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Operations research methods have been commonly used to inform decisions in health care

related to inventory management, policy implementation, and resource allocation. However,

the current research does not address many of the unique challenges and objectives faced by

decision makers and stakeholders involved in managing infectious diseases. The aim of my

dissertation research is to develop practical and e↵ective methods that address these chal-

lenges and objectives, with the goal of improving health outcomes and promoting equity. To

achieve this goal, my research combines state-of-the-art mathematical modeling methodolo-

gies with the perspectives of several organizations and researchers across multiple disciplines.

It employs various methodologies, including mathematical optimization, dynamic transmis-

sion compartmental modeling, and statistics. The challenges and objectives addressed in

this research, include but are not limited to dynamics and uncertainties in demand, supply,

and health outcomes, multiple objectives, and vulnerabilities of populations,

This research contributes to three realistic applications, including:

(i) inventory and order management for multiple healthcare commodities and populations

during an infectious disease outbreak;

(ii) policy analysis of tuberculosis (TB) and HIV health care program interventions in

KwaZulu-Natal, South Africa;



(iii) budget allocation to regional TB and HIV health care programs across the nine provinces

of South Africa.

These applications address the critical challenges and objectives of managing infectious

diseases. In order to identify and address these critical challenges and objectives, I col-

laborated with several organizations and researchers across multiple disciplines, including

epidemiologists, economists, and public health o�cials. One of the common challenges iden-

tified during these collaborations was the discrepancy between available and required input

data to execute current modeling approaches. Therefore, one contribution of this disserta-

tion is to develop approaches that use readily available data and incorporate uncertainty to

o↵er practical decision support.

In addition to incorporating uncertainty, this research creates decision support approaches

that account for the dynamic nature of infectious diseases. For instance, the inventory and

order management application considers not only uncertainties in lead time, supply, and de-

mand over time, but also accounts for the rippling e↵ects of various supply chain components

on optimal inventory and order management decisions. Furthermore, it is designed to gen-

erate recourse decisions that take into account these rippling e↵ects when new information

arises. I also introduce two versions of a dynamic transmission compartmental model of TB

and HIV disease progression to project health outcomes under health care program interven-

tions across the nine provinces of South Africa. Both versions of the dynamic transmission

compartmental model are calibrated using available data, and identify a range of accepted

parameter sets that represent uncertainties in TB- and HIV-related health outcomes. The

budget allocation application uses the projections from the second version of the dynamic

transmission compartmental model across accepted parameter sets to estimate the mean and

variance of health outcomes to statistically capture uncertainty.

A second contribution is the consideration of multiple objectives and providing trade-o↵

analyses to decision makers. For instance, the inventory and order management application



balances the impact of commodity substitutions with delays in meeting demand forecasts

with the use of a new Healthcare Commodity Metric in the objective function. The policy

analysis of TB and HIV health care program interventions evaluates the trade-o↵s between

improved health outcomes and additional costs of implementing program interventions com-

pared to the standard of care. The multiple objective optimization for the budget alloca-

tion application balances overall health outcomes with equity, and identifies a set of Pareto

optimal solutions that probabilistically meet a budget constraint and are probabilistically

non-dominated.

A third contribution is to take into account the unique vulnerabilities of di↵erent popu-

lations. For example, the inventory and order management application allows users to pri-

oritize populations with specific commodities based on their criticality. This is particularly

important for vulnerable populations, who may be disproportionately impacted by delays

or substitutions in meeting their demand for healthcare commodities. To ensure that these

populations are given priority, the Healthcare Commodity Metric integrates a user-specified

criticality measure. The budget allocation application considers the unique vulnerabilities

of regional populations by calibrating the second version of the dynamic transmission model

of TB and HIV disease to regional calibration targets that correspond to each of the nine

provinces of South Africa. Regional projections are used to estimate the overall health

outcome and equity objectives used in the budget allocation approach.

Decision makers and stakeholders face unique challenges and objectives when managing

infectious diseases. The three applications and methodologies provide practical approaches

that address these challenges and objectives and pave the way for new, more practical,

e↵ective, and equitable approaches to decision making in health care to manage infectious

diseases.
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1

Chapter 1

INTRODUCTION

Key stakeholders worldwide have continually emphasized that operations research meth-

ods are a critical component in alleviating challenges in health care decision making [41, 99].

As a result, there have been concerted e↵orts of these stakeholders to engage operations

researchers [3, 149] to create models that can inform decisions related to inventory and order

management [14, 154], policy decisions [65, 133], and resource allocation [9, 82].

However, managing infectious diseases is challenging due to uncertainties and dynamics

of infectious diseases, complex issues involving multiple criteria and stakeholders, and the

di↵ering vulnerabilities of populations. To address the challenges in managing infectious dis-

eases, my dissertation research combines mathematical optimization, dynamic transmission

compartmental modeling, and statistical methods in the development of practical approaches

for decision makers in health care. I collaborated with public health o�cials, epidemiolo-

gists, and economists to identify and determine how to best address these challenges in three

realistic applications, including:

(i) inventory and order management for multiple healthcare commodities and populations

during an infectious disease outbreak;

(ii) policy analysis of tuberculosis (TB) and HIV health care program interventions in

KwaZulu-Natal, South Africa;

(iii) budget allocation to regional TB and HIV health care programs across the nine provinces

of South Africa.



2

1.1 Motivation

The dynamic and uncertain nature of infectious diseases makes it di�cult to reliably

project health outcomes, demand and supply of healthcare commodities, and costs over time.

These complex and uncertain projections make it challenging to reliably inform decisions

related to inventory and order management, policy decisions, and resource allocation to

manage the negative impacts of infectious disease. Dynamic transmission compartmental

models have been widely used to project health outcomes, demand and supply of healthcare

commodities, and costs over time [65, 133, 143]. However, in the absence of decision making

tools that consider these dynamics and uncertainties, it is di�cult for decision makers to

understand and plan for uncertainties associated with their possible decisions. Additionally,

the lack of models that enable decision makers to adapt to new information as it becomes

available only compounds these di�culties in managing uncertainties. Without adaptable

models, decision makers are forced to make quick adaptations with inadequate information

when new data reveals changes to projections [97, 141].

When decisions are not properly planned for and adapted, it can have a negative impact

on stakeholders a↵ected by the decision making process. To avoid any negative impacts, it is

important to involve various stakeholders and consider their challenges and objectives. How-

ever, due to the lack of collaborative approaches, siloed decision makers are forced to make

guesses regarding the potential impact of their decision on others [84, 97, 106, 128]. Fur-

thermore, coordinating multiple decision makers often require the consideration of multiple

objectives. However, the majority of mathematical optimization approaches focus on im-

proving a single health outcome and disregard other goals, such as equity between regions,

that may be important to stakeholders [9, 65]. Disregarding objectives related to health

equity can result in a disproportionate impact of infectious diseases among the most vulner-

able communities. These complex challenges and objectives require new model formulations

and solution techniques that account for the dynamics and uncertainties of demand, supply,

and health outcomes, multiple objectives of relevant stakeholders and decision makers, and
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varying population vulnerabilities [9, 82].

1.2 Research Applications and Contributions

The primary objective of this dissertation research is to develop practical approaches that

balance overall health outcomes and equity objectives while simultaneously accounting for the

uncertainties and dynamic nature of infectious diseases. In this dissertation, I present three

research applications that address gaps in the existing literature and account for the unique

challenges and objectives related to managing infectious diseases. My research contributes

to applications that consider: (1) dynamics and uncertainties of demand, supply, and health

outcomes, (2) multiple objectives, and (3) varying population vulnerabilities.

1.2.1 Inventory and Order Management for Healthcare Commodities During

an Infectious Disease Outbreak

During the coronavirus (COVID-19) pandemic, limited supply, global supply chain dis-

ruptions, and demand volatility for healthcare commodities, such as personal protective

equipment (PPE), resulted in shortages of commodities needed to limit transmission rates

and treat infected individuals. To alleviate the impacts of these shortages, various govern-

mental, non-governmental, private, and non-profit organizations expanded and established

programs to acquire, store, and distribute healthcare commodities to organizations and in-

dividuals within their jurisdictions [61, 68, 114, 122, 150]. Unfortunately, there is a lack of

modeling approaches to support the unique challenges and objectives of these organizations

during an infectious disease outbreak [33, 107, 141].

The inventory and order management optimization model presented in Chapter 2 was

built in collaboration with several organizations managing inventory for healthcare commodi-

ties during the COVID-19 pandemic to identify and address these challenges and objectives.

It aims to minimize the consequences of delays and substitutions for multiple healthcare

commodities and populations that vary in vulnerability. It uses linear optimization to pro-
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vide optimal ordering schedules (amount and timing) for a set of healthcare commodities and

populations, such as masks for healthcare providers, during an infectious disease outbreak.

The first contribution is to methods that incorporate dynamics and uncertainties of de-

mand and supply into inventory and order management. During the COVID-19 pandemic,

decision makers were forced to quickly adapt supply chain decisions to dynamic demand and

supply patterns, geopolitics, and infection rates on a global scale with little information or

guidance. These adaptions had a rippling e↵ect on all supply chain management processes,

from procurement to inventory management to resource allocation. Limitations in inven-

tory and order management modeling forced supply chain managers to guess how decisions

outside of their specific role might change and account for the potentially rippling e↵ects

of these decisions on theirs [84, 106, 128]. For example, it was di�cult to determine how

new information regarding the arrival time of ordered healthcare commodities would impact

optimal ordering plans and the budgetary needs for ordering healthcare commodities. A

compounding issue was the lack of e↵ective communication between supply chain levels to

coordinate decisions. The magnitude of external influences and factors that impact health-

care outcomes, and the lack of agile and collaborative decision-making tools forced supply

chain managers to adapt quickly without adequate information.

To address these challenges, the inventory and order management model is designed to

manage uncertainty across supply chain levels over time. The optimization model accounts

for uncertainties at di↵erent levels of the supply chain (e.g., procurement, inventory manage-

ment) that can impact an organization’s ability to deliver healthcare commodities to their

final destination. The model uses future demand projections (possibly from an infectious

disease model) and supply projections (possibly from supplier information) to formulate a

chance constraint and approximate lead times through a discretized probability distribution.

Furthermore, it is agile so that it can be adapted quickly to new information regarding de-

mand, supply capacities, supply costs, and lead times. The model is collaborative in that it

considers the impacts of warehouse capacities, supplier portfolios, and budgets so that the
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same model can support strategic and operational decision making.

The second contribution is to multiple objective models that balance the impacts of sub-

stitutions with delays of healthcare commodities. During the COVID-19 pandemic, organi-

zations faced challenges in obtaining the supply needed to fulfill the demand for healthcare

commodities in a timely manner. To mitigate delays in fulfilling demand, they substituted

healthcare commodities with comparable items. However, these substitutions were often not

ideal as they could reduce protection, lower treatment e↵ectiveness, and increase ordering

costs. To address this challenge, the optimization formulation considers both the negative

impacts of commodity substitutions and delays in meeting demand. The created model bal-

ances the impacts of substitutions with delays and allows decision makers to evaluate the

trade-o↵s.

The third contribution is to models that account for the disproportionate impact of inad-

equate healthcare commodities on vulnerable populations. Delays and substitutions can have

a disproportionate e↵ect on vulnerable populations. For instance, health care workers are

generally more vulnerable to infection without medical-grade masks than other populations.

To address this issue, a new Healthcare Commodity Metric is introduced that quantifies the

relative consequences of delays and substitutions on various populations and commodities

using suitability- and criticality-based inputs. This Healthcare Commodity Metric is used in

the optimization model to balance the impacts of delays and substitutions on populations

with varying vulnerabilities.

1.2.2 Policy Analysis of Healthcare Interventions for TB and HIV Care

Delivery Programs in KwaZulu-Natal, South Africa

People living with HIV (PLWH) are at increased risk of progression to active TB disease

and death due to their weakened immune systems from HIV disease [2, 12, 23, 96, 101, 103,

158]. Antiretroviral therapy (ART) is used to treat HIV and reduces the risk of progression
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to active TB disease and dying while infected with TB [134]. TB preventative treatment

(TPT) with isoniazid, when given with ART, further reduces the risk of progression to active

TB disease [116].

ART and TPT are both part of the recommended care for PLWH. However, not all PLWH

receive ART or TPT care [16, 50]. Public health o�cials in South Africa are interested in

policy analysis to evaluate the impact of interventions that increase the uptake of ART and

TPT. Recently, the Delivery Optimization for Antiretroviral Therapy (DO ART) household-

randomized trial of community-based ART with TPT care delivery in South Africa and

Uganda demonstrated that community-based care increases ART and TPT uptake, particu-

larly among men [16]. However, the longer-term impact of increased ART and TPT uptake

on incident TB and deaths from community-based care delivery was not quantified among

trial participants, nor were TB incidence or deaths quantified among community members

who were not in the trial.

The policy analysis presented in Chapter 4 was built in collaboration with epidemi-

ologists and health economists to evaluate the impact of three care delivery programs in

KwaZulu-Natal, South Africa, including: standard facility-based ART and TPT care deliv-

ery, community-based ART care delivery and facility-based TPT care delivery, and community-

based ART with TPT care delivery. It uses the dynamic transmission compartmental model

of TB and HIV transmission and disease progression presented in Chapter 3 (version one) to

project health outcomes among 100,000 adults, ages 15-59, in KwaZulu-Natal, South Africa.

The first contribution is to methods that project dynamics and uncertainties of TB- and

HIV-related health outcomes and costs. Reliable projection of TB and HIV health outcomes

and costs requires the consideration of several complex factors. For example, PLWH have an

increased likelihood of developing active TB disease and dying with active TB, which depends

on their stage of HIV [2, 12, 23, 56, 80, 96, 101, 103, 134, 135, 158]. Increased uptake of ART

and TPT from community-based care can reduce the risk of developing active TB disease

among PLWH [109, 116, 137], and can indirectly impact TB health outcomes among people
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without HIV through reduced community TB transmission.

To simulate these complex dynamics, I collaborated with epidemiologists to develop a

dynamic transmission compartmental model that considers the implications of TB and HIV

co-infection. It accounts for factors such as the increased likelihood of developing active TB

disease and the risk of mortality among PLWH, and the reduced risk of developing active

TB for PLWH treated with ART and TPT. The model includes people without HIV to allow

the model to estimate the indirect health benefits of community-based ART with TPT for

people without HIV.

Model parameters reflect findings from the DO ART trial [16] and other scientific liter-

ature. The model is calibrated over 34 parameters. A range of accepted parameter sets are

identified through calibration by comparing model projections for a set of candidate param-

eter sets against ten regional calibration targets, including TB incidence and TB mortality

estimates by HIV status (HIV-positive and HIV-negative) and gender, and HIV prevalence

by gender across two years in KwaZulu-Natal, South Africa. Projections of TB- and HIV-

related health outcomes and costs are provided across a range of accepted parameter sets

that meet all calibration targets to represent uncertainties.

The second contribution is developing methods that aid decision makers in evaluating

the trade-o↵s of improved health outcomes and additional costs with community-based care

relative to standard, facility-based care. The model projects TB incidence, TB mortality,

disability-adjusted life years (DALYs), and program costs under the three care delivery pro-

grams. We compare the number of TB cases, deaths, DALYs averted, and additional pro-

gram costs with community-based care relative to standard, facility-based care. To evaluate

the trade-o↵s of improved health outcomes with additional costs, we quantify incremental

cost-e↵ectiveness ratios from the provider perspective.

The third contribution is to insights into how community-based care delivery programs

can reduce gender disparities in TB health outcomes. Across nearly all regions globally,

and in South Africa specifically, under standard facility-based ART and TPT care delivery,
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there is a smaller proportion of men living with HIV that achieve viral suppression, as

compared to women living with HIV [142]. The community-based care arm of the DO ART

trial observed an increased proportion of all PLWH with HIV achieving viral suppression,

particularly among men as compared to women, [16], thus reducing gender disparity in HIV

viral suppression.

To analyze the impacts of community-based care delivery on reducing gender disparities,

we compare model projections on TB incidence and TB mortality by gender under the

three care delivery programs. The model accounts for other gender di↵erences identified

in the literature, including mortality rates, HIV incidence, e↵ective contact rates, and CD4

decline. The analysis shows a reduction in gender disparities related to TB incidence and

TB mortality under community-based care, compared to standard facility-based care.

1.2.3 Allocation of Budget to TB and HIV Health Care Programs across

South Africa’s Nine Provinces

While community-based ART with TPT care has been shown to improve health out-

comes, the higher costs associated with community-based care may make implementation

throughout a country una↵ordable [9]. Allowing the implementation of programs by region

could enhance health outcomes while remaining within a fixed national budget [7, 35, 83].

However, there is a lack of approaches that consider regional dynamics and uncertainties

of health outcomes and costs, the complex issues involving multiple criteria and stakehold-

ers, and the unique regional population characteristics needed to inform budget allocation

decisions to regional health care interventions [9].

The budget allocation optimization approach presented in Chapter 5 explores the best

combinations of regions to prioritize for community-based HIV and TB care delivery pro-

grams, given a national budget. It aims to minimize inequities in TB- and HIV-related

mortality rates between regions as well as minimize national TB- and HIV-related deaths.

It integrates multiple objective optimization, a dynamic transmission model of TB and HIV
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disease (the second version presented in Chapter 3), and statistical methods to generate a

set of Pareto optimal solutions that are probabilistically non-dominated and probabilistically

meet the budget constraint.

The first contribution is to methods that project dynamics and uncertainties of TB- and

HIV-related health outcomes and costs. Model projections of infectious disease progression

are inherently uncertain. An optimization model that does not consider uncertainties in TB-

and HIV-related health outcomes and costs might disregard factors important to decision

makers and stakeholders, such as variability in health outcomes and financial risks.

In the budget allocation application, dynamics and uncertainties in health outcomes and

costs are projected with the use of the dynamic transmission model of TB and HIV disease

(the second version presented in Chapter 3). Model uncertainties in TB- and HIV-related

health outcomes by region are considered by identifying a range of accepted parameter sets

that meet all calibration targets. The projected health outcomes for all accepted parameter

sets are used to estimate the mean and variance of each health outcome to statistically

capture uncertainty.

The second contribution is to consider multiple objectives that balance equity and e↵ec-

tiveness. The majority of budget allocation approaches aim to reduce the overall health

burden. However, reducing the overall health burden is often not a health system’s only

objective. There are other factors, such as equity, financial risk and other political factors,

that are important to stakeholders and decision makers.

The optimization approach in the budget allocation application considers two objectives

that quantify inequity and e↵ectiveness and a budget constraint. The first objective function

represents inequity in TB- and HIV-related mortality rates across regions. The second objec-

tive function is the total TB- and HIV-related deaths summed over all regions. The budget

constraint captures the risk of exceeding a national budget. The approach uses the sample

mean and sample variance for each objective function. The approach returns a set of Pareto

optimal solutions that probabilistically meet the budget constraint and are probabilistically
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non-dominated.

The third contribution is to analyses that account for regional di↵erences. It is crucial

to account for regional di↵erences in TB- and HIV-related health outcomes when evaluat-

ing interventions to ensure that vulnerable populations are considered in allocating limited

budgetary resources. However, identifying regional di↵erences in health outcomes and eval-

uating the impact of various combinations of regional interventions across a nation can be

challenging.

To capture regional di↵erences, the approach considers 31 calibrated model parameters,

nine that vary by region (e.g., HIV incidence rates) and 22 that are constant over all regions

(e.g., reduced risk of progression from TPT). The model projects health outcomes by region

under two care delivery programs.

The analyses indicate that health benefits of the two programs di↵er by region, and

regions with a high-burden of TB and HIV disease show greater improvement compared to

regions with a low-burden of TB and HIV disease. However, the increased cost also varies

by region characteristics. The analyses considers both health outcomes and costs when

evaluating the allocation of limited budget to care delivery programs.

The following chapters describe the development of practical multi-objective optimiza-

tion approaches for decision making in healthcare to manage infectious diseases. Chapter 2

provides the inventory and order optimization model. Chapter 3 describes the two ver-

sions of the dynamic transmission compartmental model of TB and HIV disease progression.

Chapter 4 provides a policy analysis of TB and HIV health care program interventions in

KwaZulu-Natal, South Africa. Chapter 5 provides the approach for the budget allocation

application for regional TB and HIV care delivery programs across the nine provinces of

South Africa. Finally, Chapter 6 gives concluding remarks and future research.
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Chapter 2

AN INVENTORY AND ORDER MANAGEMENT
OPTIMIZATION MODEL FOR HEALTHCARE

COMMODITIES DURING AN INFECTIOUS DISEASE
OUTBREAK

This chapter presents an inventory and order management model that accounts for a

healthcare commodity supply chains’ unique risks and objectives during an infectious dis-

ease outbreak to inform ordering plans and inventory strategies. Most of this chapter was

submitted for publication in the Annals of Operations Research Journal in February 2022,

and a revision was submitted in May 2023.

To guide the development of the inventory and order management model presented in

this chapter, I collaborated with several organizations managing inventory for healthcare

commodities during the coronavirus (COVID-19) pandemic. Through these collaborations,

I identified the unique challenges, decisions, and objectives they faced during this time and

determined how these factors could be reflected in the optimization model. One challenge

was uncertainties along the supply chain. To address this challenge, the model accounts for

risks such as demand surges, supply shortages, and lead-time uncertainties. Furthermore, to

manage dynamics and uncertainties along the supply chain, the approach is adaptable and

collaborative to inform recourse decisions as new information arises. The model is adaptable

and can be modified quickly to respond to changes in demand, supply capacities, supply

costs, and lead times. It facilitates collaborative decision-making by providing estimates of

the impacts of both operational decisions (such as ordering) and strategic decisions (such as

budgeting).

Another challenge was the lack of supply available to meet the demand. When supply

was unavailable, decision makers were forced to substitute with comparable commodities.



