed the remaining across all other states weighting by the distance to that 

state. We used the Euclidean distance between the geographical co-ordinates (latitude and 

longitude) of two states as a proxy for the distance between jurisdictions. 

6.3.2 Evaluating Sensitivity of Jurisdictional Mixing Keeping Homogeneity in Care 

We used the Jurisdictional-Model to evaluate the sensitivity of jurisdictional mixing when 

keeping interventions at status-quo, i.e., HIV-diagnosis rate, care-drop-out rate, and PrEP coverage 

constant over the period 2018 to 2030 at 2018 baseline values (Scenarios 1, 2, 3, and 4), and when 

scaling-up interventions over time to meet the 95-95-95 care and 50% PrEP targets (Scenarios 5, 

6, 7, and 8). In these scenarios, we initialized the care continuum distribution of each jurisdiction 

to be equal to the national level for year 2017 year-end. This is explained in more detail below. 

6.3.2.1  Baseline National (Homogeneity in Care Across Jurisdictions) (Scenarios 1, 2, 3, and 4 

in Table 6.1) 

In these scenarios, we used the baseline estimates derived by the National-model for rates 

of HIV-diagnosis and care-drop-out, fitted to the national care continuum distribution in 2018. We 

kept these rates constant for the following years (i.e., 2019 to 2030) for all jurisdictions. We also 

kept PrEP-coverage constant at 2018 national level for all years and all jurisdictions. While we 

used jurisdiction-specific data for PWH in each risk group, we assumed that the proportion of the 

population who are MSM is the same for every jurisdiction and used national-level estimates from 

[23]. 
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6.3.2.2 EHE National (Homogeneity in Care Across Jurisdictions) (Scenarios 5, 6, 7, and 8 in 

Table 6.1) 

In these scenarios, we used national-level estimates for the scale-up in interventions (HIV-

diagnosis rate, care-drop-out rate, and PrEP coverage) to meet the EHE targets. Specifically, we 

used the National-Model to estimate the HIV-diagnosis rate, care-drop-out rate, and PrEP coverage 

necessary to linearly scale-up care continuum proportions and PrEP coverage from its national 

baseline values in year 2018 to the EHE targets. For EHE jurisdictions, the interventions were 

linearly scaled- over the period 2019 to 2025 and kept constant thereafter, and for the non-EHE 

jurisdictions, the values were kept constant for the period 2018 to 2025 and linearly scaled-up over 

the period 2026 to 2030. To recollect, the EHE targets were 95-95-95 for the care continuum and 

50% for PrEP coverage among those eligible. In the U.S., PrEP eligibility is based on specific 

indicators, such as a person’s risk factor for acquiring HIV and recency in sexually transmitted 

infection [30]. In the model, we do not simulate these PrEP indicators, thus, we use the reported 

numbers for persons with prescribed PrEP among those eligible to determine the percentage of 

susceptible population who are eligible and take 50% of that percentage as the EHE target for PrEP 

coverage. Thus, a 50% coverage among those eligible would approximately be equal to 15% 

coverage among susceptible. 

6.3.3 Evaluating Sensitivity of Jurisdictional Mixing and Jurisdictional Heterogeneity in Care 

We used the Jurisdictional-Model to evaluate the sensitivity of jurisdictional heterogeneity 

in care when keeping HIV-diagnosis rate, care-drop-out rate, and PrEP coverage constant over the 

period 2018 to 2030 (Scenarios 9, 10, 11, and 12), and when scaling-up over time to meet the 95-

95-95 targets (Scenarios 13, 14, 15, and 16). Contrary to the case above (Scenarios 1 to 8), here 

we initialized the model to jurisdiction-specific care data for 2017 year-end and estimated 
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jurisdiction-specific HIV-diagnosis rates, care-drop-out rates, and PrEP-coverage for the period 

2019 to 2030. This is explained in more detail below.  

6.3.3.1 Baseline Jurisdiction-Specific (Heterogeneity in Care Across Jurisdictions) (Scenarios 9, 

10, 11, and 12 in Table 6.1) 

In these scenarios, we used the jurisdiction-specific estimates for HIV-diagnosis rate, care-

drop-out rate, and PrEP coverage. We derived jurisdiction-specific HIV-diagnosis rate and care-

drop-out rate in the Jurisdictional-Model by using the 2018 jurisdiction-specific care continuum 

distributions, and kept it constant for the period 2019 to 2030. We also used 2018 jurisdiction-

specific estimates of PrEP coverage and kept it constant for the period 2019 to 2030.  

6.3.3.2 EHE Jurisdiction-Specific (Heterogeneity in Care Across Jurisdictions)  (Scenarios 13, 14, 

15, and 16 in Table 6.1) 

In these scenarios, we used jurisdiction-specific estimates for the scale-up in interventions 

(HIV-diagnosis rate, care-drop-out rate, and PrEP coverage) to meet the EHE targets. Specifically, 

we used the Jurisdictional-Model to estimate jurisdiction-specific HIV-diagnosis rate, care-drop-

out rate, and PrEP coverage necessary to linearly scale-up care continuum proportions and PrEP 

coverage from its jurisdiction-specific baseline values in year 2018 to the EHE targets. For EHE 

jurisdictions, the interventions were linearly scaled- over the period 2019 to 2025 and kept constant 

thereafter, and for the non-EHE jurisdictions, the values were kept constant for the period 2019 to 

2025 and linearly scaled-up over the period 2026 to 2030. To recollect, the EHE targets were 95-

95-95 for the care continuum and 50% for PrEP coverage among those eligible. PrEP eligibility 

was determined in the same manner as described above for EHE national scenarios.  
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6.4  Model Verification and Output Metrics 

As the sexual behavioral parameters in the National-Model were calibrated to the national 

incidence between 2011 and 2018, and because these parameters were then used in the 

Jurisdictional-Model, we first verified that the annual risk-group specific incidence simulated by 

the National-Model compares well with NHSS estimates for years 2011 to 2018 (Figure 6.2). 

Results suggest overall good fit to NHSS incidence for all three risk-groups.  

For each of the 16 scenarios simulated in the Jurisdictional-Model, for each jurisdiction, 

we extract the following metrics for the period 2018 to 2030: incidence, prevalence, HIV-testing 

interval (using the inverse of the HIV-diagnosis rate as proxy), and retention-in-care rates (using 

1 minus the care-drop-out rate as proxy). HIV testing intervals and retention-in-care rates serve as 

decision metrics to inform HIV testing and retention-in-care intervention programs, and incidence 

and prevalence projections serve as expected outcomes from implementing those decisions. We 

compare these metrics across the 16 scenarios to infer the sensitivity of model outputs to 

jurisdictional mixing and jurisdictional heterogeneity in care. 

6.5  Results  

While the risk-specific incidence estimates from the National-Model were within the range 

of NHSS estimates (as mentioned in Model Verification), the incidence estimates from the 

Jurisdictional-Model were not always within the range (Figure 6.2), which is expected as the 

mixing assumptions were national aggregated estimates and the jurisdictional model excluded 

some counties and states due to data unavailability. However, the magnitude of the estimates are 

close to the ranges, providing verification that the Jurisdictional-Model, which simulated local 

HIV epidemics in 96 jurisdictions can collectively generate results close to the overall national 

estimates. 
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For years 2018 and 2019, risk-specific incidence estimates simulated by the Jurisdictional-

Model were sensitive to jurisdictional mixing (see Figure 6.2) (comparing no-mix Scenarios 1, 5, 

9 and 13, with Level-1-mixing Scenarios 2, 6, 10, and 14, Level-2-mixing Scenarios 3, 7, 11, and 

15, and Level-3-mixing Scenarios 4, 8, 12, and 16). Keeping care metrics (HIV-diagnosis rate, 

care-drop-out rate, and PrEP coverage) fixed at the 2018 baseline values, incidence projections for 

the period 2020 to 2030 were sensitive to jurisdictional mixing, both when assuming jurisdictional 

homogeneity in care (Scenario 1 compared to 2, 3 and 4) and jurisdictional heterogeneity in care 

(Scenario 9 compared to 10, 11, and 12) (Figure 6.2). Similar observations can be made for time 

varying estimates of overall incidence (Figure 6.3, Table 6.2). Although overall estimates of 

incidence were sensitive to jurisdictional mixing, the differences in incidence were much lower 

with jurisdictional heterogeneity in care, i.e., differences between Scenarios 9, 10, 11, and 12 were 

lower than differences between Scenarios 1, 2, 3, and 4. Compared to Scenario 9, the overall 

incidence in Scenarios 10, 11, and 12 changed by 2 to 2%, 7 to 5%, and 8 to 9%, respectively, the 

range corresponding to years 2018 to 2030 (Table 6.2), whereas, compared to Scenario 1, the 

overall incidence in Scenarios 2, 3, and 4 changed by 7 to 11%, 24 to 22%, and 24 to 26%, 

respectively (Table 6.2). In scenarios that scaled-up care metrics to meet EHE targets, differences 

in incidence were identical in year 2018, i.e., differences between Scenarios 5 to 8 (jurisdictional 

homogeneity) were identical to differences between Scenarios 1 to 4, and differences between 

Scenarios 13 to 16 (jurisdictional heterogeneity) were identical to difference between Scenarios 9 

to 12, which is as expected as they start with the same baseline in 2018 (Table 6.3). However, as 

incidence significantly decreased over the period 2019 to 2030 because of scale-up of care, the 

differences between Scenarios 5 to 8, and differences between Scenarios 9 to 12 diminished 

(Figure 6.3 Table 6.3).  
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The differences in incidence estimates between no mixing and different levels of mixing 

assumptions observed in Figures 6.2 and 6.3 predominantly resulted from the non-EHE 

jurisdictions (see Figure 6.4, and are summarized in Tables 6.2 and 6.3). When assuming 

jurisdictional homogeneity in care, compared to no-mixing Scenario 1, incidence in Scenarios 2, 

3, and 4 changed by 19 to 28%, 67 to 55%, and 60 to 60%, respectively, for non-EHE jurisdictions, 

whereas, it changed by -3 to -4%, -10 to -8%, and -5 to -4%, respectively, for EHE jurisdictions 

(Table 6.2), the range corresponding to years 2018 to 2030. Similarly, when assuming 

jurisdictional heterogeneity in care, compared to no-mixing Scenario 9, incidence in Scenarios 10, 

11, and 12 changed by 15 to 7%, 18 to 15%, and 19 to 21%, respectively, for non-EHE 

jurisdictions, whereas, it changed by -1 to -1%, -2 to -2%, and 0 to 0%, respectively, for EHE 

jurisdictions (Table 6.2). As with overall incidence, differences in incidence split by EHE and non-

EHE jurisdictions between Scenarios 5 to 8 were identical to differences between Scenarios 1 to 

4, and differences between Scenarios 13 to 16 were identical to difference between Scenarios 9 to 

12, which is as expected as they start with the same baseline in 2018 (Table 6.3). 