12

However, these substitutions were not always ideal and could result in lower protective

e↵ectiveness and increased ordering costs. To address this challenge, the model enables

item substitution to reduce delays in fulfilling demand and considers budgeting, supply, and

warehouse constraints. When supply is limited, the model balances the impact of com-

modity substitutions with delays in meeting demand forecasts. To balance these impacts, I

introduce a Healthcare Commodity Metric that quantifies the relative consequences of delay

and substitutions and is used in the objective function. To account for the vulnerabilities

of populations, the Healthcare Commodity Metric considers the varying impact of delays

and substitutions on vulnerable populations with specific commodities with the use of a

user-specified criticality input parameter.

The rest of the chapter is organized as follows. Section 2.1 describes the unique challenges

and objectives of a healthcare inventory and order management role during a pandemic and

provides an overview of how this model addresses these challenges and objectives. Section 2.2

describes the optimization model and the properties of our Healthcare Commodity Metric.

Section 2.3 presents an example use case to illustrate how model outputs can be used to

support an agile and collaborative decision making process. Section 2.4 discusses managerial

implications, model assumptions, and limitations. Finally, Section 2.5 presents conclusions

and future work.

2.1 Introduction and Background

During the coronavirus (COVID-19) pandemic, limited supply, global supply chain dis-

ruptions, and demand volatility for healthcare commodities, such as personal protective

equipment (PPE), resulted in shortages of commodities needed to limit transmission rates

and treat infected individuals. To alleviate the impacts of these shortages, various govern-

mental, non-governmental, private, and non-profit organizations expanded and established

programs to acquire, store, and distribute healthcare commodities to organizations and in-



13

dividuals within their jurisdictions [61, 68, 114, 122, 150].

However, there is a lack of modeling approaches to support these organizations during a

pandemic [33, 107, 141]. I collaborated with several organizations during the COVID-19 pan-

demic, including the City of Seattle (M. Rathke, personal communication, 2020), John Snow,

Inc. [62], Restart Partners [114], the International Association of Public Health Logisticians,

and the Washington Global Health Alliance [157], to build a practical optimization model

that supports an inventory and order management process for healthcare commodities.

This research addresses the following research questions: (1) what are the unique chal-

lenges and objectives of a healthcare inventory and order management role during a pan-

demic? (2) how can these unique challenges and objectives be reflected in an optimization

model to support inventory and order management decisions for healthcare commodities dur-

ing a pandemic? (3) how can the model be used to support agile and collaborative decision

making across inventory and order management functions as new information arises?

In this research, I identify the unique challenges and objectives of organizations managing

inventory for healthcare commodities during the COVID-19 pandemic. These findings are

used to construct an optimization model that generates optimal ordering plans for multi-

ple healthcare commodities (e.g., masks and ventilators) and populations (e.g., health care

providers, essential businesses, the general public). The optimization model employs data

readily available to these organizations to e↵ectively inform the decisions made by these or-

ganizations during the COVID-19 pandemic. Specifically, the optimization model considers

the increased consequences of delays and substitutions for highly critical healthcare com-

modities and populations. For example, delays in fulfilling the demand for masks for health

care providers has more significant consequences than for the general public. Similarly, sub-

stituting a medical-grade N95 mask with a medical-grade surgical mask has more significant

consequences when those masks are for healthcare providers versus the general public. The

model balances the consequences of delays and substitutions for multiple healthcare com-

modities. also considers factors that impact inventory and order management decisions, such

as lead times for receiving commodities, supplier capacity, demand forecasts, budgets, and
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warehouse space. These considerations enable the optimization model to support an ag-

ile and collaborative decision-making process needed in a constantly changing environment,

such as a pandemic. This work contributes to the literature by identifying unique challenges

and objectives faced by inventory and order management decision makers during a pan-

demic. Another contribution is a practical optimization model that balances the impacts of

fulfillment delays and substitutions to support agile and collaborative decision-making, as

illustrated in the example use case.

2.1.1 Unique Challenges and Objectives during a Pandemic

This section presents the unique challenges and objectives of a healthcare inventory and

order management role during a pandemic identified from collaborations, research articles,

and reports. These unique challenges and objectives are discussed in Section 2.1.1 and sum-

marized in Table 2.1. These challenges, objectives, and modeling gaps guide the development

of the model.

Description of Challenges and Objectives

One of the challenges faced by organizations managing inventory for healthcare commodi-

ties is fluctuating and uncertain demand of healthcare commodities. During a pandemic, the

demand for healthcare commodities fluctuates based on di↵erent factors such as disease out-

breaks, hospitalization rates, and government mandates that are uncertain and can change

over time [10, 30, 49, 58, 64, 110, 127]. For example, at the start of the COVID-19 pan-

demic, the City of Seattle established a process to distribute multiple PPE types (e.g., masks

and gloves) from a centralized warehouse to their employees (e.g., firefighters, police, etc.).

Demand for PPE was sporadic due to unexpected outbreaks that increased demand for

testing centers supported by the City of Seattle workers and events (M. Rathke, personal

communication, 2020).

Not only does a pandemic impact demand fluctuations and uncertainty, but it also brings
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Unique Challenges and Objectives References
Fluctuating and uncertain demand of healthcare com-
modities

[10, 30, 49, 58, 64, 110, 127]

Global supply chain disruptions and demand surges re-
sulting in impacts to lead times and supplier capacities

[60, 61, 120, 123, 145, 146]

Limited bu↵er stocks due to supply shortages, ware-
house capacities and strained budgets

[48, 58, 113, 122, 145]

Fulfill demand requests with minimal delays and sub-
stitutions, particularly for the most critical population
and commodity types

[48, 100, 106, 107, 119, 122,
139, 144]

Lack of modeling approaches that support agile and co-
ordinated decision-making required in a rapidly evolving
supply chain environment

[18, 33, 48, 60, 61, 94, 113, 141]

Table 2.1: Summary of the unique challenges and objectives of a healthcare inventory and order
management role during a pandemic and relevant references.

about global supply chain disruptions and demand surges resulting in impacts to lead times

and supplier capacities [61, 120, 123, 145, 146]. For example, during the COVID-19 pandemic,

to meet surges in demand, many suppliers expanded their capacities to provide healthcare

commodities. However, reduced workforces, due in part to disease outbreaks, resulted in

reduced supplier capacities, extended lead times, and constantly changing supplier capacities

[60, 146]. For the City of Seattle, this meant that orders would commonly arrive delayed,

partially fulfilled, or damaged (M. Rathke, personal communication, 2020).

A common strategy to alleviate shortages in the case of uncertain demand and supply

is to store large bu↵er stocks. However, during the COVID-19 pandemic, there was limited

inventory due to supply shortages, warehouse capacities, and strained budgets [48, 58, 113,

145]. Due to di�culty in maintaining bu↵er stocks, another strategy employed during the

COVID-19 pandemic to alleviate these shortages and subsequent delays in fulfilling demand

was to substitute stock-keeping units (SKUs) with comparable SKUs (e.g., N95 medical-grade

masks substituted with medical-grade surgical masks). However, these substitutions can

reduce protection, lower treatment e↵ectiveness, and increase ordering costs [48, 106, 119].
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For example, the State of Utah established a PPE push pack program aimed at helping

small businesses get back to work. PPE push packs included masks, hand sanitizer, gloves,

and other healthcare commodities depending on state inventory and workers’ exposure at

their place of work [122]. When medical-grade surgical masks were not available to fulfill the

demand for masks for workers with medium risk exposure, the state substituted a reusable

face shield with products needed to decontaminate the face shield following Occupational

Safety and Health Administration guidelines [100].

Fulfillment delays and substitutions have increased implications for specific populations

and healthcare commodities [139, 144]. For example, delays and substitutions of fulfill-

ing the demand for highly critical commodities such as masks for health care providers

increase infection and mortality rates and impact future demand more than the general pub-

lic [100, 107, 144]. As a result, during the COVID-19 pandemic, highly critical healthcare

commodities and populations were prioritized to reduce delays and substitutions in fulfilling

demand when supply and inventory are limited [122, 144]. For example, for the State of

Utah’s PPE push pack program, when medical-grade surgical masks were available but in

an inadequate quantity to satisfy the demand for medium and low-exposure risk workers,

the state prioritized fulfilling the demand for masks for medium exposure risk workers with

medical-grade surgical masks and distributed less suitable but comparable items, such as

reusable face shields and products to decontaminate the face shields to those at low risk to

exposure [100, 122].

The continually evolving assumptions and uncertainty in demand, supplier capacities,

and lead times during a pandemic require increased coordination within organizations man-

aging inventory and orders for healthcare commodities to quickly and e↵ectively modify

decisions. While the need for model agility and coordination is not a new challenge during a

humanitarian crisis [6, 19, 33, 40] and routine global health supply chain management in a

low resource setting [59, 106], decision makers face more severe consequences during a pan-

demic from suboptimal decisions [33, 60, 61, 94, 113, 141]. For example, John Snow Inc. is a

non-governmental organization that helps countries, states, and public health systems world-
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wide in supply chain management for medicines and related supplies. The organization faced

many of the same challenges during the COVID-19 pandemic in routine healthcare commod-

ity distribution in a low-resource setting. However, these challenges were exacerbated due to

strict financial cycle restrictions, extended and uncertain lead times, and strained warehouse

capacities [59, 61].

The rapidly evolving environment and more severe consequences require tools that sup-

port agile and coordinated decision-making. However, many models to determine strategic

decisions for inventory and order management are relayed to operational decision-makers

with no ability to easily adjust as the situation changes [18, 48]. Consequently, during the

COVID-19 pandemic, healthcare commodity inventory managers were forced to make de-

cisions quickly without adequate information [61, 141]. For example, in March 2020, the

Federal Emergency Management Agency (FEMA) activated its national resource coordina-

tion center to support states, tribes, territories, and local governments across the United

States in responding to COVID-19 [141]. FEMA supported these governmental agencies by

coordinating the delivery of healthcare commodities such as N95 respirator masks, surgical

gowns, face shields, and gloves to their jurisdictions. As per FEMA’s national incident man-

agement system, decisions such as outstanding resource requests and delays were discussed

daily by leaders of the various emergency support functions [140]. The current tools available

to support FEMA’s incident management frameworks for coordination required significant

time to manually process outstanding requests and make recourse decisions as needed, stress-

ing FEMA’s workforce, resulting in challenges in coordination along the supply chain and

transparency.

Relevant Inventory and Order Management Literature

The nature of a pandemic, such as the COVID-19 pandemic, reflects elements of an

inventory management process for both a humanitarian crisis (e.g., earthquake, hazardous

material spill) and routine global health supply chain management in a low resource setting.

Interested readers can refer to literature reviews regarding humanitarian logistics [6, 15, 19,
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33, 40, 71, 105] and routine global health supply chain management in a low resource setting

[34, 106, 125]. While inventory management in these contexts has become an increasingly

studied topic in the Operations Research field, I did not find any model that addresses

the unique challenges and objectives faced by organizations managing inventory and order

management processes for healthcare commodities during the COVID-19 pandemic [5, 26, 63,

70, 107, 108]. Specifically, the model provides an inventory and order management approach

for multiple commodities that vary in criticality, allows for substitutions of products to fulfill

demand when the most suitable product is unavailable, and supports agile and collaborative

decision making.

Several studies in these applications support inventory management decisions for multiple

commodities that vary in criticality. Little and Coughlan (2008) generate an inventory

policy (delivery frequency and amount of stock to hold) for multiple healthcare commodities

to maximize service levels (proportion of scenarios in which demand is satisfied for each

commodity) in a space constrained environment [74]. Commodity criticality is considered by

enforcing highly critical commodities to meet high service. Uthayakumar and Priyan (2013)

developed a model that determine optimal lot sizes, lead times, and the number of deliveries

for multiple pharmaceuticals that vary in unit costs, unit size, and considers lead times,

however they do not consider commodity criticality [151]. There are various studies that

support inventory management in a humanitarian crisis, primarily focused on pre-positioning

multiple commodities of varying criticality through shortage penalties, however these models

do not support ordering decisions [1, 11, 13, 36, 87, 112, 147].

There are inventory management models that consider substitutions in a private sec-

tor context [20, 27, 28, 51, 66, 77, 92, 126, 138] however, substitution penalties focus on

increased costs, reduced profit and customer retention. Despite substitution being a com-

mon practice in global health and humanitarian logistics inventory management processes

[10, 106, 119], I found very few studies that account for the quality impacts of substitutions

in this context [15]. Yadavalli et al. (2015) present a model that generates an adjustable

reorder point policy for two perishable products that are substitutable [160]. This model
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balances penalties associated with substitution, unsatisfied demand, and waste of product

due to expiry. Other models consider the additional costs associated with emergency orders

through additional monetary costs, but do not consider quality impacts from substitutions

[17, 115, 138, 162]. Zahiri et al. (2018) designed a model to support pharmaceutical sup-

ply chain design establishment of distribution center and manufacturer locations, inventory

levels, and product flows for two perishable and substitutable pharmaceutical products with

uncertainties in supplies and demands [162]. In Zahiri et al. (2018) it is assumed there is

no penalty for substituting one product for another as long as the two products are substi-

tutable [162]. Criticality of products and demand regions are considered by weighting the

objective function (to minimize the maximum unsatisfied demand of all products and de-

mand regions). I did not find any modeling approaches that balance delay and substitution

impacts for multiple populations and healthcare commodities that vary in criticality when

supply and inventory is limited.

Furthermore, many literature reviews of models applied in a humanitarian crisis and

routine global health supply chain management in a low resource setting contexts state

there is a lack of modeling approaches that support agile and collaborative decision making

[6, 15, 33, 40, 106]. A common approach to integrate strategic and operational decision

making for optimization models is two-stage stochastic programming with recourse, where

the first stage supports strategic decisions (e.g., warehouse location, amount to preposition)

given a set of probabilistic scenarios and the second stage can be used to support operational

decisions (e.g., assignment of inventory to a demand region) when a given scenario is realized

[19, 32, 87, 98, 156]. However, I did not find any models that support agile and collaborative

decision-making that addresses the unique challenges and objectives faced by inventory and

order management decision makers during a pandemic.
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2.1.2 Overview

The discussed challenges, objectives, and modeling gaps guide the development of the

model and example use case. The optimization model generates optimal ordering plans in-

cluding quantities and timing of orders for a set of suppliers and SKUs over a user-specified

forecasting period (e.g., twelve weeks) and time intervals (e.g., one week.) The supply re-

ceived is added to the available inventory that can be used to fulfill demand for a set of

healthcare commodities and populations in each time interval. The optimization model al-

lows demand requests to be carried over when not fulfilled during the requested time interval

but penalizes delays. The model allows substitution of healthcare commodities (e.g., medical-

grade N95 masks with medical-grade surgical masks) when the most suitable items are not

available. The user specifies the set of supplier-SKUs that can satisfy the demand for each

healthcare and population type to indicate possible substitutions, and the suitability score

that acts as a penalty when the substitution reduces protection or treatment e↵ectiveness.

The user also specifies a criticality score that represents the prioritization for each healthcare

commodity and population type based on the relative consequences of delays and substitu-

tion. The new Healthcare Commodity Metric, employed in the objective function of the

optimization model combines criticality and suitability scores to quantify the relative impact

of delays and substitutions for each healthcare commodity and population type considered in

the model set. The Healthcare Commodity Metric is designed to ensure that highly critical

populations and healthcare commodities are prioritized in terms of minimizing delays and

substitutions when supply, inventory, budgets, or warehouse space is limited.

This research contributes to the development of an inventory and order management op-

timization model for healthcare commodities during a pandemic by creating an optimization

model that:

1. generates ordering plans that balance the negative impacts of delays and substitution

for a set of populations and healthcare commodities, such as masks for health care

providers, through a new Healthcare Commodity Metric,
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2. is capable of agile decision making, to quickly and e↵ectively update optimal ordering

plans as information emerges by considering the up-to-date supply limitations, inven-

tory availability and demand information, and

3. supports strategic decisions that can impact inventory and order management decisions

(e.g., budgets).

I introduce a use case example that illustrates how the Healthcare Commodity Metric

meets the objectives of an inventory and order management process for healthcare commodi-

ties during a pandemic. The use case example follows a similar process of many standard

operating procedures for inventory and order management [59, 140]. It is based on conver-

sations with organizations faced with both operational and strategic inventory and order

management decisions during the COVID-19 pandemic. The example use case demonstrates

the significance of combining up-to-date information from experts to modify ordering plans

and in evaluating the impact of strategic decisions such as budgets periodically on inventory

and order management objectives.

2.1.3 Managerial Implications

This work has several managerial implications. First, the optimization model is practical.

Many optimization models require data not readily available to users. The proposed model

employs data readily available to the organizations I collaborated with. For example, after

organizations place orders, they are given an expected range of delivery dates or a single de-

livery date. The model incorporates a lead time constraint that allows the user to specify a

range of projected lead times or a single lead time. Also, absolute consequences (e.g., number

of additional infections) of delays and substitutions of multiple population and commodity

types that vary in criticality are di�cult to quantify and compare. A Healthcare Commodity

Metric is introduced that quantifies the relative consequence of delays and substitutions for

multiple commodities and populations using user-specified input parameters (criticality and

suitability scores) that are easy to quantify and have transparent mathematical properties.
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Specifically, the Healthcare Commodity Metric uses a criticality score between zero and one

for each population and healthcare commodity type, where a value closer to one indicates

higher criticality and a value closer to zero indicates lower criticality. The Healthcare Com-

modity Metric prioritizes the fulfillment of population and healthcare commodity types that

are highly critical with minimal delay and substitution.

Second, the model supports an agile and collaborative decision-making process needed

in a constantly changing environment, such as a pandemic. The optimization model is

agile in that it can incorporate up-to-date information on lead times, supplier capacity, and

demand forecasts to re-optimize ordering schedules as needed. The optimization model is

collaborative in that it can support strategic decisions related to budgets and warehouse

capacities and evaluate these decisions against the same metrics as operational ordering plan

decisions.

2.2 Optimization Model

The optimization model is formulated as a linear program that provides optimal ordering

decisions. Section 2.2.1 presents the notation used to describe the sets, input parameters,

and decision variables used in the optimization model. Section 2.2.2 defines the Healthcare

Commodity Metric used in the objective function of the optimization model to meet the

objectives of a healthcare commodity inventory and order management process during a

pandemic. Lastly, Section 2.2.3 provides the complete formulation.

2.2.1 Notation

See Table 2.2 for the notation used to describe sets and input parameters and Table 2.3

for the notation used to describe decision variables used in the optimization model. The

forecasting period T (e.g., 12 weeks) is discretized into time intervals (e.g., days, weeks,

months), where the set of time intervals is notated by T = {1, . . . , t, . . . , T}. Orders are

placed to fulfill demand requests in each time interval. All received commodities are placed
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in a central warehouse and used for distribution. Each demand request is associated with a

population and commodity type (e.g., masks for healthcare providers), where the set of pop-

ulation and commodity (population-commodity) types is notated by K = {1, . . . , k, . . . , K}.

In the use case example, the user can specify masks for healthcare providers (k = 1), masks

for essential businesses (k = 2), and masks for non-essential businesses (k = 3). To fulfill

demand requests there is a set of suppliers and SKUs (supplier-SKUs) they can provide,

notated by I = {1, . . . , i, . . . , I}. In the use case example, Supplier A provides medical-

grade N95 masks (i = 1), Supplier B provides medical-grade N95 masks (i = 2), Supplier

A also provides medical-grade surgical masks (i = 3), and Supplier C provides non-medical

grade KN95 masks (i = 4). The set of supplier-SKUs that are suitable to fulfill demand

for population-commodity type k is defined by Ik, Ik ✓ I, for all k 2 K. For example, a

non-medical grade KN95 mask from Supplier C (i = 4) may not be suitable to fulfill demand

requests for a mask for health care providers (k = 1). This is also how the user can specify,

for example, that a gown is not suitable to fulfill demand requests for masks.

Healthcare Commodity Metric parameters (as in Table 2.2) include a user-specified crit-

icality score denoted rk for each population-commodity type k, k 2 K. The criticality score

rk takes on values between zero and one, where a value of one indicates that fulfilling demand

for population-commodity type k is highly critical, and a value close to zero indicates low

criticality. The Healthcare Commodity Metric uses the criticality score to prioritize fulfilling

demand requests with minimal delay and substitutions for each population-commodity type

k. Each supplier-SKU i that can be used to satisfy demand for population-commodity type

k, i 2 Ik, is associated with a user-specified suitability score based on protective or treatment

e↵ectiveness, denoted qk,i. The suitability score qk,i takes on values between zero and one,

where a value of one indicates that supplier-SKU i is most suitable to fulfill demand requests

of population-commodity type k and a value closer to zero indicates low suitability. For

example, a medical-grade N95 mask from Supplier A (i = 1) may be more suitable than a

medical-grade surgical mask from Supplier A (i = 3) to fulfill demand for masks for health

care providers (k = 1). In this case, the user can set the suitability scores (qk,i) such that
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q1,1 > q1,3, to represent that a medical-grade N95 mask from Supplier A (i = 1) is more suit-

able to satisfy the demand for masks for health care providers (k = 1) than medical-grade

surgical mask from Supplier A (i = 3).

The demand input parameters to the model (see Table 2.2) include incoming demand

requests and outstanding unfulfilled demand at the start of the forecasting period. Incoming

demand requests for each population-commodity type k are estimated for each time interval

t, represented by the parameter dk,t, for all k 2 K, t 2 T . One way to estimate incoming

demand is to employ statistical methods, but another is to ask experts about their fore-

casts. Various organizations and researchers have developed forecasting tools that provide

estimates and ranges (minimum, maximum, most likely, or mean and standard deviation) to

quantify demand for healthcare commodities [25, 143]. The proposed model can use multiple

estimates and uncertainty ranges to incorporate uncertainty. To be conservative, the demand

parameter dk,t could be set to the maximum range of the forecast, or to the mean plus one

or two standard deviations. The goal is to fulfill demand as soon as possible, however the

optimization model allows for unfulfilled demand to be carried over and fulfilled later in the

forecasting period. Unfulfilled demand requests for each population-commodity type k at

the start of the forecasting period are initialized with the parameters ninit

k
for all k 2 K.