In baseline year, 2018, though differences in incidence between mixing assumptions were 

minimal in most cases (overall or split by EHE and non-EHE) when assuming heterogeneity in 

care, i.e., between Scenarios 9 to 12 (Table 6.2), or between Scenarios 13 to 16 (Table 6.3), the 

differences at the individual jurisdictions varied over a wide range. Taking differences in incidence 

within each jurisdiction, compared to Scenario 13, incidence in Scenarios 14, 15, and 16 changed 

by -9% to 30%, -31% to 109%, and -27% to 94%, respectively, the range corresponds to data 

across individual jurisdictions (Table 6.4). Further, taking only EHE jurisdictions, compared to 

Scenario 13, incidence in Scenarios 14, 15, and 16, changed by -9% to 11%, -31% to 39%, and -

27% to 46%, respectively (see Figure 6.5.a, Table 6.4). Considering only non-EHE jurisdictions, 
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compared to Scenario 13, incidence in Scenarios 14, 15, and 16, changed by -5% to 30%, -18% to 

109%, and -11% to 94%, respectively (see Figure 6.5.b, Table 6.4).  Differences in incidence for 

Scenario 13 compared to Scenario 14, 15, and 16, for EHE and non-EHE jurisdictions specific to 

risk groups are presented in Figures I.1.a and I.1.b for HM, Figures I.2.a and I.2.b for HF, and 

Figures I.3.a and I.3.b for MSM in Appendix I.  

A consequence of the differences in the baseline jurisdictional-level incidence estimates is 

that the jurisdiction-level decisions inferred from the model would vary based on our mixing 

assumptions. We evaluate % change in testing interval across different mixing assumptions 

compared to the no-mixing scenario for risk group MSM (see Figures 6.6.a and 6.6.b, and Table 

6.5). We grouped the testing interval into two cohorts: interval <2 years, and interval between 2-4 

years.  

In year 2022 (mid-intervention for EHE jurisdictions), when testing interval for no-mixing 

(Scenario 13) was < 2 years, interval for Scenario 14 was between 14% lower and 9% higher, 

Scenario 15 was between 32% lower and 25% higher, and Scenario 16 was between 35% lower 

and 20% higher. When testing interval for no-mixing (Scenario 13) was 2-4 years, interval for 

Scenario 14 was between 9% lower and 10% higher, Scenario 15 was between 23% lower and 

36% higher, and Scenario 16 was between 20% lower and 34% higher.  

In year 2025 (year reaching target for EHE jurisdictions), when testing interval for no-

mixing (Scenario 13) was < 2 years, interval for Scenario 14 was between 23% lower and 5% 

higher, Scenario 15 was between 44% lower and 13% higher, and Scenario 16 was between 45% 

lower and 12% higher. When testing interval for no-mixing (Scenario 13) was 2-4 years, interval 

for Scenario 14 was between 2% higher and 10% higher, Scenario 15 was between 4% higher and 

34% higher, and Scenario 16 was between 6% higher and 30% higher. The levels of HIV-testing 
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interval for HM are presented in Figures I.4.a (for EHE) and I.4.b (for non-EHE) and for HF are 

presented in Figures I.5.a (for EHE) and I.5.b (for non-EHE).  

In year 2028 (mid-intervention for non-EHE jurisdictions), when testing interval for no-

mixing (Scenario 13) was <2 years, interval for Scenario 14 was between 2% lower and 15% 

higher, Scenario 15 was between 0% lower and 53% higher, and Scenario 16 was between 16% 

lower and 48% higher. When testing interval for no-mixing (Scenario 13) was 2-4 years, interval 

for Scenario 14 was between 10% higher and 15% higher, Scenario 15 was between 34% higher 

and 60% higher, and Scenario 16 was between 36% higher and 37% higher.  

In year 2030 (year reaching target for non-EHE jurisdictions), when testing interval for no-

mixing (Scenario 13) was < 2 years, interval for Scenario 14 was between 4% lower and 13% 

higher, Scenario 15 was between 7% lower and 50% higher, and Scenario 16 was between 14% 

lower and 37% higher. Testing interval for no-mixing (Scenario 13) did not exceed 2 years for 

non-EHE jurisdictions. These differences show us that on an individual jurisdictional level, across 

mixing assumptions, there could be significant change in both outcomes (such as incidence) and 

future decisions (such as testing interval). 

The estimated levels of retention-in-care were similar across all scenarios, and high, likely 

because of the high rates necessary to achieve the care continuum targets (Figures I.6.a and I.6.b 

for HM, Figures I.7.a and I.7.b for HF, and Figures I.8.a and I.8.b for MSM).  

Comparing the estimates for overall reduction in incidence between EHE target scenarios 

and baselines scenarios within each mixing and care-continuum assumption, the differences were 

similar except for non-EHE jurisdictions (Table 6.6). While the expected incidence reduction in 

no-mixing assumption was 5% when assuming jurisdictional homogeneity in care (and 9% when 

assuming jurisdictional heterogeneity in care), the incidence reductions in level-1 mixing was 14% 
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(and 15%), level-2 mixing was 24% (and 24%), and level-3 mixing was 23% (and 25%) (Table 

6.6).  

We also compare prevalence (number of PWH) estimates from the Jurisdictional-Model 

for years 2018 and 2019 with the surveillance (NHSS) estimates in Figure 6.7. For the surveillance 

estimates, we plot both national estimates (‘NHSS-National’) for years 2017-2019 and sum of the 

96 jurisdictions for 2017 (‘NHSS-Sum of jurisdictions’). The ‘NHSS-Sum of jurisdictions’ were 

lower than the ‘NHSS-National’ estimates because of data suppression or unavailability in some 

jurisdictions. Simulated estimates of prevalence match close to the surveillance estimates for years 

2017 to 2019, however, similar to the differences in incidence as seen in Figure 6.2, the projected 

estimates for years 2020 to 2030 are sensitive to jurisdictional mixing (no-mixing Scenarios 1, 5, 

9 and 13, compared to mixing, i.e., Level-1-mixing Scenarios 2, 6, 10, and 14, Level-2-mixing 

Scenarios 3, 7, 11, and 15, and Level-3-mixing Scenarios 4, 8, 12, and 16). Simulated prevalence 

estimates were also sensitive to jurisdictional heterogeneity in care parameters (Scenarios 1 to 8, 

compared to Scenarios 9 to 16). Projections of PWH estimates for EHE and non-EHE jurisdictions 

are presented in Figure I.9 in Appendix I. Non-EHE jurisdictions have lower PWH than EHE 

jurisdictions for all scenarios. When considering national estimates of care metrics (Scenarios 1-

8) projections of PWH for non-EHE jurisdictions are sensitive to mixing assumptions, while EHE 

jurisdictions are not significantly different. When considering jurisdiction-specific estimates of 

care metrics (Scenarios 9-16) projections of PWH for non-EHE jurisdictions are sensitive to 

mixing assumptions, while EHE jurisdictions are not significantly different for scenarios that fixed 

care metrics at baseline level (2018) (Scenarios 9-12). For scenarios that scaled-up care metrics to 

reach 95-95-95 targets (Scenarios 13-16), both, EHE and non-EHE jurisdictions do not see 

significant differences in PWH projections for mixing assumptions.  
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6.6  Conclusions 

In this study, we developed a compartmental model to project the national HIV epidemic 

in the U.S. We first developed a National-Model, which calibrated risk-group and age-group 

specific sexual behavioral parameters at the national level for years 2011-2018. The national model 

was not split into individual jurisdictions. We then developed a Jurisdictional-Model, which split 

the population into 96 jurisdictions and simulated the national HIV epidemic in the U.S. from 

2018-2030. The purpose of the Jurisdictional-Model was to evaluate the sensitivity of 

jurisdictional-mixing and the sensitivity of jurisdictional heterogeneity in care (care-continuum 

distributions and PrEP coverage) on national HIV incidence estimates, PWH estimates, evaluate 

the sensitivity of jurisdictional-mixing on the projected national HIV incidence estimates when 

simulating the EHE plan,  , and evaluate the sensitivity of jurisdictional-mixing on the simulated 

estimates of HIV-testing interval and retention-in-care rates necessary to achieve the targets in the 

EHE plan.  

We believe this is the first model that simulates the U.S. national HIV epidemic through 

simulating interacting individual sub-geographical jurisdictions. Our results suggest that incidence 

and PWH estimates are sensitive to jurisdictional-mixing assumptions and heterogeneity in care 

metrics, more so in earlier years when incidence was high and intervention was low. Intervention 

implemented as scaled-up care metrics to reach targets minimize the differences in mixing 

assumptions over time. However, decisions related to HIV-testing inferred from the model are 

sensitive to jurisdictional-mixing assumptions and heterogeneity in care metrics. As the level of 

partnership-mixing between jurisdictions increases, the differences increased. Another important 

observation from our study is that individual level differences in mixing may be significantly 

different for each jurisdiction. These results suggest that when modeling jurisdictions 
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independently, understanding the magnitude and accounting for the mixing outside jurisdiction 

could lead to better decisions. 