The model considers limitations on warehouse capacity, budget and inventory. The in-

put parameter h represents the total warehouse capacity (e.g., 3,000 cubic feet), and the

parameter si for all i 2 I represents the size of a unit of supplier-SKU i in the same units as

h (e.g., cubic feet). The input parameter b represents the total budget over the forecasting

period, and the parameter ci for all i 2 I represents the cost for a unit from supplier-SKU i.

The model allows input parameters for initial inventory levels at the start of the forecasting

period for each supplier-SKU i 2 I with the parameters zinit
i

. When orders have been placed

before the start of the forecasting period the parameter oinit
i,t

represents the number of units

from supplier-SKU i expected to arrive during time interval t. For example, if there are 100

units of N95 medical-grade masks from Supplier A (i = 1) projected to arrive in the first

week (t = 1) the user can set oinit1,1 = 100 to represent this projected additional inventory. For
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Notation Description

Sets

T Set of time intervals in the forecasting period T , T = {1, . . . , t, . . . , T}
K Set of population-commodity types K = {1, . . . , k, . . . , K}
I Set of supplier-SKUs, I = {1, . . . , i, . . . , I}
Ik Set of supplier-SKUs i that can satisfy demand for population-commodity type

k, Ik ✓ I, k 2 K
Healthcare Commodity Metric Parameters

rk Criticality score of population-commodity type k where one indicates a
population-commodity type is highly critical and a value close to zero indi-
cates a population-commodity type is not very critical, 0 < rk  1, k 2 K

qk,i Suitability score for fulfilling demand of population-commodity type k with
supplier-SKU i, where a score of one indicates a supplier-SKU i is best suited
to fulfill demand for population-commodity type k and a value closer to zero
indicates low suitability, 0 < qk,i  1, k 2 K, i 2 Ik

Demand Parameters

dk,t The projected incoming demand for population-commodity type k during time
interval t, k 2 K, t 2 T

ninit

k
Unfulfilled demand for population-commodity type k at the beginning of the
forecasting period, k 2 K

Warehouse Capacity Parameters

h Warehouse space capacity
si Size per ordering unit of supplier-SKU i, i 2 I

Budget and Cost Parameters

b Available budget for orders placed during the forecasting period
ci Cost per unit of supplier-SKU i, i 2 I

Inventory Availability Parameters

zinit
i

Initial inventory of supplier-SKU i at the beginning of the forecasting period,
i 2 I

oinit
i,t

Units from outstanding orders of supplier-SKU i placed prior to the forecasting
period that are expected to arrive during time interval t, i 2 I, t 2 T

Supply Parameters

capi,t The capacity for supplier-SKU i during time interval t, i 2 I, t 2 T
fi,l The fraction of an order from supplier-SKU i that is projected to arrive l time

intervals after placing the order, i 2 I, l 2 {0, . . . , T}

Table 2.2: Sets and input parameters used in the inventory and order management model.



26

any time interval t where no units of supplier-SKU i are projected to arrive, set oinit
i,t

= 0.

The model also considers supply parameters including capacities and lead times for each

supplier-SKU. The model can handle supplier-SKU capacities that change over time accord-

ing to changes in production and workforce through the parameter capi,t, which represents

the unit capacity that supplier-SKU i can provide for orders placed during time interval t,

for all i 2 I, t 2 T . Lead times are represented by the parameter fi,l which represents the

fraction of an order from supplier-SKU i projected to arrive l time intervals after the initial

order was placed, i 2 I, l 2 {0, . . . , T}, where
P

T

l=0 fi,l  1, for all i 2 I. In the use case

example, the entire order placed for non-medical grade KN95 masks from Supplier C (i = 4)

is projected to arrive in the same time interval after placing the order than, f4,0 = 1, and

f4,ṫ = 0 for all t 2 {1, . . . , T}. However in the use case example, half of the order placed

for medical-grade N95 masks from Supplier A (i = 1) is projected to arrive in one time

interval and the other half is projected to arrive in two time intervals after placing the order

so f1,1 = f1,2 = 0.5, and f1,ṫ = 0 for all t 2 {0, 3, . . . , T}. To incorporate uncertainties,

lead-time parameters can be interpreted as the probability that an order will arrive within

a certain number of time intervals t after placing the order.

The decision variables are defined in Table 2.3. The primary decision variable is xi,t which

represents the number of units ordered for supplier-SKU i during time interval t, for i 2 I,

t 2 T . There are also secondary decision variables that are impacted by the primary decision

variables. The number of units of supplier-SKU i projected to arrive during time interval t

are represented by yi,t, for i 2 I, t 2 T . The number of units of supplier-SKU i available

in the warehouse at the start of the time interval t is represented by zi,t, for i 2 I, t 2 T .

The number of units of unfulfilled demand of population-commodity type k at the start of

the time interval t is represented by nk,t, for k 2 K, t 2 T . The number of units of fulfilled

demand for population-commodity type k from supplier-SKU i fulfilled during time interval

t is represented by mk,i,t, for k 2 K, i 2 I, t 2 T .
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Notation Description

xi,t Units of supplier-SKU i ordered during time interval t, i 2 I, t 2 T
yi,t Units of supplier-SKU i projected to arrive during time interval t, i 2 I, t 2 T
zi,t Units of inventory of supplier-SKU i available in the warehouse at the begin-

ning of the time interval t, i 2 I, t 2 T
nk,t Unfulfilled demand for population-commodity type k at the beginning of time

interval t, k 2 K, t 2 T
mk,i,t Fulfilled demand for population-commodity type k with supplier-SKU i during

time interval t, k 2 K, i 2 Ik, t 2 T

Table 2.3: Decision variables used in the inventory and order management model.

2.2.2 Healthcare Commodity Metric

The optimization model maximizes the Healthcare Commodity Metric to ensure that

the ordering plan generated by the optimization model best meets the goals of reducing the

consequences of projected delays and substitutions for multiple population-commodity types

that vary in criticality. The Healthcare Commodity Metric is a quantifiable measure with

mathematical properties that:

1. Fulfill demand requests with minimal delay,

2. Prioritize fulfillment of demand requests for highly critical population-commodity types,

and

3. Fulfill demand requests with the most suitable supplier-SKU available in the warehouse.

The Healthcare Commodity Metric denoted �k,i,t integrates criticality scores rk, suit-

ability scores qk,i, the projected time interval t a demand request is fulfilled, and the total

number of time intervals in the forecasting period T for each k 2 K, i 2 I, t 2 T . Delay

penalties are calculated using a modified version of a present value formula where the rel-

ative present value of fulfilling demand at the start of the forecasting period, t = 1, is set

to qk,irk(1 + rk)T and the relative discounting rate per time interval t is set to 1/(1 + rk)

for population-commodity type k fulfilled with supplier-SKU i. The Healthcare Commodity
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Metric is defined as,

�k,i,t = qk,i rk(1 + rk)
T

✓
1

1 + rk

◆t

. (2.1)

Property 1 The Healthcare Commodity Metric decreases as the time to fulfillment increases, thus

prioritizing ordering decisions that minimize delay in fulfilling demand requests.

The Healthcare Commodity Metric is higher for population-commodity types associated with

higher criticality scores compared to population-commodity types associated with lower criticality

scores when fulfilled with a supplier-SKU with the same suitability score over each time interval.

Given a criticality score rk and a suitability score qk,i for a population-commodity type k and

supplier-SKU i, the Healthcare Commodity Metric value decreases as delay increases, and is pe-

nalized by 1 � (1/ (1 + rk)) each time interval that is delayed. To see this, consider the di↵erence

between �k,i,t and �k,i,t+1 representing the impact of delay of one time interval,

�k,i,t � �k,i,t+1 =
�
qk,i rk(1 + rk)

T
�✓ 1

1 + rk

◆
t

�
�
qk,i rk(1 + rk)

T
�✓ 1

1 + rk

◆
t+1

=
�
qk,i rk(1 + rk)

T
�✓ 1

1 + rk

◆
t

1�

✓
1

1 + rk

◆�
.

Thus the Healthcare Commodity Metric has a greater value earlier in the forecasting period,

so when the model maximizes the Healthcare Commodity Metric, it prioritizes fulfilling demand as

soon as possible. A delay of n time periods results in further decrease in the Healthcare Commodity

Metric, since

�k,i,t = qk,i rk(1 + rk)
T

✓
1

1 + rk

◆
t

> qk,i rk(1 + rk)
T

✓
1

1 + rk

◆
t+n

= �k,i,t+n

for 1  t < t+ n  T . Thus 1/(1 + rk) can be interpreted as a discounting factor.

Property 2 The Healthcare Commodity Metric is higher for population-commodity types associ-
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ated with higher criticality scores compared to population-commodity types associated with lower

criticality scores when fulfilled with a supplier-SKU with the same suitability score over each time

interval.

Consider the Healthcare Commodity Metric for a population-commodity type k with a higher

criticality score compared to a population-commodity type k̄ associated with a lower criticality

score, where rk > r
k̄
, in any given time interval t. Fixing the suitability score to be the same,

qk,i = q
k̄,i
, we see that

�k,i,t = qk,i rk(1 + rk)
T

✓
1

1 + rk

◆
t

= qk,i rk(1 + rk)
T�t

> q
k̄,i

r
k̄
(1 + r

k̄
)T�t = �

k̄,i,t
.

The percent decrease in Healthcare Commodity Metric for one time interval for population-commodity

type k of 1 � (1/ (1 + rk)) is larger than the delay of one time interval for population-commodity

type k̄ of 1� (1/(1 + r
k̄
)), since rk > r

k̄
delay penalties are higher for population-commodity types

of relatively high criticality, and the Healthcare Commodity Metric prioritizes fulfilling demand for

these highly critical population-commodity types relatively quickly.

Property 3 The Healthcare Commodity Metric prioritizes substitutions based on the suitability

score qk,i for using the supplier-SKU i to fulfill a demand request for population-commodity k.

The Healthcare Commodity Metric prioritizes ordering decisions that minimize substitutions

because �k,i,t decreases as the suitability score qk,i decreases, thus choosing the most suitable

supplier-SKU possible. Consider the suitability score qk,i for using the supplier-SKU i to fulfill

a demand request for population-commodity k, and a lower suitability score qk,̄i for using the

supplier-SKU ī, qk,i > qk,̄i. Then �k,i,t > �k,̄i,t, from the Healthcare Commodity Metric definition

in Equation (2.1).

The three mathematical properties summarize the changes in the Healthcare Commodity Metric

�k,i,t by varying one element at a time. It is also possible to combine the properties and inves-
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tigate the Healthcare Commodity Metric for di↵erent critical population and commodities with

di↵erent suitability scores. Consider a highly critical population-commodity k versus a less critical

population-commodity k̄, with rk > r
k̄
. Also suppose that the suitability score qk,i for using the

supplier-SKU i to fulfill a demand request for population-commodity k is higher than the suitabil-

ity score q
k̄,̄i

for using the supplier-SKU ī to fulfill a demand request for population-commodity k̄.

Then,

�k,i,t = qk,i rk(1 + rk)
T

✓
1

1 + rk

◆
t

= qk,i rk(1 + rk)
T�t

> q
k̄,̄i

r
k̄
(1 + r

k̄
)T�t = �

k̄,̄i,t

indicating that the Healthcare Commodity Metric will prioritize using the most suitable supplier-

SKU with as little delay as possible for the highly critical population-commodity k. The use case

example illustrates some of these tradeo↵s.

2.2.3 Formulation

The linear optimization model generates optimal ordering decisions through maximization of

the Healthcare Commodity Metric as defined in Equation (2.1) over all time intervals t 2 T ,

population-commodity types k 2 K and supplier-SKUs i 2 I against demand, supply, inventory

availability, warehouse capacity and budget constraints. As such, the mathematical formulation is

as follows:

max
X

k2K

X

i2Ik

X

t2T
�k,i,tmk,i,t (2.2)

nk,1 = ninit

k
8k 2 K (2.3)

X

i2Ik

mk,i,t � nk,t + nk,t+1 = dk,t 8k 2 K, t 2 {1, . . . , T � 1} (2.4)

X

i2Ik

mk,i,T � nk,T  dk,T 8k 2 K (2.5)

X

i2I
sizi,t  h 8t 2 T (2.6)
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X

i2I

X

t2T
cixi,t  b (2.7)

zi,1 = ziniti 8i 2 I (2.8)

zi,t�1 + yi,t�1 �
X

k2K
mk,i,t�1 � zi,t = 0 8i 2 I, t 2 {2, . . . , T} (2.9)

X

k2K
mk,i,t � zi,t � yi,t  0 8i 2 I, t 2 T (2.10)

xi,t  capi,t 8i 2 I, t 2 T (2.11)

yi,t =
X

t̃t

t̃2T

f
i,t�t̃

x
i,t̃

+ oiniti,t 8i 2 I, t 2 T (2.12)

xi,t, yi,t, zi,t, nk,t,mk,i,t � 0 8k 2 K, i 2 I, t 2 T (2.13)

The objective function (2.2) maximizes the Healthcare Commodity Metric. Constraints (2.3) –

(2.5) are demand constraints. Constraint (2.3) initializes unfulfilled demand for each population-

commodity type k. Constraints (2.4) and (2.5) ensure the amount of demand fulfilled is not more

than cumulative unfulfilled demand which is equal to incoming demand and unfulfilled demand at

the beginning of each time interval. Constraint (2.5) is also used to calculate unfulfilled demand at

the beginning of each time interval in the forecasting period. Constraints (2.6) and (2.7) are the

warehouse capacity and budget constraints. Constraints (2.8) – (2.10) are inventory availability

constraints. Constraint (2.8) initializes available inventory at the beginning of the first time interval.

Constraint (2.9) calculates the available inventory at the start of each time interval by setting it

equal to beginning inventory minus demand fulfilled plus number of units received in the previous

time interval. Constraint (2.10) ensures the amount of stock fulfilled is not more than the available

inventory which is equal to beginning inventory plus any orders that arrived in each time interval.

Constraints (2.11) – (2.12) are supply constraints. Constraint (2.11) ensures that the unit capacity

for each supplier-SKU is respected. Constraint (2.12) calculates the units of each supplier-SKU

projected to arrive during each time interval given outstanding placed prior to the forecasting

period and new orders placed within the forecasting period. Note that the lead time l, used as a

subscript in the parameter fi,l, is represented by the number of time intervals between the time

interval t̃ when the order is placed, and the time interval t when the order is projected to arrive,
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i.e., l = t � t̃. Finally, constraint set (2.13) specifies the non-negative properties of the decision

variables.

2.3 Example Use Case: State Masks for All Program

The example use case is built to reflect the scenario and decisions faced by organizations man-

aging inventory for healthcare commodities during the COVID-19 pandemic, such as Utah’s Push

Pack Program [122]. The use case considers a state-wide program that provides masks to health

care providers and businesses in response to a pandemic. The state will generate ordering plans over

the next twelve weeks, in line with their budgeting period, for the program. Once a week, the state

meets with representatives of the di↵erent stakeholders and decision-makers along the supply chain

to discuss up-to-date weekly demand estimates, inventory levels, the status of previously placed

orders, and resulting updates to the ordering plan, if any. Once all of the updates are discussed,

model inputs are updated, model outputs are generated and new orders are placed.

This section illustrates how the model can be used to generate ordering schedules, update

ordering schedules in the case of an unexpected situation, and support strategic decision making,

such as budgets. Section 2.3.1 describes example input data that relates back to the sets and input

parameters described in Table 2.2. Section 2.3.2 presents optimal ordering plans and evaluates

subsequent projected fulfillment delay and substitution consequences to illustrate how the model

balances these impacts. Section 2.3.3 considers a situation with an unexpected demand surge,

increased unit costs, and updated lead time information to illustrate how the model can be used

to update ordering plans to support agile decision making. Finally, in Section 2.3.4, budgeting

decisions and the subsequent impact on projected fulfillment delay and substitutions are evaluated

to illustrate how the model can be used to support collaborative decision making among strategic

and operational decision makers.

2.3.1 Description of Input Data

The forecasting period is 12-weeks, T = 12, and the time interval t is one week. The state

provides masks to health care providers, essential businesses, and non-essential businesses. As

such, the state defines three population-commodity types, including masks for health care providers
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(k = 1), masks for essential businesses (k = 2), and masks for non-essential businesses (k = 3).

The state considers supplying masks for health care providers the most critical, masks for essential

businesses to be the second most critical, and masks for non-essential businesses to be the least

critical. The state represents these priorities through criticality scores, rk, for each population-

commodity type k. The state assigns criticality scores of 1 for masks for health care providers

(r1 = 1), 0.4 for masks for essential businesses (r2 = 0.4), and 0.2 for masks for essential businesses

(r3 = 0.2). Incoming demand requests, dk,t for each population-commodity type k are estimated

over each week t in the forecasting period, where fluctuations in demand may be due to changes to

hospitalization, infection rates, and reopening plans. Figure 2.1 describes the current projections

for the number of units of incoming demand requests for each population-commodity type per week.

At the start of the forecasting period, there is no unfulfilled demand, ninit

k
= 0, for any of the three

population-commodity types.

Figure 2.1: Projected weekly incoming demand by population and commodity type.
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The state established relationships with three suppliers that provide three di↵erent types of

masks for a total of four supplier-SKU combinations. Supplier A provides medical-grade N95

masks, Supplier A-N95:MG (i = 1), and medical-grade surgical masks, Supplier A-SUR:MG (i = 3),

Supplier B provides medical-grade N95 masks, Supplier B-N95:MG (i = 2), and Supplier C provides

non-medical-grade KN95 masks, Supplier C-KN95:NonMG (i = 4). All four supplier-SKUs can

satisfy demand for masks for essential and non-essential businesses, however only the three medical-

grade supplier-SKUs can satisfy demand for masks for health care providers. The state assigns

suitability scores, qk,i, based on their protective e↵ect. Supplier A-N95:MG (i = 1) and Supplier B-

N95:MG (i = 2) are most suitable to fulfill demand for masks so the state assigns these supplier-

SKUs a suitability score of one, qk,1 = qk,2 = 1 for all population-commodity types, k 2 {1, 2, 3}.

Supplier A-SUR:MG (i = 3) is the second most suitable so the state assigns a suitability score

of 0.9, qk,3 = 0.9 for all population-commodity types, k 2 {1, 2, 3}. Supplier C-KN95:NonMG

(i = 4) is the least suitable so the state assigns a suitability score of 0.4, qk,4 = 0.4, for the fitting

population-commodity types, k 2 {2, 3}. Notice that Supplier C-KN95:NonMG (i = 4) cannot be

used to fulfill demand for masks for health care providers.

Table 2.4 describes the unit size, unit cost, capacities, and lead times for each supplier-SKU.

While Supplier A-N95:MG (i = 1) and Supplier B-N95:MG (i = 2) have the same suitability score

for all population-commodity types, they vary in costs, capacities, and lead times as described

in Table 2.4. For example, Supplier A-N95:MG (i = 1) is $15 cheaper than Supplier B-N95:MG

(i = 2), however, Supplier A-N95:MG (i = 1) has lower weekly capacities of 8,000 units over the

entire 12-week forecasting period, cap1,t = 8, 000 for t 2 {1, . . . , 12}, whereas Supplier B-N95:MG

(i = 2) has higher projected weekly capacities of 14,000 units in the first two weeks of the forecasting

period, cap2,t = 14, 000 for t 2 {1, 2} and is planning to increase their weekly capacities to 18,000

units after week two, cap2,t = 18, 000 for t 2 {3, . . . , 12}.

Supplier A-N95:MG (i = 1) has projected lead times of one to two weeks, so the state estimates

that 50% of the order will arrive one week after the order is placed and the other 50% will arrive

two weeks after the order is placed, f1,1 = f1,2 = 0.5. Supplier B-N95:MG (i = 2) has projected

lead times of three to five weeks, so the state estimates that a third of the order will arrive 3, 4,

and 5 weeks after the order was placed, f2,3 = f2,4 = f2,5 = 0.33. Supplier C-KN95:NonMG (i = 4)
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Supplier-
SKU
set ID

Supplier-
SKU
name

Unit
size

Unit
cost

Capacity
(thousands)

Lead time
(fractional orders)

i si ci capi,t fi,l

1
Supplier A-
N95:MG

1 $20 8 for
t 2 {1, . . . , 12}

0 for l = 0
0.5 for l = 1
0.5 for l = 2
0 for l 2 {3, . . . , 12}

2
Supplier B-
N95:MG

1 $35
14 for t 2 {1, 2}
18 for
t 2 {3, . . . , 12}

0 for l 2 {0, 1, 2}
0.33 for l = 3
0.33 for l = 4
0.33 for l = 5
0 for l 2 {6, . . . , 12}

3
Supplier A-
SUR:MG

1 $15 25 for
t 2 {1, . . . , 12}

0 for l = 0
0.5 for l = 1
0.5 for l = 2
0 for l 2 {3, . . . , 12}

4
Supplier C-
KN95:NonMG

1 $4

20 for
t 2 {1, 2}
40 for
t 2 {3, . . . , 12}

1 for l = 0
0 for {1, . . . , 12}

Table 2.4: Description of supplier and SKU attributes.
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has weekly capacities of 20, 000 units for weeks 1 and 2, cap4,t = 20, 000 for t 2 {1, 2} and 40, 000

units thereafter, cap4,t = 40, 000 for t 2 {3, . . . , 12}. Supplier C-KN95:NonMG (i = 4) are readily

available in store and so the associated lead time is zero, f4,0 = 1.

At the start of the forecasting period, there is no available inventory in the warehouse, i.e.,

zinit
i

= 0 for all supplier-SKUs, and no incoming orders, i.e., oinit
i,t

= 0 for all supplier-SKUs and

time intervals. The state has 150,000 cubic feet of warehouse space available and has established a

budget of $7 million over the forecasting period.