Our model has limitations. Our model only simulates sexual partnership and does not 

model transmission due to injecting drug use, which are a high-risk demographic for HIV. 

Assumptions of mixing and jurisdiction-specific care continuum bear a significant impact on 

incidence and prevalence estimates; thus, our model is currently limited to be used as a tool to 

evaluate trends of decisions. With more accurate data related to mixing and care continuum 

proportions specific to each jurisdiction, the model can be further improvised to project incidence 

and prevalence estimates for each jurisdiction and make informed real-time decisions about care 

metrics. We assumed no change in behavioral, demographic, and disease transmission factors over 

time. Thus, the incidence estimates are sensitive to changes in these factors.  

In summary, our results show that the aggregated national incidence estimates in 2030 with 

the implementation of the EHE plan, were not sensitive to jurisdictional mixing when assuming 

jurisdictional heterogeneity in care ,however, within each jurisdiction, incidence were significantly 

sensitive to mixing. The consequences of this were that the decisions inferred from the model to 

reach the EHE goal were sensitive to jurisdictional mixing and jurisdictional heterogeneity in care. 

The estimates for overall reductions in incidence between continuing status-quo versus 

implementing EHE plan were also sensitive to jurisdictional mixing assumptions but were not 

sensitive to assumptions on heterogeneity in care. 
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Table 6.1  Scenarios simulated using the jurisdictional model 

Scena

rio no. 

Scenario 

Name 

(mixing 

data; care 

data) 

Mixing data‡ Care data (rates of HIV-diagnosis, 

care-drop-out, and level of PrEP 

coverage) 

   EHE jurisdictions non-EHE 

jurisdictions 

TO EVALUATE THE IMAPCT OF MIXING 

[1] No-

mixing; 

Baseline 

national 

No National estimates 

kept constant, at 

2018 national 

values, for all 

jurisdictions and for 

all years 

National estimates 

kept constant, at 

2018 national 

values, for all 

jurisdictions and for 

all years 

[2] Level-1-

Mixing; 

Baseline 

national 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

90

% 
90% 

85

% 

Other 

juri 

same 

state 

10

% 
10% 

15

% 

Other 

states 
0 0 0 

 

National estimates 

kept constant, at 

2018 national 

values, for all 

jurisdictions and for 

all years 

National estimates 

kept constant, at 

2018 national 

values, for all 

jurisdictions and for 

all years 

[3] Level-2-

mixing; 

Baseline 

national 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

57

% 
65% 

47

% 

Other 

juri 

same 

state 

43

% 
35% 

53

% 

Other 

states 
0 0 0 

 

National estimates 

kept constant, at 

2018 national 

values, for all 

jurisdictions and for 

all years 

National estimates 

kept constant, at 

2018 national 

values, for all 

jurisdictions and for 

all years 
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Table 6.1  (Continued) 

[4] Level-3-

mixing; 

Baseline 

national 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

57

% 
65% 

47

% 

Other 

juri 

same 

state 

28

% 
23% 

31

% 

Other 

states 

14

% 
12% 

22

% 
 

National estimates 

kept constant, at 

2018 national 

values, for all 

jurisdictions and for 

all years 

National estimates 

kept constant, at 

2018 national 

values, for all 

jurisdictions and for 

all years 

[5] No-

mixing; 

EHE 

national 

No National estimates 

calibrated to 

nationally achieve 

EHE targets (95-

95-95) by 2025, 

and kept constant at 

2025 value 

thereafter 

National estimates 

kept constant at 

2018 national 

values until 2025, 

and thereafter, 

calibrated to 

nationally achieve 

EHE targets (95-95-

95) by 2030 

[6] Level-1-

mixing; 

EHE 

national 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

90

% 
90% 

85

% 

Other 

juri 

same 

state 

10

% 
10% 

15

% 

Other 

states 
0 0 0 

 

National estimates 

calibrated to 

nationally achieve 

EHE targets (95-

95-95) by 2025, 

and kept constant at 

2025 value 

thereafter 

National estimates 

kept constant at 

2018 national 

values until 2025, 

and thereafter, 

calibrated to 

nationally achieve 

EHE targets (95-95-

95) by 2030 

[7] Level-2-

mixing; 

EHE 

national 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

57

% 
65% 

47

% 

Other 

juri 

same 

state 

43

% 
35% 

53

% 

Other 

states 
0 0 0 

 

National estimates 

calibrated to 

nationally achieve 

EHE targets (95-

95-95) by 2025, 

and kept constant at 

2025 value 

thereafter 

National estimates 

kept constant at 

2018 national 

values until 2025, 

and thereafter, 

calibrated to 

nationally achieve 

EHE targets (95-95-

95) by 2030 
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Table 6.1  (Continued) 

[8] Level-3-

mixing; 

EHE 

national 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

57

% 
65% 

47

% 

Other 

juri 

same 

state 

28

% 
23% 

31

% 

Other 

states 

14

% 
12% 

22

% 
 

National estimates 

calibrated to 

nationally achieve 

EHE targets (95-

95-95) by 2025, 

and kept constant at 

2025 value 

thereafter 

National estimates 

kept constant at 

2018 national 

values until 2025, 

and thereafter, 

calibrated to 

nationally achieve 

EHE targets (95-95-

95) by 2030 

TO EVALUATE THE IMAPCT OF CARE CONTINUUM ACCESS 

[9] No-

mixing; 

Baseline 

jurisdictio

n-specific 

No Jurisdiction-

specific estimates 

kept constant for all 

years at 2018 

baseline values. 

Jurisdiction-specific 

estimates kept 

constant for all 

years at 2018 

baseline values. 

[10] Level-1-

mixing; 

Baseline 

jurisdictio

n-specific 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

90

% 
90% 

85

% 

Other 

juri 

same 

state 

10

% 
10% 

15

% 

Other 

states 
0 0 0 

 

Jurisdiction-

specific estimates 

kept constant for all 

years at 2018 

baseline values. 

Jurisdiction-specific 

estimates kept 

constant for all 

years at 2018 

baseline values. 

[11] Level-2-

mixing; 

Baseline 

jurisdictio

n-specific 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

57

% 
65% 

47

% 

Other 

juri 

same 

state 

43

% 
35% 

53

% 

Other 

states 
0 0 0 

 

Jurisdiction-

specific estimates 

kept constant for all 

years at 2018 

baseline values. 

Jurisdiction-specific 

estimates kept 

constant for all 

years at 2018 

baseline values. 
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Table 6.1  (Continued) 

[12] Level-3-

mixing; 

Baseline 

jurisdictio

n-specific 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

57

% 
65% 

47

% 

Other 

juri 

same 

state 

28

% 
23% 

31

% 

Other 

states 

14

% 
12% 

22

% 
 

Jurisdiction-

specific estimates 

kept constant for all 

years at 2018 

baseline values. 

Jurisdiction-specific 

estimates kept 

constant for all 

years at 2018 

baseline values. 

[13] No-

mixing; 

EHE 

jurisdictio

n-specific 

No Jurisdiction-

specific estimates 

calibrated to 

achieve EHE 

targets (95-95-95) 

within each 

jurisdiction by 

2025, and kept 

constant at 2025 

value thereafter 

Jurisdiction-specific 

estimates kept 

constant at 2018 

values until 2025, 

and thereafter, 

calibrated to 

achieve EHE 

targets (95-95-95) 

by 2030 within 

each jurisdiction 

[14] Level-1-

mixing; 

EHE 

jurisdictio

n-specific 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

90

% 
90% 

85

% 

Other 

juri 

same 

state 

10

% 
10% 

15

% 

Other 

states 
0 0 0 

 

Jurisdiction-

specific estimates 

calibrated to 

achieve EHE 

targets (95-95-95) 

within each 

jurisdiction by 

2025, and kept 

constant at 2025 

value thereafter 

Jurisdiction-specific 

estimates kept 

constant at 2018 

values until 2025, 

and thereafter, 

calibrated to 

achieve EHE 

targets (95-95-95) 

by 2030 within 

each jurisdiction 

[15] Level-2-

mixing; 

EHE 

jurisdictio

n-specific 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

57

% 
65% 

47

% 

Other 

juri 

same 

state 

43

% 
35% 

53

% 

Other 

states 
0 0 0 

 

Jurisdiction-

specific estimates 

calibrated to 

achieve EHE 

targets (95-95-95) 

within each 

jurisdiction by 

2025, and kept 

constant at 2025 

value thereafter 

Jurisdiction-specific 

estimates kept 

constant at 2018 

values until 2025, 

and thereafter, 

calibrated to 

achieve EHE 

targets (95-95-95) 

by 2030 within 

each jurisdiction 
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Table 6.1  (Continued) 

[16] Level-3-

mixing; 

EHE 

jurisdictio

n-specific 

Risk 

group 

H

M 
HF 

M

S

M 

Same 

juri 

57

% 
65% 

47

% 

Other 

juri 

same 

state 

28

% 
23% 

31

% 

Other 

states 

14

% 
12% 

22

% 
 

Jurisdiction-

specific estimates 

calibrated to 

achieve EHE 

targets (95-95-95) 

within each 

jurisdiction by 

2025, and kept 

constant at 2025 

value thereafter 

Jurisdiction-specific 

estimates kept 

constant at 2018 

values until 2025, 

and thereafter, 

calibrated to 

achieve EHE 

targets (95-95-95) 

by 2030 within 

each jurisdiction 

 

Table 6.2  Percentage difference between incidence estimates for no mixing when compared to 

mixing for year 2018 and 2030. For scenarios that keep care metrics (HIV-diagnosis rate, care-

drop-out rate, and PrEP coverage) fixed at the 2018 baseline values (Scenarios 1-4 and 9-12).  

 

Scenario 

# 

(Baseline) 

1 2 3 4 9 10 11 12 

 Homogeneity in care across 

jurisdictions 

Heterogeneity in care across 

jurisdictions  

 No-

mixing 

Mixing 

level 1 

Mixing 

level 2 

Mixing 

level 3 

No-

mixing 

Mixing 

level 1 

Mixing 

level 2 

Mixing 

level 3 

Overall  Ref 7% and 

11% 

24% 

and 

22% 

24% 

and 

26% 

Ref 2% and 

2% 

7% and 

5% 

8% and 

9% 

EHE Ref -3% 

and 

-4%  

-10% 

and -

8% 

-5% 

and 

-4% 

Ref -1% 

and 

-1% 

-2% 

and 

-2% 

0% and 

0% 

Non-EHE Ref 19% 

and 

28% 

67% 

and 

55% 

60% 

and 

60% 

Ref 5% and 

7% 

18% 

and 

15% 

19% 

and 

21% 

Values represent the % change in incidence estimate in mixing scenario compared to no mixing 

scenario and calculated as 100(mixing scenario - no mixing scenario)/mixing scenario). 

The range refers to the minimum and maximum value. 
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Table 6.3  Percentage difference between incidence estimates for no mixing when compared to 

mixing for year 2018 and 2030. For scenarios that scale up care metrics (HIV-diagnosis rate, 

care-drop-out rate, and PrEP coverage) to reach EHE targets by 2025 for EHE jurisdictions and 

by 2030 for non-EHE jurisdictions (Scenarios 5-8 and 13-16). 

 

Scenario 

# (EHE 

targets) 

5 6 7 8 13 14 15 16 

 Homogeneity in care across jurisdictions Heterogeneity in care across jurisdictions  

  

No-

mixing 

Mixing 

level 1 

Mixing 

level 2 

Mixing 

level 3 

No-

mixing 

Mixing 

level 1 

Mixing 

level 2 

Mixing 

level 3 

Overall  Ref 7% and 

4% 

24% and 

6% 

24% and 

10% 

Ref 2% and 

-1% 

7% and 

 -3% 

8% and 

1% 

EHE Ref -3% and 

0% 

-10% and 

1% 

-5% and 

7% 

Ref -1% 

and 4% 

-2% and 

8% 

0% and 

15% 

Non-

EHE 

Ref 19% and 

7% 

67% and 

9% 

60% and 

13% 

Ref 5% and 

-4% 

18% and 

-11% 

19% and 

-9% 

Values represent the % change in incidence estimate in mixing scenario compared to no mixing 

scenario and calculated as 100(mixing scenario - no mixing scenario)/mixing scenario). 

The range refers to the minimum and maximum value  

 

Table 6.4  Percentage difference between incidence estimates across jurisdictions for no mixing 

when compared to mixing for baseline year 2018. For scenarios that assume jurisdictional 

heterogeneity and scale up care metrics (HIV-diagnosis rate, care-drop-out rate, and PrEP 

coverage) to reach EHE targets by 2025 for EHE jurisdictions and by 2030 for non-EHE 

jurisdictions (Scenarios 13-16). 

 

Scenario #  13 14 15 16 

 No-

mixing 

Mixing 

level 1 

Mixing 

level 2 

Mixing 

level 3 

Overall  Ref -9% to 

30% 

-31% to 

109% 

-27% to 

94% 

EHE Ref -9% to 

11% 

-31% to 

39% 

-27% to 

46% 

Non-EHE Ref -5% to 

30% 

-18% to 

109% 

-11% to 

94% 

Footnotes: 

Values represent the % change in incidence estimate in mixing scenario compared to no mixing 

scenario and calculated as 100(mixing scenario - no mixing scenario)/mixing scenario). 

The range refers to the minimum and maximum value across jurisdictions. 
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Table 6.5  Percentage difference between HIV testing interval estimates for risk group MSM. 

Difference calculated across jurisdictions for no mixing when compared to mixing for mid-

intervention years (2022 for EHE and 2028 for non-EHE) and target year (2025 for EHE and 

2030 for non-EHE). For scenarios that assume jurisdictional heterogeneity and scale up care 

metrics (HIV-diagnosis rate, care-drop-out rate, and PrEP coverage) to reach EHE targets by 

2025 for EHE jurisdictions and by 2030 for non-EHE jurisdictions (Scenarios 13-16). 

 

 Mid intervention year 

(2022 for EHE and  

2028 for non-EHE) 

Target year 

(2025 for EHE and 

2030 for non-EHE) 

Scenario # 13 14 15 16 13 14 15 16 

Jur. 

type 

Interval 

Cohort 

No-

mixi

ng 

Mixing 

level 1 

Mixing 

level 2 

Mixing 

level 3 

No-

mixi

ng 

Mixing 

level 1 

Mixing 

level 2 

Mixing 

level 3 

EHE 

< 2 

years 
Ref 

-14% to 

9% 

-32% to 

25% 

-35% to 

20% 
Ref 

-23% to 

5% 

-44% to 

13% 

-45% to 

12% 

2-4 

years 
Ref 

-9% to 

10% 

-23% to 

36% 

-20% to 

34% 
Ref 

2% to 

10 % 

4% to 

34% 

6% to 

30% 

Non-

EHE 

< 2 

years 
Ref 

-2% to 

15% 

0% to 

53% 

-16% to 

48% 
Ref 

-4% to 

13% 

-7% to 

50% 

-14% to 

37% 

2-4 

years 
Ref 

10% to 

15% 

34% to 

60% 

36% to 

37% 
Ref - - - 

Values represent the % change in HIV-testing interval estimate in mixing scenario compared to 

no mixing scenario and calculated as 100(mixing scenario - no mixing scenario)/mixing 

scenario). 

The range refers to the minimum and maximum value across jurisdictions for the specific time 

interval cohort (i.e., < 2 years or 2-4 years). 
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Table 6.6  Percentage reduction in cumulative incidence over time (2018-2030) from baseline 

scenario compared to EHE target scenario.  

 

Scenario # 

(EHE 

targets - 

baseline) 

1 

and 

5 

2 and 6 3 and 7 4 and 8 9 and 

13 

10 and 

14 

11 and 

15 

12 and 

16 

 Homogeneity in care across 

jurisdictions 

Heterogeneity in care across 

jurisdictions 

 No-

mixi

ng 

Mixing 

level 1 

Mixing 

level 2 

Mixing 

level 3 

No-

mixing 

Mixing 

level 1 

Mixing 

level 2 

Mixing 

level 3 

Overall -

24% 

-27% -30% -30% -30% -31% -33% -33% 

EHE -

41% 

-40% -38% -40% -45% -44% -41% -41% 

Non-EHE -5% -14% -24% -23% -9% -15% -24% -25% 

Values represent the % reduction in cumulative incidence estimate for baseline scenario and 

EHE target scenario (i.e., (EHE target scenario-baseline scenario)/ baseline scenario). 

 

 

Dotted arrow is disease stage specific HIV-diagnosis rate when linked to care at 

diagnosis, represented by ��� 

Dashed arrow is disease stage specific HIV-diagnosis rate when not linked to care at 

diagnosis, represented by 	1 � ���� 

Thick arrow is disease stage specific care-drop-out rate, represented by 
� �� represents the disease stage specific rate of re-entry-to-care 

Figure 6.1 Compartmental simulation model. Transition diagram for care continuum stages and 

disease stages. 
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Figure 6.2  Comparing annual risk-group specific incidence simulated from the National-Model 

and 16 Jurisdictional-Model scenarios (S1 to S16) with NHSS estimates. Comparing national 

estimates for the period 2011 to 2019. Comparing model projections between the 16 Jurisdiction-

Model scenarios for the period 2020 to 2030. NHSS: National HIV Surveillance System; NHSS-

National: national level estimates from NHSS. 
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Figure 6.3  Comparing annual incidence simulated from the 16 Jurisdictional-Model scenarios (S1 

to S16) with NHSS estimate for the year 2018. Comparing model projections between the 16 

Jurisdiction-Model scenarios for the period 2019 to 2030. NHSS: National HIV Surveillance 

System; NHSS-National: national level estimates from NHSS. 
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Figure 6.4  Comparing annual incidence projections between the simulated 16 Jurisdictional-

Model scenarios (S1 to S16) for aggregate EHE and non-EHE jurisdictions for the period 2018 

to 2030. 
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Figure 6.5.a  EHE jurisdiction; Comparing percentage difference of overall incidence between 

mixing scenarios. Comparing no mixing (Scenario 13) with Level-1-mixing (Scenario 14), 

Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each EHE jurisdiction for 

year 2018. 
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Figure 6.5.b  Non-EHE jurisdiction; Comparing percentage difference of overall incidence 

between mixing scenarios. Comparing no mixing (Scenario 13) with Level-1-mixing (Scenario 

14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each non-EHE 

jurisdiction for year 2018. 
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Figure 6.6.a  EHE jurisdictions; Comparing HIV interval between testing in months across years 

(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group MSM. 

Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 

15), and Level-3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years 

2019-2025. For each year the order of HIV interval between testing is no mixing, Level-1-

mixing, Level-2-mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was 

capped at 4 years (48 months) as intervals during intervention years did not exceed 4 years.  
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Figure 6.6.b  Non-EHE jurisdictions; Comparing HIV interval between testing in months across 

years (2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group MSM. 

Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 

15), and Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years 

2026-2030. For each year the order of HIV interval between testing is no mixing, Level-1-

mixing, Level-2-mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was 

capped at 4 years (48 months) as intervals during intervention years did not exceed 4 years.  
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Figure 6.7  Comparing PWH simulated from the 16 Jurisdiction -Model scenarios (S1 to S16) for 

the period with NHSS national and aggregate jurisdiction estimates for the period 2018 to 2030.  

NHSS: National HIV Surveillance System; NHSS-National: national level estimates from 

NHSS; NHSS-Sum of Jurisdictions: sum of jurisdiction level estimates from NHSS. 
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Chapter 7:  Conclusions 

 

 Modeling tools are an asset in understanding existing epidemics and emerging epidemics. 