2.3.2 Generate Ordering Plans

The state ran the optimization model to generate optimal ordering schedules for each week in

the 12-week forecasting period under a budget of $7 million and a warehouse capacity of 150,000

cubic feet. As illustrated in Figure 2.2 in the first week the state orders 8,000 units of medical-grade

N95 masks from Supplier A, x1,1 = 8, 000, 14,000 units of medical-grade N95 masks from Supplier

B, x2,1 = 14, 000, 25,000 units of medical-grade surgical masks from Supplier A, x3,1 = 25, 000 and

20,000 units of non-medical-grade KN95 masks from Supplier C, x4,1 = 20, 000. The model assumes

orders will arrive according to the lead time input parameters described in Table 2.4. For example,

the lead time input parameters indicate that 50% of an order for medical-grade N95 masks from

Supplier A is projected to arrive in one week, and the remaining 50% of the order will arrive in two

weeks. So, the optimal ordering schedule for medical-grade N95 masks from Supplier A illustrated

in Figure 2.2(a) indicates that of the 8,000 units ordered in week one, 4,000 units will arrive in

week two (one week after the initial order was placed) and the remaining 4,000 units ordered will

arrive in week three (two weeks after the initial order was placed).

Before placing the orders, the state reviews the projected impacts of the optimal ordering

schedule in Figure 2.2 on delays and substitutions. Figure 2.3 illustrates the projected cumulative,

total incoming, fulfilled, and unfulfilled demand summed over all population-commodity types for

each week in the forecasting period projected as a result of the optimal ordering schedule. As

illustrated in Figure 2.3 at the start of the forecasting period, between weeks one to six, there is

not enough supply to meet demand. To limit delays, the optimal ordering schedule for Supplier

C-KN95:NonMG (i = 4), illustrated in Figure 2.2(d), suggests ordering non-medical-grade KN95
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(a) Medical-grade N95 masks from
Supplier A, Supplier A-N95:MG (i = 1)

(b) Medical-grade N95 masks from
Supplier B, Supplier B-N95:MG (i = 2)

(c) Medical-grade surgical masks from
Supplier A, Supplier A-SUR:MG (i = 3)

(d) Non-medical-grade KN95 masks from
Supplier C, Supplier C-KN95:NonMG (i = 4)

Figure 2.2: Optimal ordering schedules for each supplier and SKU under a budget of $7 million.

masks from Supplier C in the first few weeks until the orders of more suitable supplier-SKUs

arrive in the warehouse for distribution. This is in line with the first property of the Healthcare

Commodity Metric to fulfill demand requests with minimal delay.

Towards the end of the forecasting period, between weeks nine and twelve, the optimal ordering

plan reduces the order for Supplier B-SUR:MG (i = 2) and increases the order of Supplier C-

KN95:NonMG (i = 4) as illustrated in Figure 2.2(b) and Figure 2.2(d) due to budget limitations.

Even though the two N95 masks available from the state’s suppliers, Supplier A-N95:MG (i = 1) and

Supplier B-N95:MG (i = 2), have the same suitability score for all masks, more units are ordered

from Supplier A-N95:MG (i = 1) than Supplier B-N95:MG (i = 2) because of cost di↵erences.

In weeks four to ten, when N95 masks are available, they are distributed; however, when KN95
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masks from Supplier C are available, and N95 masks are limited, KN95 masks are used to fulfill

demand. This is in line with the third property of the Healthcare Commodity Metric to fulfill

demand requests with the most suitable supplier-SKU available in the warehouse.

Figure 2.3: The cumulative, total incoming, unfulfilled demand, and fulfilled by each supplier
and SKU for each week in the forecasting period summed over all population and commodity
types, projected as a result of the optimal ordering schedule, under a budget of $7 million.

Figure 2.4 and Figure 2.5 illustrate the projected impacts of delays and substitutions by

population-commodity type summarised over the forecasting period under the optimal ordering

schedule. The figures show how the Healthcare Commodity Metric prioritizes fulfillment of de-

mand requests according to their criticality in line with the second property of the Healthcare

Commodity Metric. Figure 2.4 illustrates the projected impacts of the optimal ordering sched-

ule on delays by summarising the percent of incoming demand requests delayed by one week and

two weeks or more by population-commodity type. As shown in Figure 2.4, masks for healthcare

providers (k = 1) are prioritized in terms of minimizing delay, as they have the lowest projected

percentage of incoming demand delayed by one week at 8% and two weeks or more at 0% compared
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to the less critical population-commodity types, masks for essential businesses (k = 2), and masks

for non-essential businesses (k = 3).

Figure 2.4: Projected percent of demand requests delayed by one week and two weeks or more
by population and commodity type, as a result of the optimal ordering schedule, to illustrate

prioritization in terms of delays.

Figure 2.5 illustrates the projected impacts of the optimal ordering schedule on substitutions by

summarising the percent of incoming demand requests fulfilled by each supplier-SKU by population-

commodity type. As shown in Figure 2.5, masks for healthcare providers (k = 1) are also prioritized

in terms of minimizing substitutions, as 83% of demand for masks for health care providers (k = 1)

are projected to be fulfilled by the supplier-SKUs with the highest suitable scores, Supplier A -

N95:MG masks (i = 1) and Supplier B - N95:MG masks (i = 2), while less than 2% of demand

for masks for essential businesses (k = 2) and 0% of demand for masks for non-essential businesses

(k = 3) are projected to be fulfilled the most suitable supplier-SKUs.

Using similar logic it is clear from Figure 2.4 and Figure 2.5 that the second-most critical
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Figure 2.5: The projected percent of demand requests fulfilled by each supplier and SKU by
population and commodity type, as a result of the optimal ordering schedule, to illustrate

prioritization in terms of substitutions.

population-commodity type, masks for essential businesses (k = 2), is prioritized over the least

critical population-commodity type, masks for non-essential businesses (k = 3). As shown in

Figure 2.5, no non-medical grade KN95 masks from Supplier C, Supplier C-KN95:NonMG (i = 4),

are used to fulfill the demand for health care providers because the state specified it is not fitting

to do so.

2.3.3 Update Ordering Schedule given a Demand Surge and Increased Unit

Costs

Suppose in the second week of the forecasting period, up-to-date information revealed changes

in demand projections, unit supply costs, and projected arrival of an incoming order. Orders have

already been placed and received in the first week of the forecasting period, however, the state has
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the opportunity to update ordering plans and to employ the model to re-optimize ordering plans

between weeks two and twelve to account for the impact of these changes.

Specifically, up-to-date information revealed an increase in demand projections for masks for

health care providers (k = 1), while demand projections for masks for essential businesses (k = 2)

and non-essential businesses (k = 3) stayed the same. Updated demand projections for masks for

health care providers (i = 1) and resulting total incoming demand are shown in Figure 2.6. Supplier

B increased the cost per unit for their medical-grade N95 masks, Supplier B-N95:MG (i = 2), from

$35 to $45, and the entire order placed for 8,000 units medical-grade N95 masks from Supplier A,

Supplier A-N95:MG (i = 1) is now projected to arrive in week two.

To re-optimize the ordering plans for weeks two through 12, the state updated input parameters

in the model according to the most up-to-date information. The demand parameters for health

care providers are updated, d1,t for t 2 {2, . . . , 12}. In the first ordering period, $1.365 million

dollars of the $7 million dollar budget was used so the remaining budget is $5.635 million dollars,

b = 5, 635, 000. The cost for a unit of supplier-SKU, Supplier B-N95:MG (i = 2) is updated to

reflect the increased cost, c2 = 45. All initialization parameters for unfulfilled demand (ninit

k
),

inventory levels (zinit
i

), and projected arrivals of outstanding orders (oinit
i,t

) are updated to reflect

the their status at the start of week two in the forecasting period. There are no other changes, so

all other model parameters stay the same.

The updated optimal ordering schedule for each Supplier-SKU is illustrated in Figure 2.7.

Orders previously placed and received in the first week of the forecasting period are highlighted

in black. The update to the expected arrival of the 8,000 units placed for Supplier A-N95:MG

(i = 1) in week two are reflected in Figure 2.7(a). The ordering schedule for Supplier A-N95:MG

(i = 1) stays the same, however there are modifications to the ordering schedules for the other

three supplier-SKUs. For example, there is an increase in the number of units ordered of Supplier-

SKU Supplier B-N95:MG (i = 2) in weeks two and three, to meet increased demand for masks

for health care providers (k = 1). The increased order for Supplier B-N95:MG (i = 2) results in

a decreased order for Supplier A-SUR:MG (i = 3) after week five, due to budget limitations. To

alleviate delays in fulfilling demand from reduced orders of Supplier A-SUR:MG (i = 3) the optimal

ordering schedule increases orders for Supplier C-KN95:NonMG (i = 4) after week five.



42

Figure 2.6: Updated projected weekly demand for masks for health care providers and total
incoming demand for masks for all populations, compared to original projections. The surge in

demand is evident in weeks 5-9.

Figure 2.8(a) represents the projected impact of re-optimized ordering schedules on overall

delays and substitutions under revised demand and costs. While as illustrated in Figure 2.3 a

budget of $7 million is adequate to satisfy all incoming demand for masks under the original

demand projections and unit costs, as illustrated in Figure 2.8(a) under the updates it is projected

that there will be not enough supply to satisfy demand by week 10.

2.3.4 Evaluate the Impacts of Budgeting Decisions

The state wants to evaluate the budget’s impact on delays, substitutions, and unsatisfied de-

mand under updated demand projections and unit costs at the end of the forecasting period. Fig-
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(a) Medical-grade N95 masks from
Supplier A, Supplier A-N95:MG (i = 1)

(b) Medical-grade N95 masks from
Supplier B, Supplier B-N95:MG (i = 2)

(c) Medical-grade surgical masks from
Supplier A, Supplier A-SUR:MG (i = 3)

(d) Non-medical-grade KN95 masks from
Supplier C, Supplier C-KN95:NonMG (i = 4)

Figure 2.7: Updated ordering schedules for each supplier and SKU under a budget of $7 million.
Orders previously placed and received in the first week of the forecasting period are highlighted in

black.

ure 2.8 evaluates the cumulative, total incoming, unfulfilled demand, and fulfilled by supplier-SKU

for each week in the forecasting period summed over all population-commodity types, under revised

demand and costs, under a budget of $7, $8 and $9 million. The model projects that increasing

the budget from $7 to $8 million will eliminate unfulfilled demand at the end of the forecasting

period and increase the proportion of demand requests for masks fulfilled by the most suitable

supplier-SKUs. An increase in the budget from $8 million to $9 million provides enough funds

for the state to increase the number of N95 masks they can order from Supplier B to reduce the

proportion of fulfilled demand for masks substituted with KN95 masks from Supplier C. However,
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if they choose to order more N95 masks from Supplier B and fewer KN95 masks from Supplier C,

it is projected that there will be a slight increase in delay of fulfilling demand. The Healthcare

Commodity Metric in the optimization model selects ordering the N95 medical grade masks with

a slight delay in fulfilling demand.

(a) Budget of $7 million (b) Budget of $8 million (c) Budget of $9 million

Figure 2.8: The cumulative, total incoming, fulfilled, and unfulfilled demand for each week in
the forecasting period summed over all population and commodity types, for re-optimized

ordering schedules under revised demand and costs, and various budget options.

Figure 2.9 illustrates the projected percent of incoming demand requests by population-commodity

type delayed by one week and two weeks or more with budgets of $7, $8, and $9 million. Figure 2.10

shows the projected percent of incoming demand requests by population-commodity type fulfilled

by each supplier-SKU under revised demand and costs and budgets of $7, $8, and $9 million. The

model projects that under an optimized ordering schedule increasing the budget from $7 to $8

million will reduce delays for masks for non-essential businesses (k = 3) but will have no impact on

delays on fulfilling the demand for masks for health care providers (k = 1) or masks for essential

businesses (k = 2). However, as shown in Figure 2.10 the model projects that increasing the budget

from $7 to $8 million will improve the suitability of supplier-SKUs used to fulfill the demand for

all population-commodity types. As illustrated in Figure 2.9(c) it is projected that under a re-

optimized ordering schedule the increased delays seen in Figure 2.8 will only impact the proportion

of masks for nonessential businesses (k = 3) delayed by one week and will not impact delays in ful-

filling demand for masks for healthcare providers (k = 1) or masks for essential businesses (k = 2).

However, it will further improve the suitability of supplier-SKUs used to fulfill the demand for all

population-commodity types.
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(a) Budget of $7 million (b) Budget of $8 million (c) Budget of $9 million

Figure 2.9: Projected percent of incoming demand requests by population and commodity type
delayed by one week and two weeks or more, as a result of re-optimized ordering schedules, under

revised demand and costs, and various budget options.

(a) Budget of $7 million (b) Budget of $8 million (c) Budget of $9 million

Figure 2.10: Projected percent of fulfilled demand satisfied by each supplier and SKU by
population and commodity type, as a result of re-optimized ordering schedules, under revised

demand and costs, and various budget options.

2.4 Discussion

This research was motivated by the gap in modeling approaches for inventory and order man-

agement in a pandemic context. It addresses three research questions. To address the first question,

I discussed challenges and objectives faced by the collaborators during the COVID-19 pandemic,

and related these experiences to published research articles and reports.

To address the second research question, we developed an optimization model that addresses

these unique challenges and objectives. For example, a unique challenge addressed is how to fulfill

demand requests with minimal delays and allow substitutions when the delay is too long. The
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introduction of a Healthcare Commodity Metric provides a quantifiable measure to tradeo↵ delays

with substitutable commodities when inventory is limited, as illustrated in Figure 2.3. This same

metric also addresses the critical populations to target for priority fulfillment. Given limited and

uncertain availability of commodities, the prioritization in terms of delays and substitutions is met

with the approach. Figures 2.4 and 2.5 illustrate the impacts of prioritization.

To address the third research question, scenarios faced by organizations managing inventory for

healthcare commodities during a pandemic that require model agility and collaboration are pre-

sented. To support agile decision-making, a situation with an unexpected demand surge, increased

unit costs, and updated lead time information is presented to illustrate how the model can be

used to update ordering plans. To illustrate collaborative decision-making, this chapter presents

an evaluation of budgeting decisions at a strategic level and discusses the operational impact on

projected fulfillment delay and substitutions.

There are several assumptions and limitations of the proposed model. It assumes there is a

distinct number of time intervals (e.g., weeks, days) when orders are placed, orders arrive, and

demand is fulfilled. It also assumes if demand is not fulfilled when requested, it can be fulfilled

at a later time interval or substituted with a comparable supplier-SKU. The model implements

uncertain lead times by creating partial orders. It does not consider incoming demand outside of

the forecasting period, however, the model could be solved over a rolling forecasting horizon if the

user wants to extend the forecasting period. It assumes the user knows initial unfulfilled demand,

inventory levels, and projected arrivals of outstanding orders and can reasonably project demand

and supply parameters.

2.5 Conclusion and Future Work

This work submitted for publication in Feburary, 2022 to Annals of Operations Research intro-

duces an optimization model that generates ordering plans that balance the negative impacts of

delays and substitution for a set of healthcare commodities and populations that vary in criticality.

It allows the fulfillment of the demand for a healthcare commodity and population type from multi-

ple supplier-SKUs as appropriate to reduce delays in fulfilling healthcare commodities requests but

considers the impacts of substitutions through a user-specified suitability score. It considers the
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relative consequences of delays and substitutions for each healthcare commodity and population

type by allowing the user to specify a criticality score. This chapter introduces a new Healthcare

Commodity Metric used in the objective function of the optimization model to balance the rela-

tive impacts of delays and substitutions according to each healthcare commodity and population’s

criticality.

The optimization model considers the challenges exacerbated by a pandemic, including demand

and supplier-SKU unit capacities that change over time and lead-time uncertainties. The model

can be updated and re-optimized to reflect up-to-date information on projected demand, unfulfilled

demand, inventory levels, lead times, unit costs, and supplier capacities as the situation changes.

The optimization model can inform ordering, budgeting, and warehouse capacity decisions iter-

atively under the same set of metrics to allow coordinated changes in strategic and operational

decisions as needed. As such, the model supports an agile and collaborative approach to inventory

and order management decisions required in a constantly changing situation, such as a pandemic.

This chapter illustrates how the optimization model can support operational and strategic decisions

through a use case example built to reflect the various situations during the COVID-19 pandemic

faced by organizations managing inventory and orders for healthcare commodities.

There are several future research directions worth investigating. The model does not account

for dynamic pricing due to constant changes in demand and supply. It also does not account for

possible re-use of items (supplier-SKUs). It does not consider shipping costs or reduced prices

from bulk orders to keep the model linear for simplicity. Regarding model extension, it would be

interesting to develop an approach that integrates other supply chain management functions (e.g.,

final-mile distribution) to reduce decision-making silos even further.
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Chapter 3

DYNAMIC TRANSMISSION COMPARTMENTAL MODELS
OF TB AND HIV DISEASE PROGRESSION

This chapter presents two versions of a dynamic transmission compartmental model that de-

scribes tuberculosis (TB) and HIV disease progression. The models presented in this chapter con-

sider the health implications of TB and HIV co-infection and are designed to measure the e↵ects

of increased uptake of antiretroviral therapy (ART) and TB preventive therapy (TPT) with isoni-

azid on TB- and HIV-related health outcomes. Version one of the model is used to project health

outcomes and costs under three care delivery programs in KwaZulu-Natal, South Africa. The first

version of the model is provided in the appendix of a paper that was submitted for publication to

the Journal of the International AIDS Society in May 2023, and is currently under second revision.

A preprint appears in [117]. Version two is modified from version one for better generalizability

across the nine provinces of South Africa. Version two of the model is in the appendix of the

manuscript submitted to the Health Care Management Science Journal in October 2023.

To guide the development of two versions of the dynamic transmission model of TB and HIV

disease, I collaborated with a team of epidemiologists and health economists to identify key dynam-

ics and uncertainties involved in modeling TB and HIV disease progression and regional di↵erences.

The factors that describe TB and HIV disease progression considered in the model include, but

are not limited to, the implications of TB- and HIV-co-infection, TB drug resistance, recent and

remote latent TB infections, and gender di↵erences. Regional di↵erences include HIV incidence, TB

e↵ective contact rates, delays in TB treatment, mortality rates, ART coverage, and TPT initiation.

Furthermore, through these collaborations, we identified the key health outcomes and program costs

that could be estimated from the model outputs needed to aid decision makers and stakeholders

in their final program decisions. These key health outcomes include, but are not limited to TB

incidence, HIV prevalence, TB- and HIV-related mortality, and disability-adjusted life years.
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The rest of the chapter is organized as follows. Section 3.1 provides background and an overview

of the TB and HIV dynamic transmission model. Section 3.2 to Section 3.7 provides a description

and equations for the two versions of the model. Section 3.2 provides the model compartments.

Section 3.3 provides the model transitions. Section 3.4 provides calculations for time-varying pa-

rameters impacted by population states. Section 3.5 provides the di↵erential equations that describe

TB and HIV progression. Section 3.6 describes how the model is executed. Section 3.7 describes

the program health outcomes and costs generated from model outputs. Finally, Section 3.8 provides

input parameters, and Section 3.9 provides the conclusion and future work.

3.1 Introduction and Background

People living with HIV (PLWH) are at increased risk of progression to active TB disease and

dying while infected with TB due to their weakened immune systems from HIV disease [2, 12,

23, 96, 101, 103, 158]. Antiretroviral therapy (ART) is used to treat HIV and reduces the risk of

progression to active TB disease and dying while infected with TB [134]. TB preventative treatment

(TPT), when given with ART, further reduces the risk of progression to active TB disease [116].

ART and TPT are both part of the recommended care for people living with HIV. As a result, ART

and TPT care are often integrated in regions where the burden of TB and HIV co-infection is high

[50]. However, not all people living with HIV receive ART or TPT care [50]. Community-based

ART with TPT care delivery programs that extend beyond standard facility-based care have been

shown to increase uptake of ART and TPT but are often more costly than standard facility-based

care [16, 47, 75, 117]. Assessing the impact of community-based ART with TPT care delivery

programs involves critical considerations such as TB and HIV co-infection, gender di↵erences, TB

drug resistance, and regional di↵erences.

This chapter presents two versions of a dynamic transmission compartmental model of TB and

HIV disease. The model is designed to evaluate the impact of implementing community-based

ART with TPT care delivery, compared to standard facility-based ART and TPT care. The model

considers critical factors and aims to provide a better understanding of regional disease dynamics

to support stakeholders and decision makers in policy decisions.

Model parameters are drawn from a community-based ART initiation and resupply trial in
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sub-Saharan Africa (Delivery Optimization for Antiretroviral Therapy, DO ART) [16] and other

scientific literature. Model parameters are calibrated and reflect regional targets in TB incidence,

HIV prevalence, and TB- and HIV-related mortality from the 2019 Global Burden of Disease Study

(GBD 2019) [44]. The model projects health outcome metrics related to TB and HIV mortality, TB

and HIV prevalence, TB incidence, and disability-adjusted life years (DALYs) based on population

states and transition rates. DALYs represent the years of life lost (YLL) and years lived with

disability (YLD) from TB and HIV disease.

The first version of the dynamic transmission compartmental model is applied to KwaZulu-

Natal, South Africa, under three care delivery programs presented in Chapter 4. The second

version of the dynamic transmission compartmental model is modified for generalizability to simu-

late TB and HIV disease progression among 100,000 adults ages 15-59 in all nine provinces in South

Africa under two care delivery programs. Model outputs are proportionally weighted by population

estimates from GBD 2019 [44] and integrated into a budget allocation approach as described in

Chapter 5. In this chapter, I highlight the di↵erences between these two versions of the model,

including model compartments, transition, equations, and execution.

3.2 Model Compartments

Section 3.2.1 and Section 3.2.2 present the model compartments considered in the first and

second versions of the model, respectively.

3.2.1 Version One: Model Compartments

Version one of the dynamic transmission compartmental model considers eight TB compart-

ments, two TB drug resistance (DR) compartments, four HIV compartments, and two gender

compartments. Version one of the dynamic transmission model is applied to a policy analysis that

evaluates three care delivery programs in KwaZulu-Natal, South Africa presented in Chapter 4.

Set of Tuberculosis (TB) Compartments

Version one of the model consists of eight TB compartments. TB compartments consist of

uninfected, latent TB infection (LTBI), active TB, and recovered/treated TB compartments. LTBI
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compartments not associated with individuals treated with TPT are separated into recent (less

than two years since exposure) and remote (at least two years after exposure to TB) to account for

the di↵erence in risk of progression [31, 38, 45, 79].