The studies presented in this dissertation provide valuable contributions to existing literature on 

the frameworks required to tackle disease outbreaks on different levels and scales of population 

(school/university level, county level, state level, or nation level). The methodologies presented 

serve as a tool for analyzing trends in epidemic outcomes (infections, reported cases, 

hospitalizations, and deaths) and evaluate mitigation measures (pharmaceutical and non-

pharmaceutical interventions) that successfully reduce the said outcomes. The intellectual merit of 

this research is the frameworks that can analyze varied interventions for different scales of 

population sizes. Further, the research also evaluates two key parameters that have impact on 

transmission of infection: mixing of populations across different jurisdictions, and changes in 

population demographics and access to care across jurisdictions.  

 The outcomes of this research hope to help make decisions not just for the epidemics 

modeled (i.e., COVID-19 and HIV/AIDS) but also for disease epidemics that share similar 

transmission dynamics and disease natural history. Also, the case study regions only serve as an 

example, but the models can be re-particularized for other regions. The models and outcomes were 

developed to aid public health policy makers in evaluating decisions either for novel disease 

outbreaks or for existing epidemics.  
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Appendices include copyright authorizations for published material and complete 

published material in the journals of Global Epidemiology, Infectious Disease Modeling, and 

PLOS ONE, materials submitted to the journal of BMC Medical Research Methodology, and other 

supporting information for Chapter 6. 
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Appendix H: Tables for Evaluating the Sensitivity of Jurisdictional Heterogeneity and  

 

Mixing in National-level HIV Prevention Analyses: Context of the U.S. Ending the HIV  

 

Epidemic Goal 

 

Table H.1  List of jurisdictions modeled 

List of counties from CDC Atlas 
List of States and dependent areas from 

CDC Atlas 

S. 

no. 

 

Stat

e 
County FIPS 

Modeled/ 

why not 

modeled 

S.no. State 
FIP

S 

Modeled/ 

why not 

modeled 

1. CA 
Alameda 

County 
6001 Yes 1. Alabama 1 Yes 

2. MD 
Baltimore 

City 
24510 Yes 2. Alaska 2 Yes 

3. TX 
Bexar 

County 
48029 Yes 3. Arizona 4 Yes 

4. NY 
Bronx 

County 
36005 Yes 4. Arkansas 5 Yes 

5. FL 
Broward 

County 
12011 Yes 5. California 6 Yes 

6. NV 
Clark 

County 
32003 Yes 6. Colorado 8 Yes 

7. GA 
Cobb 

County 
13067 Yes 7. Connecticut 9 Yes 

8. IL 
Cook 

County 
17031 Yes 8. Delaware 10 Yes 

9. OH 
Cuyahoga 

County 
39035 Yes 9. 

District of 

Columbia 
11 Yes 

10. TX 
Dallas 

County 
48113 Yes 10. Florida 12 Yes 

11. GA 
Dekalb 

County 
13089 Yes 11. Georgia 13 Yes 

12. DC 
District of 

Columbia 
11001 

Modeled 

as a state 
12. Hawaii 15 Yes 
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Table H.1  (Continued) 

13. FL 
Duval 

County 
12031 Yes 13. Idaho 16 Yes 

14. LA 

East Baton 

Rouge 

Parish 
22033 Yes 14. Illinois 17 Yes 

15. NJ 
Essex 

County 
34013 Yes 15. Indiana 18 Yes 

16. OH 
Franklin 

County 
39049 Yes 16. Iowa 19 Yes 

17. GA 
Fulton 

County 
13121 Yes 17. Kansas 20 Yes 

18. GA 
Gwinnett 

County 
13135 Yes 18. Kentucky 21 Yes 

19. OH 
Hamilton 

County 
39061 Yes 19. Louisiana 22 Yes 

20. TX 
Harris 

County 
48201 Yes 20. Maine 23 Yes 

21. FL 
Hillsborough 

County 
12057 Yes 21. Maryland 24 Yes 

22. NJ 
Hudson 

County 
34017 Yes 22. 

Massachusett

s 
25 Yes 

23. 
W

A 
King County 53033 Yes 23. Michigan 26 Yes 

24. NY 
Kings 

County 
36047 Yes 24. Minnesota 27 Yes 

25. CA 
Los Angeles 

County 
6037 Yes 25. Mississippi 28 Yes 

26. AZ 
Maricopa 

County 
4013 Yes 26. Missouri 29 Yes 

27. IN 
Marion 

County 
18097 Yes 27. Montana 30 Yes 

28. NC 
Mecklenbur

g County 
37119 Yes 28. Nebraska 31 Yes 

29. FL 
Miami-Dade 

County 
12086 Yes 29. Nevada 32 Yes 

30. MD 
Montgomery 

County 
24031 Yes 30. 

New 

Hampshire 
33 

Data 

suppresse

d 

31. NY 
New York 

County 
36061 Yes 31. New Jersey 34 Yes 

32. FL 
Orange 

County 
12095 Yes 32. New Mexico 35 Yes 

33. CA 
Orange 

County 
6059 Yes 33. New York 36 Yes 



142 
 

Table H.1  (Continued) 

34. LA 
Orleans 

Parish 
22071 Yes 34. 

North 

Carolina 
37 Yes 

35. FL 
Palm Beach 

County 
12099 Yes 35. North Dakota 38 Yes 

36. PA 
Philadelphia 

County 
42101 Yes 36. Ohio 39 Yes 

37. FL 
Pinellas 

County 
12103 Yes 37. Oklahoma 40 Yes 

38. MD 

Prince 

George's 

County 
24033 Yes 38. Oregon 41 Yes 

39. NY 
Queens 

County 
36081 Yes 39. Pennsylvania 42 Yes 

40. CA 
Riverside 

County 
6065 Yes 40. Rhode Island 44 Yes 

41. CA 
Sacramento 

County 
6067 Yes 41. 

South 

Carolina 
45 Yes 

42. CA 

San 

Bernardino 

County 
6071 Yes 42. South Dakota 46 Yes 

43. CA 
San Diego 

County 
6073 Yes 43. Tennessee 47 Yes 

44. CA 

San 

Francisco 

County 
6075 

Data 

suppressed 
44. Texas 48 Yes 

45. PR 
San Juan 

Municipio 
72127 

Population 

demographi

c data not 

available for 

counties and 

state 

45. Utah 49 Yes 

46. TN 
Shelby 

County 
47157 Yes 46. Vermont 50 Yes 

47. MA 
Suffolk 

County 
25025 

Data 

suppressed 
47. Virginia 51 Yes 

48. TX 
Tarrant 

County 
48439 Yes 48. Washington 53 Yes 

49. TX 
Travis 

County 
48453 Yes 49. 

West 

Virginia 
54 Yes 
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Table H.1  (Continued) 

50. MI 
Wayne 

County 
26163 Yes 

50. Wisconsin 55 Yes 

51. Wyoming 56 Yes 

52. 
American 

Samoa 
60 

Data not 

available 

53. Guam 66 
Data not 

available 

54. 

Northern 

Mariana 

Islands 
69 

Data not 

available 

55. Puerto Rico 72 

Demographi

c data not 

available 

56. 
U.S. Virgin 

Islands 
78 

Data not 

available 

EHE jurisdictions are in blue; states that have EHE counties within them are excluded  

Table H.2  Rates of care continuum and disease progression used in the matrix �� 

From  To  Progression 

type 

Rate* Source 

(A-U) [1] 

(A-ANA) [2] Care Diagnosis rate x 

(1-linkage to 

care) x �� 

Estimated  

(U) >500 [3] Disease 5.88 [1] 

(A-ANA) [2] (ANA) >500 [4] Disease 5.88 [1] 

(U) >500 [3] 

(ANA) >500 [4] Care Diagnosis rate x 

(1-linkage to 

care) x �� 

Estimated 

(ANV) >500 [5] Care Diagnosis rate x 

linkage to care x �� 

Estimated 

(U) 351-500 [7] Disease 0.286 [1] 

(ANA) >500 [4] 

(ANV) >500 [5] Care 0.5 [2] 

(ANA) 351-500 

[8] 

Disease 0.286 [1] 

(ANV) >500 [5] 

(ANA) >500 [4] Care Dropout rate x �� Estimated 

(VLS) >500 [6] Care 1.33 [3] 

(ANV) 351-500 

[9] 

Disease 0.026 [1] 

(VLS) >500 [6] (ANA) >500 [4] Care Dropout rate x �� Estimated 

* Rates in table represent annual rates input to the simulation model  
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Table H.2  (Continued)  

(U) 351-500 [7] 

(ANA) 351-500 

[8] 

Care Diagnosis rate x 

(1-linkage to 

care) x �� 

Estimated 

(ANV) 351-500 

[9] 

Care Diagnosis rate x 

linkage to care x �� 

Estimated 

(U) 201-350 [11] Disease 0.286 [1] 

(ANA) 351-500 

[8] 

(ANV) 351-500 

[9] 

Care 0.5 [2] 

(ANA) 201-350 

[12] 

Disease 0.286 [1] 

(ANV) 351-500 

[9] 

(ANA) 351-500 

[8] 

Care Dropout rate x �� Estimated 

(VLS) 351-500 

[10] 

Care 1.33 [3] 

(ANV) 201-350 

[13] 

Disease 0.026 [1] 

(VLS) 351-500 

[10] 

(VLS) >500 [6] Disease 0.385 [1] 

(ANA) 351-500 

[8] 

Care Dropout rate x �� Estimated 

(U) 201-350 

[11] 

(ANA) 201-350 

[12] 

Care Diagnosis rate x 

(1-linkage to 

care) x �� 

Estimated 

(ANV) 201-350 

[13] 

Care Diagnosis rate x 

linkage to care x �� 

Estimated 

(U) <200 [15] Disease 0.33 [1] 

(ANA) 201-350 

[12] 

(ANV) 201-350 

[13] 

Care 0.5 [2] 

(ANA) <200 

[16] 

Disease 0.33 [1] 

(ANV) 201-350 

[13] 

(ANA) 201-350 

[12] 

Care Dropout rate x �� Estimated 

(VLS) 201-350 

[14] 

Care 1.33 [3] 

(ANV) <200 

[17] 

Disease 0.026 [1] 

(VLS) 201-350 

[14] 

(VLS) 351-500 

[10] 

Disease 0.385 [1] 

(ANA) 201-350 

[12] 

Care Dropout rate x �� Estimated 
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Table H.2  (Continued) 

(U) <200 [15] 

(ANA) <200 

[16] 

Care Diagnosis rate x 

(1-linkage to 

care) x �� 

Estimated 

(ANV) <200 

[17] 

Care Diagnosis rate x 

linkage to care x �� 

Estimated 

(ANA) <200 

[16] 

(ANV) <200 

[17] 

Care 1 [4] 

(ANV) <200 

[17] 

(ANA) <200 

[16] 

Care Dropout rate x �� Estimated 

(VLS) <200 [18] Care 1.33 [3] 

(VLS) <200 

[18] 

(VLS) 201-350 

[14] 

Disease 0.355 [1] 

(ANA) <200 

[16] 

Care Dropout rate x �� Estimated 

Diagnosis rate and Dropout rate are rates of care metrics estimated monthly for each risk group 

Data on linkage to care changes across risk groups, time, and jurisdictions [5] ��= scaling factor for diagnosis rate in disease-stage �, see Table H.3  ��= scaling factor for drop-out rate in disease-stage �, see Table H.4 

 

Table H.3  Scaling factor for diagnosis rate in disease-stage � (��) 

Disease stage Risk group: HM Risk group: HF Risk group: MSM 

Acute 0.090 0.090 0.090 

CD4>500 0.366 0.366 0.366 

CD4 500-350 0.775 0.775 0.776 

CD4200-350 1.337 1.337 1.337 

CD4<200 2.353 2.353 2.352 

 

Table H.4  Scaling factor for dropout rate in disease-stage � (��) 

Disease stage Risk group: MSM 

Acute 1 

CD4>500 1 

CD4 500-350 1 

CD4200-350 1 

CD4<200 0 

The rate of incidence or the number of new infections is calculated using a Bernoulli equation 

(see Section H.3). The rate of deaths from the susceptible population is shown in Table H.5, and 

for infected compartments is shown in Tables H.6 and H.7.  
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Table H.5  Death rates for susceptible population by age and risk group [6] 

Age Risk group: 

HM/MSM 

Risk group: 

HF 

Age Risk group: 

HM/MSM 

Risk group: 

HF 

13 0.000232 0.000138 57 0.009156 0.005647 

14 0.000343 0.000172 58 0.009897 0.006043 

15 0.000465 0.000211 59 0.010671 0.006441 

16 0.000588 0.000251 60 0.011519 0.006886 

17 0.00072 0.000293 61 0.012419 0.007391 

18 0.000858 0.000336 62 0.013307 0.007931 

19 0.000999 0.000379 63 0.014164 0.008508 

20 0.001146 0.000425 64 0.015032 0.009142 

21 0.001288 0.000472 65 0.016013 0.009874 

22 0.001407 0.000515 66 0.017138 0.010717 

23 0.001494 0.000551 67 0.018362 0.01166 

24 0.001556 0.000582 68 0.019693 0.012711 

25 0.00161 0.000612 69 0.021174 0.013894 

26 0.001665 0.000646 70 0.022889 0.015285 

27 0.001717 0.000684 71 0.024869 0.016878 

28 0.001767 0.000729 72 0.027095 0.018607 

29 0.001817 0.000779 73 0.029587 0.020466 

30 0.001865 0.000833 74 0.032394 0.022522 

31 0.001911 0.000887 75 0.035668 0.024929 

32 0.00196 0.000939 76 0.039396 0.027729 

33 0.002014 0.000988 77 0.043453 0.030855 

34 0.002071 0.001034 78 0.047826 0.034321 

35 0.002138 0.001085 79 0.052649 0.038211 

36 0.002211 0.001143 80 0.058206 0.042771 

37 0.002279 0.001205 81 0.064581 0.047992 

38 0.002342 0.001271 82 0.071657 0.053678 

39 0.002405 0.001345 83 0.079465 0.05981 

40 0.002482 0.001429 84 0.088141 0.066584 

41 0.002583 0.001524 85 0.097854 0.074258 

42 0.00271 0.00163 86 0.108747 0.083053 

43 0.00287 0.001748 87 0.120919 0.093123 

44 0.003064 0.001881 88 0.134425 0.10454 

45 0.003285 0.002029 89 0.149273 0.117305 

46 0.003538 0.002195 90 0.165452 0.131392 

47 0.003834 0.002386 91 0.182935 0.146753 

48 0.004178 0.002605 92 0.201679 0.163331 

49 0.004569 0.002851 93 0.221637 0.181064 

50 0.004997 0.003118 94 0.242747 0.199886 

51 0.005462 0.003403 95 0.263672 0.218908 

52 0.005971 0.003714 96 0.284014 0.237815 
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Table H.5  (Continued) 

53 0.006526 0.004052 97 0.303355 0.256265 

54 0.007125 0.004415 98 0.321268 0.273894 

55 0.007766 0.004813 99 0.337332 0.290328 

56 0.008445 0.005233 100 0.354198 0.307747 

 

Table H.6  Death rates for HIV infected without ART [7] 

Disease stage Death rate 

CD4 <200 0.116620159 

CD4 200-350 0.02371429 

CD4 350-500 0.011928287 

CD4 >500 0.007968085 

Acute 0.007968085 

 

Table H.7  Death rates for HIV infected for different disease stages [8] 

Age group Disease stage CD4 > 

350 

Disease stage CD4 > 

200-350 

Disease stage CD4 < 

200 

13-29 0.003626204 0.005050763 0.014833591 

30-39 0.004642914 0.006278342 0.018685359 

40-49 0.006073324 0.008337886 0.025242614 

50-100 0.046050426 0.015897488 0.011459655 

 

Table H.8  Calibrated values of probability of HIV transmission per sexual act of different types 

(vaginal and anal) for different risk groups 

Risk group Vaginal acts Anal acts 

HM 0.0003 0.0011 

HF 0.0007 0.0082 

MSM 0.0022 0.0103 

  

Table H.9  Calibrated values of sexual partnership mixing proportions between different risk 

groups 

Risk group HM HF MSM 

HM 0 100.00% 0 

HF 98.20% 0 1.80% 

MSM 0 40.00% 60.00% 
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Table H.10  Calibrated values for risk-specific age-related partnership mixing proportions 

Risk 

group 

Age 

group 
13-17 18-24 25-29 30-24 35-39 40-44 45-64 65-100 

HM 

13-17 
91.05

% 
4.24% 1.12% 1.12% 1.12% 1.12% 0.23% 0% 

18-24 2.30% 
92.10

% 
1.12% 1.12% 1.12% 1.12% 1.12% 0% 

25-29 6.76% 6.76% 
82.00

% 
1.12% 1.12% 1.12% 1.12% 0% 

30-24 
14.05

% 

14.05

% 

14.05

% 

54.50

% 
1.12% 1.12% 1.12% 0% 

35-39 5.39% 5.39% 5.39% 5.39% 
76.20

% 
1.12% 1.12% 0% 

40-44 4.54% 4.54% 4.54% 4.54% 4.54% 
76.20

% 
1.12% 0% 

45-64 3.97% 3.97% 3.97% 3.97% 3.97% 3.97% 76.20% 0% 

65-

100 
0% 0% 0% 0% 0% 0% 0% 0% 

HF 

13-17 
91.05

% 
6.95% 0.50% 0.50% 0.50% 0.50% 0.00% 0% 

18-24 6.45% 
91.05

% 
0.50% 0.50% 0.50% 0.50% 0.50% 0% 

25-29 0.50% 
39.80

% 

57.70

% 
0.50% 0.50% 0.50% 0.50% 0% 

30-24 0.50% 
43.00

% 
0.50% 

54.50

% 
0.50% 0.50% 0.50% 0% 

35-39 1.50% 
14.70

% 
0.50% 0.50% 

81.80

% 
0.50% 0.50% 0% 

40-44 0.50% 
15.70

% 
0.50% 0.50% 0.50% 

81.80

% 
0.50% 0% 

45-64 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 
100.00

% 
0% 

65-

100 
0% 0% 0% 0% 0% 0% 0% 0% 
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Table H.10  (Continued) 

MSM 

13-17 
91.05

% 
4.69% 0.48% 0.14% 1.09% 0.79% 1.84% 0% 

18-24 4.82% 
48.00

% 
4.79% 1.56% 3.80% 

32.97

% 
4.05% 0% 

25-29 
10.36

% 

16.44

% 

55.90

% 

13.47

% 
1.94% 1.50% 0.39% 0% 

30-24 0.23% 1.29% 
37.58

% 

46.30

% 
2.68% 8.22% 3.69% 0% 

35-39 6.05% 
24.61

% 
0.98% 5.31% 

55.20

% 
1.29% 6.56% 0% 

40-44 3.40% 7.39% 
10.49

% 
4.34% 9.34% 

55.20

% 
9.85% 0% 

45-64 
11.00

% 

10.42

% 
9.99% 

10.52

% 
1.68% 1.18% 55.20% 0% 

65-

100 
0% 0% 0% 0% 0% 0% 0% 0% 

 

Table H.11  Ranges for age and gender-specific number of sexual acts per year [9] 

Age group Female-upper Female-lower Male-upper Male -lower 

13-14 41 20 60 30 

15-17 41 20 60 30 

18-19 127 73 119 68 

20-24 127 73 119 68 

25-29 108 62 110 63 

30-34 93 51 104 59 

35-39 93 51 104 59 

40-44 86 48 95 52 

45-49 86 48 95 39 

50-54 73 40 73 36 

55-59 73 32 73 36 

60-64 62 35 67 24 

65-70 62 35 67 24 

*The ranges were transformed to values by taking the average for each age group and gender 

across upper and lower estimates 
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Appendix I: Figures for Evaluating the Sensitivity of Jurisdictional Heterogeneity and 

Mixing in National-level HIV Prevention Analyses: Context of the U.S. Ending the HIV 

Epidemic Goal 

Figure I.1.a  EHE jurisdiction; Comparing percentage difference of overall incidence between 

mixing scenarios for risk group HM. Comparing no mixing (Scenario 13) with Level-1-mixing 

(Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each EHE 

jurisdiction for year 2018. 
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Figure I.1.b  Non-EHE jurisdiction; Comparing percentage difference of overall incidence 

between mixing scenarios for risk group HM. Comparing no mixing (Scenario 13) with Level-1-

mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each 

non-EHE jurisdiction for year 2018. 
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Figure I.2.a  EHE jurisdiction; Comparing percentage difference of overall incidence between 

mixing scenarios for risk group HF. Comparing no mixing (Scenario 13) with Level-1-mixing 

(Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each EHE 

jurisdiction for year 2018. 
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Figure I.2.b  Non-EHE jurisdiction; Comparing percentage difference of overall incidence 

between mixing scenarios for risk group HF. Comparing no mixing (Scenario 13) with Level-1-

mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each 

non-EHE jurisdiction for year 2018. 