Uninfected and LTBI compartments are tracked by those who are on TPT and those not on

TPT. Those who are on TPT benefit from a reduced risk of infection (or reinfection). Those

with LTBI who are on TPT or have completed their course of TPT benefit from a reduced risk of

progression to active TB after completion of TPT [4, 116, 137]. Those with LTBI, on TPT, and

LTBI after TPT are not di↵erentiated by recent or remote infection and progress to active TB at a

rate that considers a regional-specific estimation of the proportion of the LTBI population infected

recently or remotely. Let TB0 denote the set of eight TB compartments containing the following

elements:

1. Uninfected, not on TPT

2. Uninfected, on TPT

3. LTBI, infected recently (exposed within the past two years)

4. LTBI, infected remotely (exposed more than two years ago)

5. LTBI, on TPT

6. Active TB

7. Recovered/Treated

8. LTBI, after TPT

Set of Tuberculosis Drug Resistance (DR) Compartments

The model di↵erentiates drug-susceptible TB (DS TB) and multidrug-resistant TB (MDR TB)

infections. MDR TB is defined as resistant to treatment with isoniazid and rifampicin. Uninfected

individuals on TPT have a reduced risk of acquiring DS LTBI, but the model assumes no reduced

risk of acquiring MDR LTBI [37]. Individuals with DS LTBI on TPT have a reduced risk of

progression to active TB, but the model assumes those with MDR LTBI on TPT do not benefit

from a reduced risk of progression to active TB [2, 12, 23, 134, 135, 158]. The set of two DR

compartments, denoted DR, contains the following elements:
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1. Drug-susceptible (DS)

2. Multidrug-resistant (MDR)

For individuals who are uninfected, it is not possible to distinguish by DR status, so all uninfected

individuals are assigned to DR compartment 1. Only individuals with DS LTBI gain the benefits

of TPT. As such, in the first version of the model, the possible combinations of TB and DR

compartments are:

• TB compartment 1, DR compartment 1 only

• TB compartment 2, DR compartment 1 only

• TB compartment 3, both DR compartments 1 and 2

• TB compartment 4, both DR compartments 1 and 2

• TB compartment 5, DR compartment 1 only

• TB compartment 6, both DR compartments 1 and 2

• TB compartment 7, DR compartments 1 and 2

• TB compartment 8, both DR compartment 1 only

Set of HIV Compartments

The model consists of four HIV compartments, which include people living without HIV, people

living with HIV (PLWH) with CD4>200, PLWH with CD4 200, and PLWH taking ART (any

CD4 count). These HIV compartments are di↵erentiated by their relative transmissibility of TB,

risk of progression from LTBI to active TB, duration of active TB and mortality rates [2, 12, 23,

56, 80, 96, 101, 103, 134, 135, 158]. Only PLWH are eligible to initiate ART, and only those on

ART initiate TPT treatment [16]. PLWH are eligible for TPT regardless of LTBI infection status,

reflecting guidance that TPT should not be delayed among PLWH for lack of available LTBI testing.

PLWH not on ART are distinguished by CD4 count to account for increased risk of progression

from LTBI to active TB, duration of active TB, and mortality rates for those with lower CD4

counts. The set of four HIV compartments, denoted HIV , contains the following elements:
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1. HIV–

2. HIV+, not on ART, CD4 > 200

3. HIV+, not on ART, CD4  200

4. HIV+, and on ART

Set of Gender Compartments

The model consists of two gender compartments, denoted G, that are di↵erentiated by the rate

of ART and TPT initiation, HIV incidence, CD4 decline, e↵ective contact rates, and mortality rates

[52, 53, 73, 78, 118, 124]. The set of two gender compartments, denoted G, contains the following

elements:

1. Male

2. Female

Set of Regions and Programs

The model considers a set of regions, denoted I, and a set of programs, denoted P. The

specific set of regions and programs considered in the program analysis application are provided in

Chapter 4.

3.2.2 Version Two: Model Compartments

Version two of the dynamic transmission compartmental model considers the same DR, HIV,

and gender compartments as version one of the model; however, version two includes seven TB

compartments that di↵er from the first version of the model to allow for better generalizability of

the impact of TPT across regions. The second version of the dynamic transmission compartmental

model is used in the budget allocation application to project health outcomes across the nine regions

of South Africa under two care delivery programs presented in Chapter 5.

Set of TB Compartments

Version two of the model consists of seven TB compartments. In version two of the model, those
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with LTBI treated with TPT are categorized by recent and remote infection. The reduced risk of

progression from those who are LTBI and treated with TPT is modeled with a parameter that

diminishes the rate of progression for those with recent and remote LTBI. However, for simplicity,

version two of the model, does not account for reduced risk of infection (or re-infection) while

on TPT. This is a reasonable assumption because under version one of the model, the health

benefits from reduced risk of infection (or re-infection) while on TPT were minimal for the modeled

six-month course of TPT; however, for a longer course of TPT, this might not be a reasonable

assumption. Therefore, if individuals uninfected with TB (in TB compartment 1) start taking

TPT, they remain in TB compartment 1 and gain no benefits from TPT. Individuals with LTBI

treated with TPT immediately gain the full benefits of reduced risk of progression to active TB and

enter a post-TPT compartment; however, they do not gain benefits from reduced risk of reinfection

from TPT. Let TB
00
denote the set of seven TB compartments containing the following elements:

1. Uninfected

2. LTBI, infected recently, no TPT

3. LTBI, infected remotely, no TPT

4. LTBI, infected recently, post-TPT

5. LTBI, infected remotely, post-TPT

6. Active TB

7. Recovered/Treated

Similar to version one, for individuals who are uninfected, it is not possible to distinguish by

DR status, so all uninfected individuals are assigned to DR compartment 1. Only individuals

with DS LTBI gain the benefits of TPT. As such, in the second version of the model, the possible

combinations of TB and DR compartments are:

• TB compartment 1, DR compartment 1 only

• TB compartment 2, both DR compartments 1 and 2

• TB compartment 3, both DR compartments 1 and 2
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• TB compartment 4, DR compartment 1 only

• TB compartment 5, DR compartment 1 only

• TB compartment 6, both DR compartments 1 and 2

• TB compartment 7, both DR compartments 1 and 2

Set of Regions and Programs

The model considers a set of regions, denoted I, and a set of programs, denoted P. The

specific set of regions and programs considered in the budget allocation application are provided in

Chapter 5.

3.3 Model Transitions

The total population in TB compartment t, DR compartment r, HIV compartment h, and

gender compartment g at time ⌧ in region i under program p is defined as N i,p

t,r,h,g
(⌧). The descrip-

tions of transitions in version one and version two of the model are provided in Section 3.3.1 and

Section 3.3.2, respectively.

The description and notation for the parameters used in versions one and two of the dynamic

transmission model are summarized in Table 3.1. The parameters that are directly impacted by

care delivery programs (ART and TPT initiation rates) are highlighted in green in Table 3.1. The

parameters that are indirectly impacted by care delivery programs (TB and HIV incidence) are

highlighted in blue in Table 3.1.

Time-varying parameters are indicated by ⌧ . The time-varying parameters that are calculated

using the population states N i,p

t,r,h,g
(⌧), specifically TB force of infection rates for populations in

DR compartment r at time ⌧ , �i,p
r (⌧), ART initiation rates for gender g, ⌘i,p2,4,g(⌧) and ⌘i,p3,4,g(⌧), and

the total population entering the model, Bi,p(⌧), are calculated using the equations defined in Sec-

tion 3.4. The remaining time-varying parameters are input parameters as described in Section 3.8.

Most parameters are the same for both versions of the model; however, the five parameters

that di↵er are highlighted in red in Table 3.1. The rate of moving o↵ of TPT per year (!) is only

applicable to version one of the model since version two of the model does not track individuals
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on TPT. The partially protective e↵ect of TPT against acquiring a DS TB infection (◆r) is only

applicable to version one of the model since version two of the model does not account for the

reduced risk of infection while on TPT. In both versions of the model, those with LTBI not treated

with TPT are distinguished by recent and remote infection. However, in version one, those with

LTBI treated with TPT (on or after TPT), are not distinguished by recent or remote infection

and progress at a rate of ⇡i

on TPT prog
and ⇡i

after TPT prog
, for region i, respectively. Whereas in

version two of the model those with LTBI treated with TPT, are distinguished by recent or remote

infection, and the base rate of TB progression from LTBI to active TB is reduced with the parameter

�, 0 < � < 1.

Notation Description

Parameters that Impact TB Force of Infection

�i,p
r (⌧) TB force of infection for populations in DR compartment r at time ⌧ for

region i under program p.

◆r Diminished risk of acquiring a latent TB infection for those exposed to DS

TB while on TPT, such that 0 < ◆1 < 1 and ◆2 = 1 (only applicable in

version one of the model.

⇠ Increased risk of reinfection after recovery/treatment of active TB.

⇣ Partially-protective e↵ect of LTBI against acquiring a new TB infection

! Rate of moving o↵ of TPT, per year (only applicable in version one of the

model).

Parameters that Describe TB Progression

�r Indicator to reflect that those infected with DS LTBI (r = 1) yield benefits of

TPT (�1 = 1), whereas those with MDR LTBI (r = 2) do not yield benefits

of TPT (�2 = 0).

⇡recent remote Rate of TB progression from recent LTBI to remote LTBI, per year.

⇡recent prog Rate of TB progression from recent LTBI to active TB, per year.

⇡remote prog Rate of TB progression from remote LTBI to active TB, per year.

Continued on next page
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Table 3.1 – continued from previous page

Notation Description

✓h Relative risk for TB progression from LTBI to active TB by HIV compart-

ment h, where those who are HIV negative (h = 1) progress at the base

rate, ✓1 = 1, and ✓h for h 2 {2, 3, 4} accounts for an increased risk of TB

progression, ✓h > 1.

� Relative risk of TB progression for those with LTBI treated with TPT,

0 < � < 1 (only applicable in version two of the model).

⇡recover Rate of recovery/treatment from active TB, per year.

⇡relapse Rate of relapse from recovered/treated to active TB, per year.

⇡i

on TPT prog
Rate of TB progression from LTBI on TPT to active TB per year in region

i (only applicable in version one of the model).

⇡i

after TPT prog
Rate of TB progression from LTBI after TPT to active TB, per year in

region i (only applicable in version one of the model).

�i
h

Relative reduction of recovery/treatment rate by HIV compartment h in

region i, 0 < �i
h
 1.

i,p
h,g

(⌧) Rate of TPT initiation from HIV compartment h for gender g at time ⌧ for

region i under program p, per year, where only individuals in HIV compart-

ment 4 (HIV+, on ART) initiate TPT, such that i,p
h,g

= 0 for h 2 {1, 2, 3},

0  h,g  1 for h 2 {4} for all g.

Parameters that Describe HIV Progression

⌘i,p1,2,g(⌧) Rate of HIV incidence from HIV compartment 1 (HIV–) to HIV compart-

ment 2 (HIV+, not on ART, CD4 > 200) for gender g at time ⌧ for region

i under program p.

⌘2,3,g Rate of HIV progression from HIV compartment 2 (HIV+, not on ART,

CD4 > 200) to HIV compartment 3 (HIV+, not on ART, CD4  200) for

gender g.

Continued on next page
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Table 3.1 – continued from previous page

Notation Description

⌘i,p2,4,g(⌧) Rate of ART initiation from HIV compartment 2 (HIV+, not on ART, CD4

> 200) to HIV compartment 4 (HIV+, on ART) for gender g at time ⌧ , for

region i under program p, per year.

⌘i,p3,4,g(⌧) Rate of ART initiation from HIV compartment 3 (HIV+, not on ART, CD4

 200) to HIV compartment 4 (HIV+, on ART) for gender g at time ⌧ , for

region i under program p per year.

Parameters that Describe Entries and Exits from the Population

Bi,p(⌧) Total population aging into the model at time ⌧ for region i under program p.

↵ outi
t,h,g

(⌧) Rate of the population exiting the model due to mortality or aging out in

TB compartment t, HIV compartment h, and gender compartment g at time

⌧ in region i, per year.

↵ ini

t,r,h,g
(⌧) Proportion of the total population aging into the model that enters into

TB compartment t, DR compartment r, HIV compartment h, and gender

compartment g at time ⌧ in region i due to aging in.

Table 3.1: Description and notation for parameters used in the equations that describe TB and
HIV disease progression, treatment rates, and entries and exits from the model. Parameters that
depend on the care delivery program are highlighted in green. TB force of infection and HIV
incidence rates are highlighted in blue to indicate the care delivery program indirectly impacts

them. Time-varying parameters are notated as functions of ⌧ . Parameters that are only
applicable to version one or version two of the model are highlighted in red.

3.3.1 Version One: Model Transitions

Figure 3.1 illustrates transitions to and from each TB compartment in the set TB0 with the

mathematical notation in Table 3.1. Figure 3.2 illustrates transitions to and from each HIV com-

partment in HIV . Although not depicted in Figure 3.1 and Figure 3.2, there are transitions that

reflect those aging into and exiting the model as described at the end of this section. The rates of

flow between each compartment are governed by di↵erential equations as described in Section 3.5.1.
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TPT initiation rates (i,p
t,h
(⌧)) and ART initiation rates (⌘i,p1,2,g(⌧)) are highlighted in green in

Figure 3.1 and Figure 3.2 to emphasize that care programs directly impact them. TB force of

infection (�i,p
r (⌧)) and HIV infection rates (⌘i,p1,2,g(⌧)) are highlighted in blue in Figure 3.1 and

Figure 3.2 to emphasize that care programs indirectly impact them. The parameters that describe

the diminished risk of acquiring LTBI for those exposed to DS TB while on TPT (◆r), rate of

completion of TPT (!), rate of progression from LTBI on TPT to active TB (⇡i

on TPT prog
) and

rate of progression from LTBI after TPT to active TB (⇡i

after TPT prog
) are highlighted in red in

Figure 3.1 to emphasize that they are only applicable in version one of the model.

TB Disease Progression

Figure 3.1 illustrates transitions to and from each TB compartment using mathematical notation

as defined in Table 3.1. Individuals exit TB compartment 1 (uninfected, not on TPT) through TB

infection or TPT initiation. While all individuals in TB compartment 1 are arbitrarily assigned to

DR compartment 1 when transitioning to TB compartment 3 (LTBI, infected recently), the force

of infection is di↵erentiated by drug resistance status (�i,p
r (⌧)), which is based on a proportion

of those infected with DS TB and MDR TB. Uninfected individuals who initiate TPT enter TB

compartment 2 (uninfected, on TPT) and DR compartment 1. Individuals in TB compartment 2

(uninfected, on TPT) that contract TB while on TPT and transition to TB compartment 3 (LTBI,

infected recently) are di↵erentiated by drug resistance status according to the force of infection

(�i,p
r (⌧)) and a parameter that accounts for the reduced risk of infection of DS-TB while on TPT

(◆r).

The transition rate for all those that move into TB compartment 3 (LTBI, infected recently)

by reinfection (from TB compartments 4, 7, and 8) accounts for the individual’s most recent TB

strain type. The transition rate of reinfection from TB compartments 4 and 8 is determined by

the force of infection �i,p
r (⌧) and the partially-protective e↵ect of LTBI against acquiring a new TB

infection (⇣). However, individuals in TB compartment 7 (Recovered/Treated) have an increased

risk of reinfection, where the force of infection is modified by an increased risk of reinfection (⇠).

Individuals in TB compartment 3 (LTBI, infected recently) will on average, progress to TB

compartment 4 (LTBI, infected remotely) after two years. Some proportion of individuals in TB
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Figure 3.1: Illustration of TB transitions for version one of the TB and HIV disease dynamic
transmission model. Although not visualized here, each of the eight tuberculosis compartments is
stratified across two TB drug-resistance compartments, four HIV compartments, and two genders.
Individuals can age out or die from any compartment. The parameters that are only applicable to
version one of the model are highlighted in red. TB preventative therapy (TPT) initiations are

highlighted in green to emphasize that care programs directly impact them. TB force of infection
is highlighted in blue to indicate the care program indirectly impacts them.

compartment 3 will progress to TB compartment 6 (active TB) or TB compartment 5 (LTBI, on

TPT). We assume only PLWH on ART will initiate TPT, which is captured by the TPT initiation

rates. We assume individuals with MDR LTBI do not benefit from a reduced risk of progression to

active TB (TB compartment 6) by disallowing those with MDR LTBI to move into TB compartment

5 (LTBI, on TPT) and subsequently TB compartment 8 (LTBI, after TPT). Those with LTBI who

complete their course of TPT move into TB compartment 8 (LTBI after TPT) to account for the

reduced risk of progression even after completing their TPT course.

Individuals who progress to TB compartment 4 (LTBI, infected remotely) have a reduced risk
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of progression to active TB compared to those in TB compartment 3 (LTBI, infected recently).

PLWH have an increased risk of progression to TB compartment 6 (active TB). Rates of recovery

are estimated by HIV status (�i
h
⇡recovered) to represent varying expected delays to treatment. A

proportion of those who recover from active TB will relapse or become reinfected.

HIV Disease Progression

Figure 3.2 illustrates transitions to and from each HIV compartment using mathematical no-

tation as defined in Table 3.1. Some proportion of those in HIV compartment 2 (HIV+, not on

ART, CD4 > 200) will initiate ART and transition into HIV compartment 4 (HIV+, on ART), and

others experience CD4 decline and transition into HIV compartment 3 (HIV+, not on ART, CD4

 200). Net ART initiations from HIV compartment 2 (HIV+, not on ART, CD4 > 200) and HIV

compartment 3 (HIV+, not on ART, CD4  200) are based on ART coverage estimates over time,

and the guidance on eligibility for PLWH to initiate ART is based on their CD4 count in South

Africa as outlined in Section 3.4.

Figure 3.2: Illustration of transitions between HIV compartments for each gender compartment
g at time ⌧ . Antiretroviral therapy (ART) initiation rates (highlighted in green) are directly
impacted by ART coverage for each care delivery program. ART coverage is used to calculate
ART initiation rates so that the proportion of PLWH on ART by gender corresponds to ART
coverage assumptions. HIV incidence rates are highlighted in blue to indicate the care delivery
program indirectly impacts them. Although not visualized here, each HIV compartment is

stratified across eight TB compartments, two TB drug resistance and two gender compartments.

Entries and Exits

The model includes an adult population representative of each region i between the ages of 15

and 59 under each program p, with no immigration or emigration between regions. The size of the
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population is kept constant at all time steps such that

X

t2TB0

X

r2DR

X

h2HIV

X

g2G
N i,p

t,r,h,g
(⌧) = 100, 000 8i 2 I, p 2 P. (3.1)

The population is held constant by setting the total amount of population entering the model to

the total amount exiting the model (due to aging out or dying). Some proportion of the population

aging into the model ages into TB compartments corresponding to those uninfected with TB,

LTBI, infected recently not treated with TPT, LTBI infected remotely not treated with TPT, and

active TB according to yearly population, LTBI prevalence, and TB prevalence estimates by gender

and region. LTBI prevalence and TB prevalence estimates are provided by drug resistance when

indicated by estimates. Some proportion of the population ages into the HIV negative compartment

and the HIV positive compartment for those not on ART with a CD4 count greater than 200

according to yearly HIV prevalence estimates. Changes in population characteristics of those aging

into the model over time are accounted for by adjusting the proportion of the population aging

into each TB, HIV, and gender compartment according to yearly estimates from the 2019 Global

Burden of Disease Study (GBD 2019) for the corresponding region i [44].

3.3.2 Version Two: Model Transitions

Figure 3.3 illustrates transitions to and from each TB compartment in the set TB00 with the

mathematical notation in Table 3.1. Transitions that describe HIV disease progression and entries

and exits are the same for both versions of the model and are illustrated in Figure 3.2 and described

in Section 3.3.1. The rates of flow between each compartment are governed by di↵erential equations

as described in Section 3.5.2.

TPT initiation rates (i,p
h,g

(⌧)) are highlighted in green in Figure 3.3 to emphasize that care

programs directly impact them. TB force of infection (�i,p
r (⌧)) is highlighted in blue in Figure 3.3

to emphasize that care programs indirectly impact them. The parameter that describes the relative

risk of TB progression for those with LTBI treated with TPT (�) is highlighted in red in Figure 3.3

to emphasize that the parameter is only applicable in version two of the model.
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TB Disease Progression

Figure 3.3: Illustration of TB transitions for version two of the TB and HIV disease dynamic
transmission model. Although not visualized here, each of the seven tuberculosis compartments is
stratified across two TB drug-resistance compartments, four HIV compartments, and two genders.
Individuals can age out or die from any compartment. The parameter that is only applicable to
version two of the model is highlighted in red. TB preventative therapy (TPT) initiations are

highlighted in green to emphasize that care programs directly impact them. TB force of infection
is highlighted in blue to indicate the care program indirectly impacts them.

In this section, the TB compartments correspond to those in the set TB00 for version two of

the model. While all individuals in TB compartment 1 (uninfected) are arbitrarily assigned to DR

compartment 1, when transitioning to TB compartment 2 (LTBI, infected recently, no TPT), they
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may transition to DR compartment 1 (infected with DS TB) or 2 (infected with MDR TB) because

the force of infection (�i,p
r (⌧)) are estimated by drug resistance status based on a proportion of

those infected with DS TB (r = 1) and MDR TB (r = 2).

The transition rate for all those that move into TB compartment 2 (LTBI, infected recently,

no TPT) by infection or reinfection (from TB compartments 3, 4, 5, and 7) accounts for the

individual’s most recent TB strain type. The transition rate of reinfection from TB compartments

3, 4, and 5 is determined by the force of infection (�i,p
r (⌧)) and the partially protective e↵ect

of LTBI against acquiring a new TB infection (⇣). However, individuals in TB compartment 7

(Recovered/Treated) have an increased risk of reinfection, where the force of infection (�i,p
r (⌧)) is

modified by an increased risk of reinfection (⇠). Those in TB compartments 2, 3, 4, 5, and 7 can

progress to TB compartment 6 (active TB). PLWH have an increased risk of progression to TB

compartment 6 (active TB), which is represented by the parameter (✓h).

Individuals in TB compartment 2 (LTBI, infected recently, no TPT) will, on average, progress

to TB compartment 3 (LTBI, infected remotely, no TPT) after two years. Individuals who progress

to TB compartment 3 (LTBI, infected remotely, no TPT) have a reduced risk of progression to

active TB compared to those in TB compartment 2 (LTBI, infected recently, no TPT).

Those in TB compartment 2 (LTBI, infected recently, no TPT) and TB compartment 3 (LTBI,

infected remotely, no TPT) with DS LTBI who initiate TPT enter TB compartment 4 (LTBI,

infected recently, post-TPT) and TB compartment 5 (LTBI, infected remotely, post-TPT), re-

spectively. The reduced risk of TB progression from TPT (�) is used to reduce the risk of TB

progression for those with recent and remote LTBI.

We assume those who initiate TPT with DS LTBI immediately gain the full benefits of TPT and

enter the post-TPT state. We assume only PLWH on ART will initiate TPT, which is captured

by the TPT initiation rates (i,p
t,h
(⌧)). We assume individuals with MDR LTBI do not benefit

from a reduced risk of progression to active TB (TB compartment 6) by disallowing those with

MDR LTBI to move into post-TPT compartments, TB compartment 4 or 5 with the indicator

�r. Those in TB compartment 4 will, on average, progress to TB compartment 5 (LTBI, infected

remotely, post-TPT) after two years. Rates of recovery are estimated by HIV status (�i
h
⇡recovered)

to represent varying expected delays to treatment. A proportion of those who recover from active
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TB will relapse or become reinfected.

3.4 Time-Varying Parameters Impacted by Population States

A description of the parameters used in the calculations for TB force of infection, ART initiation

rates, and entries to and exits from the population is given in Table 3.2. These parameters are

calculated based on the total population in TB compartment t, DR compartment r, HIV compart-

ment h, and gender compartment g in the region i under program p at time ⌧ , denoted N i,p

t,r,h,g
(⌧).

The population states will di↵er between version one and version two of the model, however the

equations for time-varying parameters are the same as provided in Section 3.4.1.

Notation Description

Parameters that Impact TB Force of Infection (�i,p
r (⌧))

�i
g Number of e↵ective contacts for TB transmission per year for gender g in

region i.
�h Relative transmissibility of TB in populations in HIV compartment h,

such that �1 = 1 and 0 < �h < 1 for h = 2, 3, or 4.
" Fraction of new TB infections that are MDR TB.

Parameters that Impact ART Initiation (⌘i,p2,4,g(⌧) and ⌘i,p3,4,g(⌧))

�i,p
g (⌧) ART coverage for gender g at time ⌧ in region i under program p.

%g(⌧) Proportion of the population in HIV compartment 2 (HIV+, not on ART,
CD4 > 200) eligible to initiate ART by gender g at time ⌧ .

Parameters that Impact Entries (Bi,p(⌧)) and Exits (↵ outi
t,h,g

(⌧))
from the Population

µi

t,h,g
(⌧) Mortality rates from populations in TB compartment t, HIV compartment

h, and gender compartment g at time ⌧ , per year in region i.
1/(60� 15) Rate of exit from the population due to aging.

Table 3.2: Description and notation for parameters used in calculations of time-varying
parameters impacted by population states. The parameter that is directly impacted by program

is highlighted in green.
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3.4.1 Version One: Time-Varying Parameters Impacted by Population States

TB Force of Infection

The TB force of infection for DR compartment r at time ⌧ in region i under program p is denoted

�i,p
r (⌧), and is calculated at each time step using Equations (3.2a) and (3.2b), for DS TB (r = 1) and

MDR TB strains (r = 2), respectively. The population with active TB contributes to the force of

infection for new LTBI among the susceptible population. The number of individuals infected with

active DS TB (in TB compartment 6 and DR compartment 1), HIV compartment h, and gender g

in region i under program p at time ⌧ is indicated by N i,p

6,1,h,g(⌧). The number of e↵ective contacts

varies by gender g and region i and is represented by the parameter �i
g. Relative transmissibility

varies by HIV compartment h, and is represented by the parameter �h [56, 80]. The model allows

di↵erent e↵ective contact rates by gender, which are calibrated but assume homogeneous mixing in

the population.

The estimated fraction of new TB infections that are projected to be MDR are represented by

the parameter ". These parameters are used to calculate the TB force of infection for each DR

compartment r, region i, and program p at each time step ⌧ as follows

�i,p

1 (⌧) =
X

h2HIV

X

g2G

 
�i
g

100, 000

!
�hN

i,p

6,1,h,g(⌧) 8i 2 I, p 2 P (3.2a)

�i,p

2 (⌧) =
"�i,p

1 (⌧)

(1� ")
8i 2 I, p 2 P. (3.2b)

ART Initiation Rates

ART initiation rates (⌘i,p2,4,g(⌧) and ⌘i,p3,4,g(⌧)) are calculated at each time step using Equation (3.6)

and Equation (3.5). In addition to the population states N i,p

t,r,h,g
(⌧), the calculations are based on:

ART coverage by gender g at time ⌧ for region i under program p, denoted �i,p
g (⌧); and the

proportion of those who are in HIV compartment 2 (HIV+, not on ART, CD4 > 200) and are

eligible to initiate ART by gender g at time ⌧ , denoted %g(⌧). ART coverage, �i,p
g (⌧), is used to

calculate ART initiation rates so that the proportion of PLWH on ART by gender g corresponds to

ART coverage assumptions for each region i and program p. There are four distinct time periods
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that impact the input parameter values for ART coverage, �i,p
g (⌧), and the proportion of those in

HIV compartment 2 (HIV+, not on ART, CD4 > 200) that are eligible to initiate ART, %g(⌧) [111],

1. Before 2004: ART was not available in this setting (South Africa).

2. Between 2004-2010: Individuals living with HIV with CD4  200 were eligible for ART.

3. Between 2011-2015: CD4 eligibility levels were increased to 350 for all individuals who were

HIV positive.

4. After 2016: All individuals who are HIV positive are eligible for ART.

The input values for ART coverage at time ⌧ , by gender g in region i under program p, �i,p
g (⌧)

and the proportion of those in HIV compartment 2 (HIV+, not on ART, CD4 > 200) that are

eligible to initiate ART by gender g, %g(⌧), reflect these time periods. The values for ART coverage

over time, by gender, �i,p
g (⌧), are described in Section 3.8.2. The proportion of those in HIV

compartment 2 (HIV+, not on ART, CD4 > 200) that are eligible to initiate ART by gender,

%g(⌧), is described in Section 3.8.2. The model assumes all those eligible to initiate ART, initiate

at the same rate.

Before 2004, all ART initiation rates are set to zero, i.e. ⌘i,p2,4,g(⌧) = ⌘i,p3,4,g(⌧) = 0, to represent

that ART is not available before 2004. After 2004, ART initiation rates are calculated in Equa-

tion (3.5) and Equation (3.6) using intermediate calculations in Equation (3.3), Equation (3.4).

Equation (3.3) calculates the current proportion of those who are HIV positive in each HIV com-

partment h, h 2 {2, 3, 4} by gender g at time ⌧ in region i under program p, V i,p

h,g
(⌧), given as

V i,p

h,g
(⌧) =

P
t2TB

P
r2DR

N i,p

t,r,h,g
(⌧)

P
t2TB0

P
r2DR

P

ĥ2{2,3,4}
N i,p

t,r,ĥ,g
(⌧)

8h 2 {2, 3, 4}, g 2 G, i 2 I, p 2 P. (3.3)

Equation (3.4) calculates a general ART initiation rate for all PLWH, not on ART (in HIV

compartment 2 and HIV compartment 3) eligible to initiate ART by gender, denoted ⌘ alli,pg (⌧)

(assuming that all those eligible to initiate ART, initiate at the same rate). The numerator repre-

sents the di↵erence in ART coverage for gender g at time ⌧ in region i under program p, �i,p
g (⌧),

and model projected ART coverage for gender g at time ⌧ in region i under program p, V i,p

4,g (⌧).
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The denominator represents the proportion of PLWH, not on ART (in HIV compartment 2 and

HIV compartment 3) eligible to initiate ART at time ⌧ by gender g in region i under program p.

The general ART initiation rate is calculated as

⌘ alli,pg (⌧) =
�i,p
g (⌧)� V i,p

4,g (⌧)

%g(⌧)V
i,p

2,g (⌧) + V i,p

3,g (⌧)
8g 2 G, i 2 I, p 2 P. (3.4)

Since all those in HIV compartment 2 (HIV+, not on ART, CD4 > 200) are eligible to initiate

ART for all times associated with the years after 2004, Equation (3.5) sets ART initiation rates for

those in HIV compartment 2, ⌘i,p2,4,g(⌧), to the general ART initiation rate for all PLWH, not on

ART, ⌘ alli,pg (⌧), as

⌘i,p2,4,g(⌧) = ⌘ alli,pg (⌧) 8g 2 G, i 2 I, p 2 P. (3.5)

Finally, Equation (3.6) provides ART initiation rates from HIV compartment 3 (HIV+, not on

ART, CD4  200) to HIV compartment 4 (HIV+, on ART), by gender at time ⌧ as

⌘i,p3,4,g(⌧) = %g(⌧)⌘ alli,pg (⌧) 8g 2 G, i 2 I, p 2 P. (3.6)

Population Entering and Exiting the Model

This section describes how the rate of population exiting the model is calculated based on aging

out rates and mortality rates at time ⌧ ; ↵ outi
t,h,g

(⌧) for TB compartment t, DR compartment

r, HIV compartment h and gender compartment g, in region i in Equation (3.7), and the total

population aging into the model at time ⌧ , Bi,p(⌧) in region i under program p, in Equation (3.8).

Exits from the model can occur due to mortality at a rate of µi

t,h,g
(⌧) for TB compartment t,

HIV compartment h and gender compartment g at time ⌧ in region i or aging out. The model only

considers populations with ages between 15 and 59, that is, they enter on their 15th birthday and

exit on their 60th birthday so the model assumes aging out of the population occurs at a rate of

1/(60 � 15) per year which is the inverse of the duration of time between population entry at age
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15 and exit at age 60. Note that, µi

t,h,g
(⌧)/(60� 15), is subtracted to ensure an individual can only

age out or die, but cannot both age out and die. The rate of population exiting the model based

on aging out rates and mortality rates is calculated as

↵ outi
t,h,g

(⌧) = µi

t,h,g
(⌧) +

1

(60� 15)
(1� µi

t,h,g
(⌧)) 8t 2 TB0, h 2 HIV, g 2 G, i 2 I. (3.7)

This model assumes a constant population size of 100,000. In order to keep the population size

constant, the entries to the population are set to the total population leaving the model from aging

out or dying. The total population aging into the model is calculated as

Bi,p(⌧) =
X

t2TB

X

r2DR

X

h2HIV

X

g2G
↵ outi

t,h,g
(⌧)N i,p

t,r,h,g
(⌧) 8i 2 I, p 2 P. (3.8)

New entries are assigned to TB uninfected, latent TB (no TPT), and active TB compartments.

As well as, HIV- and HIV+, not on ART, CD4 > 200, all DR compartments, and all gender g

compartments, at time ⌧ in region i with the input parameter ↵ ini

t,r,h,g
(⌧).

3.4.2 Version Two: Time-Varying Parameters Impacted by Population States

The calculations of time-varying parameters impacted by population states remain unchanged

between version one and version two. In version two of the model, these parameters are computed

by substituting TB0 with TB00 in the relevant equations, from Equation (3.2a) to Equation (3.8).

3.5 Di↵erential Equations that Govern TB and HIV Transitions

Section 3.5.1 describes the di↵erential equations in version one of the model used to represent

transitions between the eight TB compartments, two DR compartments, four HIV compartments,

and two gender compartments. Section 3.5.2 describes the di↵erential equations in version two of the

model used to represent transitions between the seven TB compartments, two DR compartments,

four HIV compartments, and two gender compartments.
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3.5.1 Version One: Di↵erential Equations

In this section, N i,p

t,r,h,g
(⌧) represents the total population in TB compartment for t 2 TB0, DR

compartment r 2 DR, HIV compartment h 2 HIV , gender compartment g 2 G, in region i 2 I,

and program p 2 P.

TB compartment 1: Uninfected, not on TPT*

dN i,p

1,1,h,g(⌧)

dt
= ↵ ini

1,1,h,g(⌧)B
i,p(⌧)

� ↵ outi1,h,g(⌧)N
i,p

1,1,h,g(⌧)

� i,p
h,g

(⌧)N i,p

1,1,h,g(⌧)

+ !N i,p

2,1,h,g(⌧)

�
X

r̂2DR

�i,p

r̂
(⌧)N i,p

1,1,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N i,p

1,1,ĥ,g
(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

1,1,h,g(⌧) (3.9)

8h 2 HIV, g 2 G, i 2 I, p 2 P

*Note: The model does not distinguish TB uninfected, not on TPT, compartments by drug resis-

tance, and as such, all initial uninfected populations are assigned to DR compartment 1, and all

exits and entries into TB uninfected compartments are from DR compartment 1.

Equation (3.9) Description

The first line in Equation (3.9) calculates the entries into TB compartment 1 as a proportion of the

population enters at age 15. The second line calculates the population leaving the compartment

from aging out or dying. The third and fourth lines calculate the total population leaving and

entering compartment 1 from initiation (only those who are HIV+ and on ART) and completion
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of TPT, respectively. The fifth line calculates the population leaving after being infected with TB.

The last two lines calculate entries and exits between HIV compartments.

TB compartment 2: Uninfected, on TPT*

dN i,p

2,1,h,g(⌧)

dt
= � ↵ outi2,h,g(⌧)N

i,p

2,1,h,g(⌧)

+ i,p
h,g

(⌧)N i,p

1,1,h,g(⌧)

� !N i,p

2,1,h,g(⌧)

�
X

r̂2DR

◆r̂�
i,p

r̂
(⌧)N i,p

2,1,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N i,p

2,1,ĥ,g
(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,i,g

(⌧)N i,p

2,1,h,g(⌧) (3.10)

8h 2 HIV, g 2 G, i 2 I, p 2 P

*Note: The model does not distinguish TB uninfected, not on TPT, compartments by drug resis-

tance, and as such, all initial uninfected populations are assigned to DR compartment 1, and all

exits and entries into TB uninfected compartments are from DR compartment 1.

Equation (3.10) Description

The first line in Equation (3.10) calculates the population leaving the compartment from aging out

or dying (note: we do not let individuals age into TPT compartments). The second and third lines

calculate the total population entering and leaving compartment 2 from initiation and completion

of TPT. The fourth line calculates the population leaving after being infected with TB, diminished

for those infected with DS TB to represent the partially protective e↵ects of becoming infected with

TB while on TPT. The last two lines calculate entries and exits between HIV compartments.
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TB compartment 3: LTBI, infected recently

dN i,p

3,r,h,g(⌧)

dt
= ↵ ini

3,r,h,g(⌧)B
i,p(⌧)

� ↵ outi3,h,g(⌧)N
i,p

3,r,h,g(⌧)

+ �i,p

r (⌧)N i,p

1,1,h,g(⌧)

+ ◆r�
i,p

r (⌧)N i,p

2,1,h,g(⌧)

+ ⇣�i,p

r (⌧)
X

r̂2DR

N i,p

4,r̂,h,g(⌧)

+ ⇠�i,p

r (⌧)
X

r̂2DR

N i,p

7,r̂,h,g(⌧)

+ ⇣�i,p

r (⌧)
X

r̂2DR

N i,p

8,r̂,h,g(⌧)

� ⇡recent remoteN
i,p

3,r,h,g(⌧)

� �r
i,p

h,g
(⌧)N i,p

3,r,h,g(⌧)

� ✓h⇡recent progN
i,p

3,r,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N i,p

3,r,ĥ,g
(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

3,r,h,g(⌧) (3.11)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.11) Description

Line one in Equation (3.11) calculates entries into TB compartment 3 as a proportion of the

population enters at age 15. Line two calculates the population leaving the compartment from

aging out or dying. Lines three through seven calculate entries from infections (and re-infections)

from TB compartments 1 (uninfected, not on TPT), 2 (uninfected, on TPT), 4 (LTBI, remote), 8

(LTBI, on TPT), and 7 (recovered/treated). For the purpose of this model, we assume in regards

to reinfection, that the most recent TB strain type determines the DR compartment. As such,
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we sum the total populations from compartments 4, 7, and 8 over drug-resistant compartments

to allow populations to transition between DR compartments (DS and MDR). For individuals in

TB compartments 4 and 8, re-infection is diminished by the partially protective e↵ect of previous

infections on reinfection. For individuals in TB compartment 8, infection rates are increased to

account for the increased risk of reinfection after active TB. Lines eight through ten calculate exits

due to movements from recent to remote, going onto TPT, and progression to active TB. We only

allow individuals with DS LTBI and HIV+ and on ART to move into TB compartment 5, we assume

those with MDR LTBI on TPT continue to progress according to the annual risk of progression for

recent LTBI. The last two lines calculate transitions between HIV compartments for entries and

exits.

TB compartment 4: LTBI, infected remotely

dN i,p

4,r,h,g(⌧)

dt
= ↵ ini

4,r,h,g(⌧)B
i,p(⌧)

� ↵ outi4,h,g(⌧)N
i,p

4,r,h,g(⌧)

+ ⇡recent remoteN
i,p

3,r,h,g(⌧)

� ⇣
X

r2r̂
�i,p

r̂
(⌧)N i,p

4,r,h,g(⌧)

� �r
i,p

h,g
(⌧)N i,p

4,r,h,g(⌧)

� ✓h⇡remote progN
i,p

4,r,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N4,r,ĥ,g(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

4,r,h,g(⌧) (3.12)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.12) Description

Line one in Equation (3.12) calculates entries into TB compartment 4 as a proportion of the
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population enters at age 15. Line two calculates the population leaving the compartment from

aging out or dying. Line three calculates entries from LTBI, recent to remote, two years after

the initial LTBI. Lines three to six calculate exits due to re-infection, which is diminished for the

partially-protective e↵ect of previous LTBI infections against acquiring a new TB infection, going

onto TPT, and progression to active TB. We only allow individuals with DS LTBI and HIV+ and

on ART to move into TB compartment 5. We assume those with MDR LTBI on TPT continue to

progress according to the annual risk of progression for remote LTBI. The last two lines calculate

transitions between HIV compartments.

TB compartment 5: LTBI, on TPT

dN i,p

5,r,h,g(⌧)

dt
= � ↵ outi5,h,g(⌧)N

i,p

5,r,h,g(⌧)

+ �r
i,p

h,g
(⌧)(N i,p

3,r,h,g(⌧) +N i,p

4,r,h,g(⌧))

� ⇡i

on TPT progN
i,p

5,r,h,g(⌧)

� !N i,p

5,r,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N i,p

5,r,ĥ,g
(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

5,r,h,g(⌧) (3.13)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.13) Description

Line one in Equation (3.13) calculates the population leaving the compartment from aging out or

dying (note: we do not let individuals age into TPT compartments). Line two calculates the rate at

which populations move onto TPT from the LTBI, infected recently, and LTBI, infected remotely

compartments, respectively. Lines three and four calculate exits due to active TB progression and

completion of TPT. The last two lines calculate transitions between HIV compartments for entries

and exits.
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TB compartment 6: Active TB

dN i,p

6,r,h,g(⌧)

dt
= ↵ ini

6,r,h,g(⌧)B
i,p(⌧)

� ↵ outi6,h,gN
i,p

6,r,h,g(⌧)

+ ✓h⇡recent progN
i,p

3,r,h,g(⌧)

+ ✓h⇡remote progN
i,p

4,r,h,g(⌧)

+ ⇡i

on TPT progN
i,p

5,r,h,g(⌧)

+ ⇡i

after TPT prog
N i,p

8,r,h,g(⌧)

+ ⇡relapseN
i,p

7,r,h,g(⌧)

� �i
h
⇡recoverN

i,p

6,r,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N i,p

6,r,ĥ,g
(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

6,r,h,g(⌧) (3.14)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.14) Description

Line one in Equation (3.14) calculates entries into TB compartment 6 as a proportion of the

population enters at age 15. Line two calculates the population leaving the compartment from

aging out or dying. Lines three through six calculate the rate at which populations with LTBI who

are recently and remotely infected (relative to HIV state), on TPT, and after TPT (for those who

are HIV+ and on ART) progress to active TB. Line seven calculates entries from relapse. Line

eight calculates exits from recovery and accounts for the increased duration of active TB due to

delays in treatment. The last two lines calculate transitions between HIV compartments for entries

and exits.
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TB compartment 7: Recovered/Treated

dN i,p

7,r,h,g(⌧)

dt
= � ↵ outi7,h,gN

i,p

7,r,h,g(⌧)

+ �i
h
⇡recoverN

i,p

6,r,h,g(⌧)

� ⇠
X

r2r̂
�i,p

r̂
(⌧)N i,p

7,r,h,g(⌧)

� ⇡relapseN
i,p

7,r,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N i,p

7,r,ĥ,g
(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

7,r,h,g(⌧) (3.15)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.15) Description

Line one in Equation (3.15) calculates the population leaving the compartment from aging out

or dying (note: we do not let individuals age into the TB recovered/treated compartment). Line

two calculates entries from recovery/treatment and accounts for the increased duration of active

TB due to delays in treatment. Line three calculates exits from reinfection, which accounts for

the increased risk of acquiring a new TB infection after active TB. Line four calculates exits from

relapse. The last two lines calculate transitions between HIV compartments.
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TB compartment 8: LTBI after TPT

dN i,p

8,r,h,g(⌧)

dt
= � ↵ outi8,h,gN

i,p

8,r,h,g(⌧)

+ !N i,p

5,r,h,g(⌧)

� ⇡i

after TPT prog
N i,p

8,r,h,g(⌧)

� ⇣
X

r2r̂
�i,p

r̂
(⌧)N i,p

8,r,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N i,p

8,r,ĥ,g
(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

8,r,h,g(⌧) (3.16)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.16) Description

Line one in Equation (3.16) calculates the population leaving the compartment from aging out

or dying (note: we do not let individuals age into TPT compartments). Line two calculates the

total population entering TB compartment 8 after completing TPT with LTBI. Lines three and

four calculate exits due to progression to active TB and reinfection, which is diminished for the

partially-protective e↵ect of LTBI from TB against acquiring a new TB infection. The last two

lines calculate transitions between HIV compartments for entries and exits.