  



155 
 

 
 

Figure I.3.a  EHE jurisdiction; Comparing percentage difference of overall incidence between 

mixing scenarios for risk group MSM. Comparing no mixing (Scenario 13) with Level-1-mixing 

(Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each EHE 

jurisdiction for year 2018. 
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Figure I.3.b  Non-EHE jurisdiction; Comparing percentage difference of overall incidence 

between mixing scenarios for risk group MSM. Comparing no mixing (Scenario 13) with Level-

1-mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for 

each non-EHE jurisdiction for year 2018. 
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Figure I.4.a  EHE jurisdictions; Comparing HIV interval between testing in months across years 

(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HM. 

Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 

15), and Level-3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years 

2019-2025. For each year the order of HIV interval between testing is no mixing, Level-1-

mixing, Level-2-mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was 

capped at 4 years (48 months) as intervals during intervention years did not exceed 4 years.  
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Figure I.4.b  Non-EHE jurisdictions; Comparing HIV interval between testing in months across 

years (2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HM. 

Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 

15), and Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years 

2026-2030. For each year the order of HIV interval between testing is no mixing, Level-1-

mixing, Level-2-mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was 

capped at 4 years (48 months) as intervals during intervention years did not exceed 4 years. 
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Figure I.5.a  EHE jurisdictions; Comparing HIV interval between testing in months across years 

(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HF. Comparing 

no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 15), and 

Level-3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years 2019-2025. 

For each year the order of HIV interval between testing is no mixing, Level-1-mixing, Level-2-

mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was capped at 4 years 

(48 months) as intervals during intervention years did not exceed 4 years.  
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Figure I.5.b  Non-EHE jurisdictions; Comparing HIV interval between testing in months across 

years (2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HF. 

Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 

15), and Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years 

2026-2030. For each year the order of HIV interval between testing is no mixing, Level-1-

mixing, Level-2-mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was 

capped at 4 years (48 months) as intervals during intervention years did not exceed 4 years. 
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Figure I.6.a  EHE jurisdictions; Comparing monthly retention in care rate across years (2020, 

2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HM. Comparing no 

mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-

3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years 2019-2025. For 

each year the order of retention in care is no mixing, Level-1-mixing, Level-2-mixing, and 

Level-3-mixing, respectively.  
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Figure I.6.b  Non-EHE jurisdictions; Comparing monthly retention in care rate across years 

(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HM. 

Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 

15), and Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years 

2026-2030. For each year the order of retention in care is no mixing, Level-1-mixing, Level-2-

mixing, and Level-3-mixing, respectively.  
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Figure I.7.a  EHE jurisdictions; Comparing monthly retention in care rate across years (2020, 

2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HF. Comparing no 

mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-

3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years 2019-2025. For 

each year the order of retention in care is no mixing, Level-1-mixing, Level-2-mixing, and 

Level-3-mixing, respectively.  
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Figure I.7.b  Non-EHE jurisdictions; Comparing monthly retention in care rate across years 

(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HF. Comparing 

no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 15), and 

Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years 2026-

2030. For each year the order of retention in care is no mixing, Level-1-mixing, Level-2-mixing, 

and Level-3-mixing, respectively.  
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Figure I.8.a  EHE jurisdictions; Comparing monthly retention in care rate across years (2020, 

2022, 2025, 2028, and 2030) for different mixing scenarios for risk group MSM. Comparing no 

mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-

3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years 2019-2025. For 

each year the order of retention in care is no mixing, Level-1-mixing, Level-2-mixing, and 

Level-3-mixing, respectively.  
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Figure I.8.b  Non-EHE jurisdictions; Comparing monthly retention in care rate across years 

(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group MSM. 

Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 

15), and Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years 

2026-2030. For each year the order of retention in care is no mixing, Level-1-mixing, Level-2-

mixing, and Level-3-mixing, respectively.  
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Figure I.9  Comparing annual PWH projections between the simulated 16 Jurisdictional-Model 

scenarios (S1 to S16) for aggregate EHE and non-EHE jurisdictions for the period 2018 to 2030. 
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Appendix J: Simulation Compartmental Model 

 

We model HIV epidemic projections through simulation of a continuous-time non-

stationary Markov process {��: Ω�, ��; � = 1: �}. For the national model, the state space of the 

underlying Markov chain is given by Ω��� = {��, �,  ,  !, ", #$}, which is a multivariate state. For 

a jurisdictional model, the state space of the underlying Markov chain is given by Ω%&' =
{��, �,  ,  !, ", #, ($}. 

Where, � ∈ {�*+,!-�./�!}, � ∈ {012324!, Aware no ART, "#� 1> ?@�, "#� ?@�}  

representing the care continuum stage of an HIV infected person or susceptible,  ∈
{ ",*�!, � 4 > 500, � 4 350 � 500, � 4 200 � 350, � 4 < 200} representing the HIV 

disease progression stage of an HIV-infected person or uninfected,  ! ∈ { !2�ℎ}, " ∈
{13, 14, … ,100} representing all ages of a susceptible or HIV-infected person, # ∈
{JK, JL, K�K, }, representing risk group of a susceptible or HIV-infected person, and ( ∈
{1, 2, … ,96}, representing the 96 jurisdictions modeled.  

Every month people move from one compartment to other. If they move between 

compartments of care (i.e., �) it is called care continuum progression and if they move between 

compartments of the disease (i.e.,  ), it is called disease progression. There are 18 infected 

compartments, 1 susceptible, and 1 death compartment. Therefore, the simulation compartmental 

consists of a total of 20 compartments altogether. The matrix �� represents non-stationary (i.e., 

varying over time) rate of transition between the states of care continuum and disease progression. 
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By applying Euler’s numerical integration, we can simulate the epidemic over time using O�PQ =
O� + O���∆� 

Where, O�PQ is a vector of size |Ω���| or |Ω%&'| with each element representing the number 

of people in that stage. We start the simulation with some initial values of O� (here we used 

distribution of the U.S. population in 2010 year-end for the national model and 2017 year-end for 

the jurisdictional model as the initial value of O�).  

We present the transition rates that fill up the matrix ��, which are obtained through 

literature studies, surveillance data, or estimated in our model to fit to combinations of O�PQ and 

O� in Table H.2.  
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Appendix K: Numerical Estimation of Rates 

 

As numerical estimation of rates is computationally expensive, we derive an analytical 

approximation of unknown rates by considering a collapsed/simplified state space of the Markov 

process discussed in Appendix J.  

Let {U�: ΩV, �̅�; � = 1: �}, be the Markov process with underlying Markov chain on a 

collapsed state space for each risk group (HM, HF, MSM). The new state space can be represented 

as ΩV = {��̅, R, J$}.  
Where �̅ ∈ {0, ", ?}, 0 =  ⋃ ⋃ {�0,  � , "[$}\ ,]  " =  ⋃ ⋃ {�"324! 1> "#�,  � , "[$}\ ,]  ? = 

⋃ ⋃ {�"#� 1> ?@�,  � , "[$ ∪ �"#� ?@�,  � , "[$ }\] , 2 ∈ {13, 14, … ,100}, and � ∈
{ ",*�!, � _ > 500, � _ 350 � 500, � _ 200 � 350, � _ < 200}. 

This method combines all ages and disease progression stages into one state. Further, note 

that it combines stages ART no VLS and ART VLS as ?. π� considers national data when 

implementing this method for the national model and π� considers the jurisdiction specific data for 

J when implementing this method for the jurisdictional model. To calculate/calibrate the two 

unknown rates, diagnosis rate and dropout rate, for each risk group, we collapse the compartmental 

model seen in Figure 6.1 in the Manuscript into the following structure (see Figure K.1). At any 

time-step � (monthly), values for a�bQ and -�bQ,c for each + ∈ {0, ", ?} are known as they are 

estimated at the previous time-step of simulation. We iteratively estimate:  

• New infections using the Bernoulli equation in Appendix L 

• Mortality as discussed in Appendix H using data presented in Tables H.5, H.6, and H.7 
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• Data for ��  and �� are available through literature data as discussed in Appendix H  

• Diagnostic rate �� is unknown and calibrated along with number of new diagnoses  

��,dec]f�bQ,g,�,dec]��  

• Dropout rate 
� is unknown and calibrated along with number of people who dropped 

out of care 
�a�bQ-�bQ,h  

• We are only estimating the dropout rate for CD4 count >200. For CD4 count <200, we 

assume dropout is 0 and this is modeled by making �� = 0 for CD4 count < 200. 

• Finally, we apply the estimated rates for �� and 
� into the generator matrix �� (rates 

in Table H.2) to estimate O�PQ.  

Let, �� = 1/12 (monthly), + = care continuum stage; + ∈ {0, ", ?}; U = unaware; A= 

aware; V = prescribed ART (with VLS + no VLS), � = disease progression stage; � ∈
{ ",*�!, � _ > 500, � _ 350 to 500, � _ 200 to 350, � _ < 200}, a� = total number of people 

living with HIV (PWH) (estimated prevalence), -�,c= proportion of people in care-stage + at time 

�, f�,c,� = number of people in care-stage + and disease-stage � at time �, ��= scaling factor for 

diagnosis rate in disease-stage �, ��= scaling factor for drop-out rate in disease-stage �, .�= new 

infections generated at time t, j�,c,� = number of deaths in the care-stage + and disease-stage � at 

time t, �� = diagnosis rate at time t, 
� = dropout rate at time t (dropout rate for CD4 < 200 = 0, 

because <200 is AIDS so assume they will stay in care), and � = re-entry rate (assumed 0.5 for 

CD4 >= 200 and 1 for CD4 < 200).  