3.5.2 Version Two: Di↵erential Equations

In this section, N i,p

t,r,h,g
(⌧) represents the total population in TB compartment for t 2 TB00, DR

compartment r 2 DR, HIV compartment h 2 HIV , gender compartment g 2 G, in region i 2 I,

and program p 2 P.
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TB compartment 1: Uninfected*

dN i,p

1,1,h,g(⌧)

dt
= ↵ ini

1,1,h,g(⌧)B
i,p(⌧)

� ↵ outi1,h,g(⌧)N
i,p

1,1,h,g(⌧)

�
X

r̂2DR

�i,p

r̂
(⌧)N i,p

1,1,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N i,p

1,1,ĥ,g
(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

1,1,h,g(⌧) (3.17)

8h 2 HIV, g 2 G, i 2 I, p 2 P

*Note: The model does not distinguish TB uninfected compartments by drug resistance, and as

such, all initial uninfected populations are assigned to DR compartment 1, and all exits and entries

into TB uninfected compartments are from DR compartment 1.

Equation (3.17) Description

The first line in Equation (3.17) calculates the entries into TB compartment 1 as a proportion of

the population enters at age 15. The second line calculates the population leaving the compartment

from aging out or dying. The third line calculates the population leaving after being infected with

TB. The last two lines calculate transitions between HIV compartments.
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TB compartment 2: LTBI, infected recently, no TPT

dN i,p

2,r,h,g(⌧)

dt
= ↵ ini

2,r,h,g(⌧)B
i,p(⌧)

� ↵ outi2,h,g(⌧)N
i,p

2,r,h,g(⌧)

+ �i,p

r (⌧)N i,p

1,1,h,g(⌧)

+ ⇣�i,p

r (⌧)
X

r̂2DR

N i,p

3,r̂,h,g(⌧)

+ ⇣�i,p

r (⌧)
X

r̂2DR

N i,p

4,r̂,h,g(⌧)

+ ⇣�i,p

r (⌧)
X

r̂2DR

N i,p

5,r̂,h,g(⌧)

+ ⇠�i,p

r (⌧)
X

r̂2DR

N i,p

7,r̂,h,g(⌧)

� ⇡2,3N
i,p

2,r,h,g(⌧)

� �r
i,p

h,g
(⌧)N i,p

2,r,h,g(⌧)

� ✓h⇡2,6N
i,p

2,r,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N i,p

2,r,ĥ,g
(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

2,r,h,g(⌧) (3.18)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.18) Description

Line one in Equation (3.18) calculates entries into TB compartment 2 as a proportion of the

population enters at age 15. Line two calculates the population leaving the compartment from aging

out or dying. Lines three through seven calculate entries from infections (and re-infections) from

TB compartments 1 (uninfected), 3 (LTBI, infected remotely, no TPT), 4 (LTBI, infected recently,

post-TPT), 5 (LTBI, infected remotely, post-TPT), and 7 (recovered/treated). For the purpose of
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this model, we assume, in regard to reinfection, that the most recent TB strain type determines

the DR compartment. As such, we sum the total populations from TB compartments 3, 4, 5, and

7 over drug-resistant compartments to allow populations to transition between DR compartments

(DS and MDR). For individuals in TB compartments 3, 4 and 5, re-infection is diminished by the

partially protective e↵ect of previous infections on reinfection. For individuals in TB compartment

7, infection rates are increased to account for the increased risk of reinfection after active TB. Lines

eight through ten calculate exits due to movements from recent to remote, going onto TPT, and

progression to active TB. We only allow individuals with DS LTBI and HIV+ and on ART to move

into TB compartment 4. We assume those with MDR LTBI on TPT continue to progress according

to the annual risk of progression for recent LTBI. The last two lines calculate transitions between

HIV compartments.

TB compartment 3: LTBI, infected remotely, no TPT

dN i,p

3,r,h,g(⌧)

dt
= ↵ ini

3,r,h,g(⌧)B
i,p(⌧)

� ↵ outi3,h,g(⌧)N
i,p

3,r,h,g(⌧)

+ ⇡2,3N
i,p

2,r,h,g(⌧)

� ⇣
X

r̂2DR

�i,p

r̂
(⌧)N i,p

3,r,h,g(⌧)

� �r
i,p

h,g
(⌧)N i,p

3,r,h,g(⌧)

� ✓h⇡recent progN
i,p

3,r,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N i,p

3,r,ĥ,g
(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

3,r,h,g(⌧). (3.19)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.19) Description



81

Line one in Equation (3.19) calculates entries into TB compartment 3 as a proportion of the

population enters at age 15. Line two calculates the population leaving the compartment from

aging out or dying. Line three calculates entries from LTBI, recent to remote, two years after the

initial LTBI. Line four calculates exits due to re-infection, which is diminished for the partially

protective e↵ect of previous LTBI infections against acquiring a new TB infection. Those who

are reinfected can be reinfected with DS LTBI or MDR LTBI. We assume that the most recent

infection determines if the TB strain is DS or MDR. Lines five and six calculate exits due to going

onto TPT and progression to active TB. We only allow individuals with DS LTBI and HIV+ and

on ART to move into the post-TPT state. We assume those with MDR LTBI on TPT continue to

progress according to the annual risk of progression for remote LTBI. The last two lines calculate

transitions between HIV compartments.

TB compartment 4: LTBI, infected recently, post-TPT

dN i,p

4,r,h,g(⌧)

dt
= �↵ outi4,h,g(⌧)N

i,p

4,r,h,g(⌧)

+ �r
i,p
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(⌧)N i,p
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� ⇣
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(⌧)N i,p
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� �✓h⇡2,6N
i,p

4,r,h,g(⌧)

� ⇡2,3N
i,p

4,r,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N i,p
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(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

4,r,h,g(⌧) (3.20)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.20) Description
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Line one in Equation (3.20) calculates the population leaving the compartment from aging out

or dying (note: we do not let individuals age into post-TPT compartments). Line two calculates the

rate at which populations initiate TPT from TB compartment 2. Lines three to five calculate exits

due to reinfection, progression to active TB diminished based on the relative risk of TB progression

for those on TPT, and movements from recent to remote, respectively. The last two lines calculate

transitions between HIV compartments.

TB compartment 5: LTBI, infected remotely, post-TPT

dN i,p

5,r,h,g(⌧)

dt
= �↵ outi,p5,h,gN

i,p
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5,r,h,g(⌧)

+
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⌘i,p
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(⌧)

�
X
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ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N i,p

5,r,h,g(⌧) (3.21)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.21) Description

Line one in Equation (3.21) calculates the population leaving the compartment from aging out

or dying (note: we do not let individuals age into post-TPT compartments). Line two calculates

the total population entering TB compartment 5 due to movements from recent to remote LTBI.

Line three calculates the rate at which populations initiate TPT from TB compartment 3. Lines
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four and five calculate exits due to progression to active TB (diminished for the reduced risk of

progression for those on TPT) and reinfection (diminished for the partially protective e↵ect of LTBI

from TB against acquiring a new TB infection.) The last two lines calculate transitions between

HIV compartments.

TB compartment 6: Active TB

dN i,p

6,r,h,g(⌧)

dt
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+ ⇡relapseN
i,p
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h
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i,p

6,r,h,g(⌧)

+
X
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ĥ 6=h

⌘i,p
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(⌧)N i,p
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(⌧)

�
X

ĥ2HIV,
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⌘i,p
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(⌧)N i,p

6,r,h,g(⌧) (3.22)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.22) Description

Line one in Equation (3.22) calculates entries into TB compartment 6 as a proportion of the

population enters at age 15. Line two calculates the population leaving the compartment from

aging out or dying. Lines three to six calculate the population progressing to active TB from TB

compartments 2, 3, 4, and 5. Line seven calculates entries from relapse. Line eight calculates exits
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from recovery and accounts for the increased duration of active TB due to delays in treatment. The

last two lines calculate transitions between HIV compartments.

TB compartment 7: Recovered/Treated

dN i,p

7,r,h,g(⌧)

dt
= �↵ outi7,h,gN

i,p

7,r,h,g(⌧)

+ �i
h
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i,p
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� ⇠
X

r̂2DR

�i,p

r̂
(⌧)N i,p

7,r,h,g(⌧)
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i,p

7,r,h,g(⌧)

+
X

ĥ2HIV,

ĥ 6=h

⌘i,p
ĥ,h,g

(⌧)N7,r,ĥ,g(⌧)

�
X

ĥ2HIV,

ĥ 6=h

⌘i,p
h,ĥ,g

(⌧)N7,r,h,g(⌧) (3.23)

8r 2 DR, h 2 HIV, g 2 G, i 2 I, p 2 P

Equation (3.23) Description

Line one in Equation (3.23) calculates the population leaving the compartment from aging out

or dying (note: we do not let individuals age into the TB recovered/treated compartment). Line

two calculates entries from recovery/treatment. Line three calculates exits from reinfection, which

accounts for the increased risk of acquiring a new TB infection after active TB. Line four calculates

exits from relapse. The last two lines calculate transitions between HIV compartments.

3.6 Model Execution

In both versions, I ran the model independently for each region i 2 I and program p 2 P with

parameters specific to each region i under program p. Both versions assume no immigration or

emigration between regions and a constant model population of 100,000 individuals in each region.
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The system of di↵erential equations is solved using a time step ⌧ of one month or 1/12 (0.083) of a

year. Each time step ⌧ is associated with a year, y. For example time steps ⌧ 2 {1990.0, 1990.083,

. . . , 1990.833, 1990.917} are associated with the year 1990 or y = 1990.

In both versions, I ran the model for each region over a warmup and calibration period from

the beginning of 1940 to the end of 2017. HIV incidence is introduced in 1980. In order to calibrate

the parameters used in the dynamic transmission model, I generate candidate parameter sets with

Latin hypercube sampling [132] using the range of values described in Section 3.8. Model outputs

for each candidate parameter set are evaluated against calibration target ranges. Parameter sets

that meet all calibration target ranges are accepted. A detailed description of calibration for version

one and version two of the model is provided in Chapter 4 and Chapter 5, respectively.

For each accepted parameter set, I continue to execute the model in each region under each care

delivery program over a ten-year intervention period from the start of 2018 to the end of 2027. The

parameters that depend on the care delivery program are held constant over the intervention period.

Program health outcomes and costs are calculated for each region and care delivery program based

on the equations in Section 3.7.

The dynamic transmission model was programmed in R version 3.5.2 and the system of di↵er-

ential equations was solved with the deSolve package [130]. I ran the code on Hyak, the University

of Washington’s supercomputing system, to allow for computations at scale [57].

3.7 Program Health Outcomes and Costs

The calculations of program health outcomes and costs for version one and version two of the

model are provided in Section 3.7.1 and Section 3.7.2, respectively. The notation for program health

outcomes and costs projected from version one and version two of the model and are summarised in

Table 3.3 and Table 3.5, respectively. These metrics are generated based on population states and

transition rates in versions one and two of the model. These metrics are used in the application

results presented in Chapter 4 and Chapter 5.
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3.7.1 Version One: Program Health Outcomes and Costs Equations

This section describes how TB incidence, TB mortality, TB and HIV prevalence, and disability-

adjusted life years (DALYs) are projected using population states and transition rates in version one

of the model. DALYs represent the years of life lost (YLL) and years lived with disability (YLD)

for TB and HIV disease. These metrics are used to calculate discounted and undiscounted program

health outcomes and costs over the 10-year intervention period from the start of 2018 to the end

of 2027, and discounted and undiscounted incremental cost-e↵ectiveness ratios per TB incidence,

TB deaths, and DALYs averted between the care delivery programs as provided in the results of

Chapter 4. Model outputs are generated for each care delivery program during the intervention

period.

Notation Description

TB Incidence

\TBinc per
i,p

(y) TB incidence rate in year y, per 100,000 individuals in region

i under program p

TBinc per HIV posi,pg (y) TB incidence rate for the HIV positive population in year y

by gender g, per 100,000 males or females in region i under

program p

TBinc per HIV negg(y) TB incidence rate for the HIV negative population in year y

by gender g, per 100,000 males or females in region i under

program p

TB Mortality

TBmort peri,p(y) TB mortality rate in year y, per 100,000 individuals in region

i under program p

TBmort per HIV posi,pg (y) TB mortality rate for the HIV positive population in year y

by gender g, per 100,000 males or females in region i under

program p

Continued on next page
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Table 3.3 – continued from previous page

Notation Description

TBmort per HIV negi,pg (y) TB mortality rate for the HIV negative population in year y

by gender g, per 100,000 males or females in region i under

program p

TB and HIV prevalence

TBprev peri,p(y) TB prevalence rate in year y, per 100,000 individuals in

region i under program p

\HIV prev per
i,p

g (y) HIV prevalence rate in year y by gender g, per 100,000 males

or females in region i under program p,

Disability-Adjusted Life Years (DALYs)

Y LL peri,p(y) YLL in year y, per 100,000 individuals in region i under

program p

Y LD peri,p(y) YLD in year y, per 100,000 individuals in region i under

program p

DALY peri,p(y) DALYs in year y, per 100,000 individuals in region i under

program p

Costs

\Cost per
i,p

(y) Costs in year y, per 100,000 individuals in region i under

program p

Program Health Outcomes and Costs (Undiscounted)

UTBinc totali,p Total undiscounted incident TB cases over the 10-year inter-

vention period from 2018 to 2027 in region i under program p

UTBmort totali,p Total undiscounted TB deaths over the 10-year intervention

period from 2018 to 2027 in region i under program p

UDALY totali,p Total undiscounted DALYs over the 10-year intervention pe-

riod from 2018 to 2027 in region i under program p

Continued on next page
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Table 3.3 – continued from previous page

Notation Description

UCost totali,p Total undiscounted costs over the 10-year intervention pe-

riod from 2018 to 2027 in region i under program p

Program Health Outcomes and Costs (Discounted)

DTBinc totali,p Total discounted incident TB cases over the 10-year inter-

vention period from 2018 to 2027 in region i under program p

DTBmort totali,p Total discounted TB deaths over the 10-year intervention

period from 2018 to 2027 in region i under program p

DDALY totali,p Total discounted DALYs over the 10-year intervention pe-

riod from 2018 to 2027 in region i under program p

DCost totali,p Total discounted costs over the 10-year intervention period

from 2018 to 2027 in region i under program p

Incremental Cost-E↵ectiveness Ratios (Undiscounted)

UICER TBinci
p̃,p

Undiscounted incremental cost per TB incidence case

averted from 2018 to 2027 between the intervention program

p̃ and program p in region i

UICER TBmorti
p̃,p

Undiscounted incremental cost per TB death averted from

2018 to 2027 between the intervention program p̃ and pro-

gram p in region i

UICER DALY i

p̃,p
Undiscounted incremental cost per DALY from 2018 to 2027

between the intervention program p̃ and program p in re-

gion i

Incremental Cost-E↵ectiveness Ratios (Discounted)

DICER TBinci
p̃,p

Discounted incremental cost per TB incidence case averted

over the intervention period between the intervention pro-

gram p̃ and program p in region i

Continued on next page
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Table 3.3 – continued from previous page

Notation Description

DICER TBmorti
p̃,p

Discounted incremental cost per TB death averted over the

intervention period between the intervention program p̃ and

program p in region i

DICER DALY i

p̃,p
Discounted incremental cost per DALY averted over the in-

tervention period between the intervention program p̃ and

program p in region i

Table 3.3: Description and notation for program health outcomes and costs generated from
version one of the model.

TB Incidence

TB incidence rates per 100,000 individuals are calculated by summing those progressing to active

TB (TB compartment 6) from TB compartments 3 (LTBI, recent), 4 (LTBI, remote), 5 (LTBI,

on TPT), and 8 (LTBI, after TPT). In this section, N i,p

t,r,h,g
(⌧) represents the total population

in TB compartment t 2 TB0, DR compartment r 2 DR, HIV compartment h 2 HIV , gender

compartment g 2 G, in region i 2 I under program p 2 P. Note: only those in HIV compartment 4

(HIV+, and on ART) can initiate TPT and enter TB compartments 5 and 8. TB progression rates

from TB compartments 5 and 8 are defined for PLWH on ART. TB incidence rates are calculated

by summing over all time steps ⌧ in year y in region i under program p as,

\TBinc per
i,p

(y) =
X

⌧2y

X

r2DR

X

h2HIV

X

g2G
✓h⇡recent progN

i,p

3,r,h,g(⌧)

+
X

⌧2y

X

r2DR

X

h2HIV

X

g2G
✓h⇡remote progN

i,p

4,r,h,g(⌧)

+
X

⌧2y

X

r2DR

X

g2G
⇡i

on TPT progN
i,p

5,r,4,g(⌧)

+
X

⌧2y

X

r2DR

X

g2G
⇡i

after TPT prog
N i,p

8,r,4,g(⌧) 8i 2 I, p 2 P. (3.24)
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Equations for TB incidence rates by year and by gender (per 100,000 males or females) for

those who are HIV positive are given in Equation (3.26) and for those who are HIV negative in

Equation (3.27). In order to scale rates by gender, model population estimates for each gender

compartment g at time ⌧ for region i under program p are calculated and denoted M POP i,p

g (⌧).

Population estimates for gender compartment g at time ⌧ in region i under program p are calculated

as,

M POP i,p

g (⌧) =
X

t2TB0

X

r2DR

X

h2HIV

Nt,r,h,g(⌧) 8g 2 G, i 2 I, p 2 P. (3.25)

Equation (3.26) provides the number of TB incident cases for the HIV positive population by

gender g at time ⌧ , then scales TB incidence rates for those who are HIV positive per 100,000 males

g = 1 and 100,000 females g = 2 by dividing by population estimates for each gender g, summing

over all time steps ⌧ in year y and multiplying by 100,000,

TBinc per HIV posi,pg (y) = 100, 000
X

⌧2y

0

BB@

P
r2DR

P
h2{2,3,4}

✓h⇡recent progN
i,p

3,r,h,g(⌧)

M POP i,p

g (⌧)

1

CCA

+ 100, 000
X

⌧2y

0

BB@

P
r2DR

P
h2{2,3,4}

✓h⇡remote progN
i,p

4,r,h,g(⌧)

M POP i,p

g (⌧)

1

CCA

+ 100, 000
X

⌧2y

0

B@

P
r2DR

⇡i

on TPT prog
N i,p

5,r,4,g(⌧)

M POP i,p

g (⌧)

1

CA

+ 100, 000
X

⌧2y

0

B@

P
r2DR

⇡i

after TPT prog
N i,p

8,r,4,g(⌧)

M POP i,p

g (⌧)

1

CA

8g 2 G, i 2 I, p 2 P. (3.26)

Similarly, Equation (3.27) provides the number of TB incident cases for the HIV negative

population by gender g at time ⌧ in program p, and divides by population estimates for each

gender g, then summing over all time steps ⌧ in year y and multiplying by 100,000,
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TBinc per HIV negi,pg (y) = 100, 000
X

⌧2y

0

B@

P
r2DR

⇡recent progN
i,p

3,r,1,g(⌧)

M POP i,p

g (⌧)

1

CA

+ 100, 000
X

⌧2y

0

B@

P
r2DR

⇡remote progN
i,p

4,r,1,g(⌧)

M POP i,p

g (⌧)

1

CA

8g 2 G, i 2 I, p 2 P. (3.27)

The aggregated TB incidence rate in year y, per 100,000 males (g = 1) and females (g = 2) in re-

gion i under program p, is equal to the sum of TBinc per HIV posi,pg (y) plus TBinc per HIV negi,pg (y)

by gender g.

TB Mortality

TB mortality per 100,000 individuals projected by the model in region i under program p is

calculated by summing those departing the active TB compartment (TB compartment 6) due to

death for all time steps ⌧ in year y and is given as,

TBmort peri,p(y) =
X

⌧2y

X

r2DR

X

h2HIV

X

g2G
µi

6,h,g(⌧) N
i,p

6,r,h,g(⌧) 8i 2 I, p 2 P. (3.28)

TB mortality in region i under program p by gender (per 100,000 males or females) for those who

are HIV positive is given in Equation (3.29) and for those who are HIV negative in Equation (3.30).

Model population estimates, M POP i,p

g (⌧, p), are used to scale TB mortality by gender as described

in Equation (3.25). Equation (3.29) provides the number of HIV positive individuals who died at

time ⌧ , divided by the number of individuals who are HIV positive by population estimates for

each gender g, and summed over all time steps ⌧ in year y and multiplied by 100,000,
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TBmort per HIV posi,pg (y) = 100, 000
X

⌧2y

0

BB@

P
r2DR

P
h2{2,3,4}

µi

6,h,g(⌧) N
i,p

6,r,h,g(⌧)

M POP i,p

g (⌧)

1

CCA

8g 2 G, i 2 I, p 2 P. (3.29)

Similarly, Equation (3.30) provides the number of individuals who died that are HIV negative

by gender g at time ⌧ , scaled by population estimates for each gender g, summed over all time steps

⌧ in year y and multiplied by 100,000,

TBmort per HIV negi,pg (y) = 100, 000
X

⌧2y

0

B@

P
r2DR

µi

6,1,g(⌧) N
i,p

6,r,1,g(⌧)

M POP i,p

g (⌧)

1

CA

8g 2 G, i 2 I, p 2 P. (3.30)

The aggregated TB mortality rate in year y, per 100,000 males (g = 1) and females (g = 2) in re-

gion i under program p, is equal to the sum of TBmort per HIV posi,pg (y) and TBmort per HIV negi,pg (y)

by each gender g.