We estimate rates �� and 
� by calibrating to surveillance data for -�,ca� ; � ∈ {0, ", ?}. 

We estimate these rates specific to risk group for the National-model and specific to both risk 

group and jurisdiction for the Jurisdictional-Model but exclude this in notation for clarity. The 
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initial data for distribution of population in care stages, i.e., -�,c for both National-model and 

Jurisdictional-model is taken from NHSS data [5]. Projections for these proportions over time are 

estimated using the simulation model.  

For a sufficiently small incremental time-step, � + 1 (we use monthly increments), we can 

write the equations for the number of people in each stage by formulating it as a system of 

differential equations. 

-�PQ,ca�PQ = -�,ca� + �kl,mnl��                                   (1) 

Where,  
�kl,mn

��  is the rate of the change in -�,ca, i.e., the change in the number of infected 

persons in stage + at time t. We discuss below the derivation of  �� and 
�. 

K.1 Estimation of Diagnosis Rates 

Expanding (1) for + =  0 (Unaware stage),  

a�-�,g,dec] = a�bQ-�bQ,g,dec] + .�,dec] � ��,dec] ∑ ��a�bQ,-�bQ,g,dec],�� � ∑ j�,g,dec]�    
��,dec] =  el,pqmrPnlst klst,u,pqmrbnl kl,u,pqmrb∑ vwl,u,x,pqmryx∑ zxnlstklst,u,pqmr,xx   

Computationally,  

• a�,dec] = a�bQ,dec] + .�,dec] � ∑ vj�,g,�,dec] + j�,{,�,dec] + j�,h,�,dec]y�  

• -�,g,dec] = -�bQ,g,dec] +  [u,|,pqmrb[u,|st,pqmrQ/�� =  ∑ ~lst,u,x,pqmrx nlst,pqmr +  [u,|,pqmrb[u,|st,pqmrQ/��  

• diagnostic rate ��,dec] =  el,pqmrP∑ ~lst,u,x,pqmrx bnl kl,u,pqmrb∑ vwl,u,x,pqmryx∑ v~lst,u,x,pqmrzxyx ; and  

• corresponding number of people that are diagnosed are ��,dec] ∑ f�bQ,g,�,dec]���   
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K.2 Estimation of Dropout Rates 

Expanding (1) for + =  ? (prescribed ART),  

a�-�,h,dec] = a�bQ-�bQ,h,dec] + ��,dec]��,dec] � a�bQ-�bQ,g,�,dec]��
�

+ � ��a�bQ-�bQ,{,�,dec] � 
�,dec] � a�bQ-�bQ,h,�,dec]��
�

 � �vj�,h,�,dec]y
��

 

 


�,dec]

= a�bQ-�bQ,h,dec] + ��,dec]��,dec] ∑ a�bQ-�bQ,g,�,dec]��� + ∑ ��a�bQ-�bQ,{,�,dec]� � ∑ vj�,h,�,dec]y � a�-�,h,dec]�∑ a�bQ-�bQ,h,�,dec]���  

Computationally, calculate  

• a�,dec] = a�bQ,dec] + .�,dec] � ∑ vj�,g,�,dec] + j�,{,�,dec] + j�,h,�,dec]y�    
• -�,h,dec] = -�bQ,h,dec] +  [�,|,pqmrb[�,|st,pqmrQ/�� = ∑ ~lst,�,x,pqmrx nlst,pqmr + [�,|,pqmrb[�,|st,pqmrQ/��    
• drop-out rate 
�,dec]  =

∑ ~lst,�,x,pqmrx P�l,pqmr�l,pqmr ∑ v~lst,u,x,pqmrzxyx P∑ �l,x~lst,�,x,pqmr x b∑ vwl,�,x,pqmryx bnlkl,�,pqmr∑ v~lst,�,x,pqmr �xyx ; and 

• corresponding number of people who drop-out are 
�,dec] ∑ vf�bQ,h,�,dec]��y�  
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Figure K.1  Flow diagram for disease incidence and transition along the stages of care continuum. 

S: Population susceptible, U: population Unaware, A: population Aware no ART, V: population 

with ART no VLS and ART VLS,  �: diagnostic rate, �: rate of entering care and treatment among 

those not in care, and ρ: rate of dropping out of care, and �: proportion linked to care at diagnosis 
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Appendix L: Estimation of Incidence using Bernoulli Model 

 

Transmission parameters estimate the rate at which people move from the susceptible 

compartment to the first infected compartment (i.e., Acute Unaware stage, see Figure K.1 in 

Manuscript). This is also defined as the number of new infections generated. To determine this, 

we develop a Bernoulli model, however, the method to estimate the number of new infections is 

slightly different for the National-model and Jurisdictional-model.  

L.1  National Model 

We apply the following Bernoulli equation for calculating the number of new infections 

generated for each susceptible person in age group �Q and risk group �Q. 

Number of new infections in risk group �Q and age group �Q 

=  ��Q,�Q�1 � ∏ �M�t,�t,����t,�t,q��e�Q $                       (2) 

Where, 

K�t,�t,e =  �1 � �1 � �v1 � �-̅�,�t-e�yw�, v1 � �-�,�t-e�yw�, ¡v1 � �-̅[,�t-e�yw¢,£v1 �
�-[,�t-e�yw¢, ¡¤¥¤  

-̅�,�Q =  -�,�Q	1 � ¦�  

-̅[,�Q =  -[,�Q	1 � ¦�  

j�,  =  §�,�t,�t	vQb �t,�ty qP �t,�t�
��t,�t   

j�, ¨ =  §�,�t,�tvQb �t,�ty	Qb q�
��t,�t   
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j[,  =  §¢,�t,�t	vQb �t,�ty qP �t,�t�
��t,�t   

j[, ¨ =  §¢,�t,�tvQb �t,�ty	Qb q�
��t,�t   

©�Q,�Q,e = ��Q,�Q ∑ ∑ 4.+ª�Q,�«2¬!�Q,�Q n�­,�­,q~�­,�­
Q���«�Q���«�Q   

®v1 � ,�Q,�Qy,e + ,�Q,�Q¯ + v1 � ,�Q,�Qy	1 � ,e� = 1  

Let, ��Q,�Q = number of susceptible in risk group �Q, and age group �Q, -�,�Q = probability 

of transmission for vaginal acts for risk group �Q, -[,�Q = probability of transmission for anal acts 

for risk group �Q, ¦ = probability of condom effectiveness, -e = multiplicative factor for increase 

in transmission probability based on infected compartment ., 1�,�Q,�Q = number of vaginal acts for 

risk group �Q, and age group �Q, 1[,�Q,�Q = number of anal acts for risk group �Q, and age group 

�Q, ,�Q,�Q = proportion of condom use for risk group �Q, and age group �Q, ,e = proportion reduction 

in number of unprotected acts for risk group �Q, and age group �Q for people in infected 

compartment ., ��Q,�Q = number of partners for risk group �Q, and age group �Q, 4.+ª�Q,�« = risk 

specific mixing proportion between risk group �Q and �«, 2¬!�Q,�Q = age specific mixing 

proportion between age group �Q and �«, a�«,�«,e = number of infected in risk group �«, age group 

�«, and infected compartment ., and f�«,�« = number of people in risk group �«, age group �«. 

Where, �Q21� �« ∈ {JK, JL, K�K}, �Q21� �« ∈ {13,14, … ,100}, and . ∈ {1, 2, … , 18}. 

To calculate the total number of infections by the model we would sum the Bernoulli 

equation across all risk groups and age groups. Total number of new infections generated by the 

national model can be calculated as follows: 
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� � ��t,�t ±1 � ²�K�t,�t,e���t,�t,q
Q³

e�Q
´

Q��

�t�Q�

�

�t�Q
 

  We used the national model to calibrate sexual parameters such as transmission probability 

(see Table H.8), sexual partnership mixing (see Table H.9), and risk-specific age-related mixing 

(see Table H.10), number of sexual acts (see Table H.11). 

L.2  Jurisdictional Model 

We apply a modified version of the Bernoulli equation presented for the national model to 

calculate the number of new infections generated for each susceptible person in age group �Q, risk 

group �Q and jurisdiction µ =  

� � ��t,�t,\ ±1 � ²�K�t,�t,e�∑ we�e§¶�t,·,¹̧  �¹̧,�t,�t,q·º¹̧»·t
Q³

e�Q
´

Q��

�t�Q�

�

�t�Q
  

Where, the components different from equation (2) are  

©¼̂,�t,�t,e = ��Q,�Q � � ¾4.+ª�Q,�«2¬!�Q,�Q a�­,�­,e,¼̂f�­,�­,¼̂¿
Q��

�«�Q�

�

�«�Q
 

Let, ��Q,�Q,\t = number of susceptible in risk group �Q, and age group �Q, and geographical 

jurisdiction µQ, a�«,�«,e,¼̂ = number of infected in risk group �«, age group �«, compartment ., and 

jurisdiction À̂, f�«,�«,¼̂ = number of people in risk group �«, age group �«, and jurisdiction À̂, 
j.�.1¬�t,\,¼̂ = proportion of mixing of risk group �Q located in jurisdiction µ with PWH located in 

jurisdiction À̂, and µ 21� À̂ ∈ {µQ, µ«, … , µÁÂ}. The total number of new infections generated by the 

jurisdictional model can be calculated as follows: 

=  � � � ��t,�t,\t ±1 � ²�K�t,�t,e�∑ we�e§¶�t,·,¹̧  �¹̧,�t,�t,q·ÃÄ¹̧»·t
Q³

e�Q
´

Q��

�t�Q�

�

�t�Q

\ÃÄ

\�\t
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