TB and HIV Prevalence

TB prevalence represents the proportion of the population in the model with active TB. HIV

prevalence represents the proportion of the population that is living with HIV. TB prevalence is

provided by year per 100,000 individuals in Equation (3.31). Equation (3.31) calculates the number

of individuals with active TB (in TB compartment 6), then sets TB prevalence for year y in region

i under program p based on the average TB prevalence over time steps ⌧ in year y,

TBprev peri,p(y) =
1

12

X

⌧2y

X

r2DR

X

h2HIV

X

g2G
N i,p

6,r,h,g(⌧) 8i 2 I, p 2 P. (3.31)

HIV prevalence represents the proportion of the population who are living with HIV (in HIV
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compartments 2, 3, and 4). HIV prevalence is calculated by gender (per 100,000 males and per

100,000 females) and year in Equation (3.32). Equation (3.32) provides the number of HIV positive

individuals at time ⌧ , divided by population estimates for each gender g and multiplied by 100,000,

and taking the average over all time steps ⌧ in year y,

\HIV prev per
i,p

g (y) =100, 000

✓
1

12

◆X

⌧2y

0

BB@

P
t2TB0

P
r2DR

P
h2{2,3,4}

N i,p

t,r,h,g
(⌧)

M POP i,p

g (⌧)

1

CCA

8g 2 G, i 2 I, p 2 P. (3.32)

Disability-Adjusted Life Years

Disability-adjusted life years (DALYs) are calculated based on years of life lost (YLL) and years

lived with disability (YLD) per 100,000 individuals. The years of life lost in year y per 100,000

individuals in region i under program p, Y LL per(y), is calculated in Equation (3.33) as a measure

that represents the number of years lost from premature death for those with active TB and/or HIV

positive. It is assumed that any individual with active TB or HIV positive during the intervention

period would have survived to the end of the intervention period if they had not died, so YLL is

2028� ⌧ . Equation (3.33) multiplies YLL by the projected number of individuals dying with active

TB (in TB compartment 6) and/or HIV positive compartments (HIV 2, 3 and 4), per 100,000

individuals in year y as,

Y LL peri,p(y) =
X

⌧2y

X

r2DR

X

h2HIV

X

g2G
(2028� ⌧)(µi

6,h,g(⌧) N
i,p

6,r,h,g(⌧))

+
X

⌧2y

X

t2TB
0

t 6=6

X

r2DR

X

h2{2,3,4}

X

g2G
(2028� ⌧)(µi

t,h,g
(⌧) N i,p

t,r,h,g
(⌧))

8i 2 I, p 2 P. (3.33)

The years lived with disability in year y per 100,000 individuals in region i under program p,

Y LD peri,p(y), is calculated in Equation (3.34) to quantify the impact on quality of life for those
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with active TB or living with HIV using disability weights. The parameter Dt,h is the disability

weight for those in TB compartment t and HIV compartment h. Input parameter values for dis-

ability weights Dt,h are defined for a year living with TB and/or HIV and are given in Section 3.8.4,

Table 3.8. To convert disability weights to monthly estimates, disability weights are multiplied by

1/12,

Y LD peri,p(y) =
X

⌧2y

0

@
X

t2TB0

X

h2HIV

1

12
Dt,h

X

r2DR

X

g2G
N i,p

t,r,h,g
(⌧)

1

A 8i 2 I, p 2 P. (3.34)

Disability-adjusted life years (DALYs) are calculated for each program p in each region i by

year y, per 100,000 individuals, as the sum of years of life lost (YLL) and years lived with disability

(YLD) for each program p by year y such that,

DALY peri,p(y) = Y LL peri,p(y) + Y LD peri,p(y) 8i 2 I, p 2 P. (3.35)

Program Costs

Program costs include costs for inpatient and outpatient care for PLWH for causes other than

TB, costs to administer TPT, TB treatment costs, and HIV testing costs. The cost in year y per

100,000 individuals in region i under program p, \Cost per
i,p

(y), is provided in Equation (3.36).

These costs are generated by combining HIV prevalence, the number of individuals on TPT, TB

prevalence, and ART initiation estimates from model projections with the cost parameters sum-

marised in Table 3.4.

The input cost parameters OUTcostp
h
and INcosth represent the yearly cost to administer

ART and inpatient cost of care for PLWH for causes other than TB in HIV compartment h,

for h 2 {2, 3, 4}. The cost to provide a course of TPT under program p is represented by the

parameter TPTcostp. Costs to provide TB treatment are di↵erentiated by drug-resistance status

to account for costs associated with the treatment regimens for DS-TB versus MDR-TB. These

costs are represented by the parameters TBCAREcostr, for r 2 DR. The costs of HIV diagnosis

to identify a person to initiate ART under care delivery program p is represented by the parameter
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HIV TESTcostp.

Notation Description

Costs

OUTcostp
h

Annual outpatient HIV care for PLWH in HIV compartment h
under program p, for h 2 {2, 3, 4}, p 2 P

INcosth Annual inpatient HIV care for PLWH in HIV compartment h, for
h 2 {2, 3, 4}

TPTcostp Cost to provide a course of TPT for care delivery program p

TBCAREcostr Cost to provide a course of TB treatment for those with active TB
(in TB compartment 6) in DR compartment r, for r 2 DR

HIV TESTcostp Cost of HIV testing to find one person to initiate ART for care
delivery program p

Table 3.4: Description and notation for parameters used to generate program costs.

The first line in Equation (3.36) calculates outpatient and inpatient costs for PLWH (in HIV

compartments 2, 3 and 4) for causes other than TB by multiplying the number of individuals in each

HIV positive compartment at time ⌧ by monthly costs of HIV care, where the annual costs of ART

and inpatient care, OUTcostp
h
and INcosth, are converted to monthly costs by multiplying by 1/12.

ART costs are di↵erentiated by program to account for the additional costs of community-based

care. The second line of Equation (3.36) calculates the cost to administer TPT by multiplying the

number of individuals on TPT at time ⌧ by monthly costs of administering TPT. Since the TPT

cost, TPTcostp, is defined for an entire course of TPT, TPTcostp is multiplied by !/12 to get a

monthly cost, where 12/! represents the duration of a TPT course in months. Line three calculates

the inpatient and outpatient cost of TB care for those with active TB (in TB compartment 6) and

DR compartment r by multiplying the number of individuals with active DS-TB and MDR-TB by

monthly TB care costs. The TB care cost, TBCAREcostr, is defined for a course of TB treatment.

TB treatment costs are multiplied by �i
h
⇡recover/12 to get monthly costs, where 12/�i

h
⇡recover

represents the duration of recovery/treatment in months. Line four calculates HIV testing costs by

multiplying the number of individuals initiating ART by the average cost per ART diagnosis and

ART initiation. To get yearly costs, monthly costs are summed over each time ⌧ in year y,
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\Cost per
i,p

(y) =
X

⌧2y

X

h2{2,3,4}

1

12
(OUTcostp

h
+ INcosth)

X

t2TB0

X

r2DR

X

g2G
N i,p

t,r,h,g
(⌧)

+
X

⌧2y

1

12
!TPTcostp

X

t2{2,5}

X

r2DR

X

g2G
N i,p

t,r,4,g(⌧)

+
X

⌧2y

X

r2DR

X

h2HIV

1

12
�i
h
⇡recoverTBCAREcostr

X

g2G
N i,p

6,r,h,g(⌧)

+
X

⌧2y

X

t2TB0

X

r2DR

X

h2{2,3}

X

g2G
HIV TESTcostp⌘i,p

h,4,g(⌧)N
i,p

t,r,h,g
(⌧)

8i 2 I, p 2 P. (3.36)

Incremental Health Outcomes, Costs, and Cost-E↵ectiveness Ratios

Discounted and undiscounted health outcomes and costs are calculated for TB incident cases,

TB deaths, DALYs, and program costs. Undiscounted incident TB cases, TB deaths, DALYs, and

costs are accumulated over the 10-year intervention period from 2018 to 2027 for each program p,

and are specified in Equation (3.37), Equation (3.38), Equation (3.39), and Equation (3.40), re-

spectively,

UTBinc totali,p =
X

y2[2018,2027]

\TBinc per
i,p

(y) 8i 2 I, p 2 P (3.37)

UTBmort totali,p =
X

y2[2018,2027]

TBmort peri,p(y) 8i 2 I, p 2 P (3.38)

UDALY totali,p =
X

y2[2018,2027]

DALY peri,p(y) 8i 2 I, p 2 P (3.39)

UCost totali,p =
X

y2[2018,2027]

\Cost per
i,p

(y) 8i 2 I, p 2 P. (3.40)

Discounted health outcomes and costs are calculated similarly but are multiplied by a discount-

ing factor, F (y). Metrics are discounted at a rate of 3% (i.e., 0.03) to the present value at the start
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of the intervention period in 2018 for each year in the intervention period, year y 2 [2018, 2027] as,

F (y) =
1

(1 + 0.03)(y�2018)
. (3.41)

Discounted incident TB cases, TB deaths, DALYs, and costs over the 10-year intervention period

from 2018 to 2027 are calculated for each program p and converted to 2018 present values with the

discounting factor F (y) in Equation (3.42), Equation (3.43), Equation (3.44), and Equation (3.45),

respectively,

DTBinc totali,p =
X

y2[2018,2027]

F (y) \TBinc per
i,p

(y) 8i 2 I, p 2 P (3.42)

DTBmort totali,p =
X

y2[2018,2027]

F (y)TBmort peri,p(y) 8i 2 I, p 2 P (3.43)

DDALY totali,p =
X

y2[2018,2027]

F (y)DALY peri,p(y) 8i 2 I, p 2 P (3.44)

DCost totali,p =
X

y2[2018,2027]

F (y) \Cost per
i,p

(y) 8i 2 I, p 2 P. (3.45)

These metrics are used to generate undiscounted and discounted incremental cost-e↵ectiveness

ratios (ICERs) to assess the per-dollar cost per incident TB case averted, TB death averted, and

DALYs averted to compare care delivery intervention programs p̃ to programs p.

For the three combinations of p̃ and p described above and each region i 2 I, undiscounted

ICERs are calculated for incident TB cases averted, TB deaths averted, and DALYs averted are

calculated as in Equation (3.46), Equation (3.47), and Equation (3.48), respectively,

UICER TBincip̃,p =
UCost totali,p̃ � UCost totali,p

UTBinc totali,p̃ � UTBinc totali,p
(3.46)

UICER TBmortip̃,p =
UCost totali,p̃ � UCost totali,p

UTBmort totali,p̃UTBmort totali,p
(3.47)

UICER DALY i

p̃,p =
UCost totali,p̃ � UCost totali,p

UDALY totali,p̃UDALY totali,p
. (3.48)
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For the three combinations of p̃ and p described above and each region i 2 I, discounted

ICERs are calculated for incident TB cases averted, TB deaths averted, and DALYs averted as in

Equation (3.49), Equation (3.50) and Equation (3.51), respectively,

DICER TBincip̃,p =
DCost totali,p̃ �DCost totali,p

DTBinc totali,p̃ �DTBinc totali,p
(3.49)

DICER TBmortip̃,p =
DCost totali,p̃ �DCost totali,p

DTBmort totali,p̃DTBmort totali,p
(3.50)

DICER DALY i

p̃,p =
DCost totali,p̃ �DCost totali,p

DDALY totali,p̃DDALY totali,p
. (3.51)

3.7.2 Version Two: Program Health Outcomes and Costs Equations

In version two of the model, N i,p

t,r,h,g
(⌧) represents the total population in TB compartment

t 2 TB00, DR compartment r 2 DR, HIV compartment h 2 HIV , gender compartment g 2 G, in

region i 2 I under program p 2 P. This section describes how TB incidence, TB- and HIV-related

mortality, and HIV prevalence are projected based on population states and transition rates in

version two of the model. While yearly TB incidence, HIV prevalence, and program cost rates are

also calculated in version one of the model, the variations in model states and transition rates in

version one and version two of the model require modified equations to generate health outcome

and cost metrics. These metrics are integrated into the multi-objective optimization approach in

Chapter 5. Before the intervention period, model outputs represent the standard of care (facility-

based ART and TPT care). Model outputs are generated for each care delivery program during

the intervention period.

Population estimates for region i in year y are denoted as GBD POP i(y). From 1990 to 2017,

GBD POP i(y) is set to yearly regional estimates from GBD 2019 [44]. After 2018, GBD POP i(y)

is set to 2017 regional estimates from GBD 2019 [44].
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Notation Description

TB Incidence

^TBinc per
i,p

(y) TB incidence rate per 100,000 individuals in region i under program p
in year y, i 2 I, p 2 P (using the states and transitions in version
two)

HIV Prevalence

^HIV prev per
i,p

(y) HIV prevalence rate per 100,000 individuals in region i under pro-
gram p in year y, i 2 I, p 2 P (using the states and transitions in
version two)

TB- and HIV-related Mortality

TBHIV mort peri,p(y) TB- and HIV-related mortality rate per 100,000 individuals in region i
under program p in year y, i 2 I, p 2 P,

TBHIV mort popi,p(y) Population-level TB and HIV related deaths in region i under pro-
gram p in year y, i 2 I, p 2 P

Program Costs

^Cost per
i,p

(y) Cost of administering ART and TPT per 100,000 individuals in region
i under program p in year y, i 2 I, p 2 P (using the states and
transitions in version two)

Cost popi,p(y) Population-level cost of administering ART and TPT in region i un-
der program p in year y, i 2 I, p 2 P

Table 3.5: Description and notation for program health outcomes and costs generated from
version two of the model.

TB Incidence

The TB incidence rate per 100,000 individuals for region i under program p in year y, denoted

^TBinc per
i,p

(y), is defined in Equation (3.52). The TB incidence rate is calculated by summing

those progressing to active TB (TB compartment 6) from TB compartments associated with latent
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TB infections (TB compartments 2, 3, 4 and 5) over all time steps ⌧ associated with year y as,

^TBinc per
i,p

(y) =
X

⌧2y

X

h2HIV

✓h⇡2,6N
i,p

2,r,h,g(⌧)

+
X

⌧2y

X

h2HIV

✓h⇡recent progN
i,p

3,r,h,g(⌧)

+
X

⌧2y

X

h2HIV

�✓h⇡2,6N
i,p

4,r,h,g(⌧)

+
X

⌧2y

X

h2HIV

�✓h⇡recent progN
i,p

5,r,h,g(⌧)

+
X

⌧2y

X

h2HIV

⇡relapseN
i,p

7,r,h,g(⌧) 8i 2 I, p 2 P. (3.52)

HIV Prevalence

The HIV prevalence rate per 100,000 individuals in region i under program p in year y, denoted

^HIV prev per
i,p

(y), is defined in Equation (3.53). The HIV prevalence rate represents the number

of individuals living with HIV (in HIV compartments 2, 3, and 4) and is calculated in year y by

taking the average number of people living with HIV over all time steps ⌧ in year y as,

HIV prev peri,p(y) =

✓
1

12

◆X

⌧2y

X

t2TB00

X

r2DR

X

h2{2,3,4}

X

g2G
N i,p

t,r,h,g
(⌧) 8i 2 I, p 2 P. (3.53)

TB- and HIV-related Mortality

TB- and HIV-related mortality rate per 100,000 individuals, for region i under program p in

year y, denoted TBHIV mort peri,p(y), is defined in Equation (3.54) by summing those dying with

active TB (in TB compartment 6) and HIV negative (in HIV compartment 1), those with both

active TB (in TB compartment 6) and HIV positive (in HIV compartments 2, 3 and 4), those

without active TB (not in TB compartment 6) and HIV positive (in HIV compartments 2, 3 and
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4) over all time steps ⌧ associated with year y as,

TBHIV mort peri,p(y) =
X

⌧2y

X

r2DR

X

g2G
µi

6,1,g(⌧) N
i,p

6,r,1,g(⌧)

+
X

⌧2y

X

r2DR

X

h2{2,3,4}

X

g2G
µi

6,h,g(⌧) N
i,p

6,r,h,g(⌧)

+
X

⌧2y

X

t2TB
00
,

t 6=6

X

r2DR

X

h2{2,3,4}

X

g2G
µi

t,h,g
(⌧) N i,p

t,r,h,g
(⌧)

8i 2 I, p 2 P. (3.54)

The population-level TB- and HIV-related deaths are estimated for region i under program p in

year y in Equation (3.55) by scaling TB- and HIV-related mortality rates per 100,000 individuals

to population estimates for region i in year y denoted GBD POP i(y) as,

TBHIV mort popi,p(y) =
GBD POP i(y)

100, 000
TBHIV mort peri,p(y)8i 2 I, p 2 P. (3.55)

Program Cost

In version two of the model, program costs include the costs to administer ART and TPT,

and HIV testing costs in region i under program p in year y per 100,000 individuals denoted

^Cost per
i,p

(y) as defined in Equation (3.56). The cost parameter notation is provided in Table 3.4.

The first line in Equation (3.56) calculates the cost to administer TPT per 100,000 individuals

by multiplying the number of individuals initiating TPT (from TB compartments 2 and 3) at time

⌧ by the per person cost of administering a 6-month course of TPT under program p denoted,

TPTcostp. The second line calculates the cost to administer ART per 100,000 individuals by

multiplying the number of individuals on ART (in HIV compartment 4) at time ⌧ by the annual

cost per person cost of administering ART under program p denoted OUTcostp4 scaled to monthly

costs. Lines three and four calculate HIV testing costs by multiplying the number of individuals

initiating ART by the average cost per ART diagnosis and ART initiation denotedHIV TESTcostp.

We sum the costs to administer ART and TPT, and HIV testing costs per 100,000 individuals for

all time steps ⌧ associated with year y to calculate program costs per 100,000 individuals in year y
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as,

^Cost per
i,p

(y) = TPTcostp
X

⌧2y

X

t2{2,3}

X

r2DR

X

g2G
i,p4,gN

i,p

t,r,4,g(⌧)

+OUTcostp4

✓
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⌧2y
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t2TB00

X

r2DR

X

g2G
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+HIV TESTcostp
X

⌧2y

X

t2TB00

X
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X
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X

g2G
⌘i,p
h,4,g(⌧) N
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t,r,h,g
(⌧)

8i 2 I, p 2 P. (3.56)

The population-level program costs are estimated for region i under program p in year y in

Equation (3.57) by scaling program costs per 100,000 individuals to population estimates for region

i in year y denoted GBD POP i(y) as,

Cost popi,p(y) =
GBD POP i(y)

100, 000
^Cost per

i,p

(y) 8i 2 I, p 2 P. (3.57)

3.8 Description of Input Parameters

This section describes the input parameters needed to execute the two versions of the dynamic

transmission model and generate program health outcomes and costs. Section 3.8.1 describes how

the population in the dynamic transmission model is initialized at the start of 1940 in each region.

Section 3.8.2 provides the input parameter values and calibration ranges. Section 3.8.3 describes

how parameter values, specifically ART coverage and TPT initiation are calculated for three care

delivery programs over the intervention period from the start of 2018 to the end of 2027 based

on findings from the DO ART trial [16]. Finally, Section 3.8.4 provides disability weights used to

calculate DALYs, and Section 3.8.5 provides the parameter values used to generate costs.

3.8.1 Population

Initial population state values at the start of 1940 are assigned according to estimates for 1990

on the total population, TB prevalence, and LTBI prevalence by gender from GBD 2019 for 15 to

59-year-olds for each region (province) in South Africa [44]. The initial population state values are
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scaled proportionally to 100,000 to match the model population.

In version one of the model, the non-zero population compartments in 1940 include TB com-

partments 1 (Uninfected, not on TPT), 3 (LTBI, recent), 4 (LTBI, remote), and 6 (active TB),

HIV compartment 1 (HIV-), and both gender compartments. To estimate the number of individu-

als uninfected, not on TPT (in TB compartment 1), TB prevalence and LTBI prevalence estimates

from GBD 2019 are subtracted from total population estimates. It is assumed that 3.7% of those

in LTBI and active TB compartments (TB compartments 3, 4, and 6) are infected with MDR TB

[159].

In version two of the model, the non-zero population compartments in 1940 include TB com-

partments 1 (Uninfected), 2 (LTBI, recent, no TPT), 3 (LTBI, remote, no TPT), and 6 (active

TB), HIV compartment 1 (HIV–), and both gender compartments. GBD 2019 estimates the total

population, active TB, and LTBI for 1990 by gender. To estimate the number of individuals unin-

fected with TB (in TB compartment 1), TB prevalence and LTBI prevalence estimates from GBD

2019 are subtracted from total population estimates. It is assumed that 3.7% of those in LTBI and

active TB compartments (TB compartments 2, 3, and 6) are infected with MDR TB [159].

3.8.2 Input Parameter Values

Table 3.6 includes the input parameter values and calibration ranges for the parameters needed

to execute version one and version two of the dynamic transmission model as summarised in Ta-

ble 3.1 and Table 3.2. A range of 25% above and below the mean value is used from cited sources

for calibrated parameters. A description of the parameters included in the calibration and a de-

scription of how the calibration is used to represent model uncertainty in health outcomes and costs

for each application of the model is described in Chapter 4 and Chapter 5.

The input parameter values and ranges that are regional-specific are specified by region. The

set of regions, I = {1, . . . , i, . . . , 9} is defined to correspond to the nine provinces in South Africa,

including Eastern Cape (i = 1), Free State (i = 2), Gaunteng (i = 3), KwaZulu-Natal (i = 4),

Limpopo (i = 5), Mpumalanga (i = 6), Northern Cape (i = 7), North-West (i = 8) and Western

Cape (i = 9). Most input parameters are the same for both version of the model; the input

parameters that are only applicable to version one or version two of the model are highlighted
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in red in Table 3.6. They include ◆r,�,!,⇡i

on TPT prog
and ⇡i

after TPT prog
. The regional-specific

parameters (⇡i

on TPT prog
and ⇡i

after TPT prog
) are only applicable to version one and are specified

for KwaZulu-Natal (i = 4), South Africa.

Most input parameters are not time-dependent. Time-varying input parameters are notated

as functions of ⌧ in Table 3.6. The values for these parameters are described after Table 3.6 and

include rate of TPT initiation for HIV compartment h and gender g in region i under program p,

denoted i,p
h,g

(⌧), HIV incidence rates for gender g in region i under program p, denoted ⌘i,p1,2,g(⌧),

ART coverage for gender g for region i under program p, denoted �i,p
g (⌧), the proportion of PLWH

(not on ART, with CD4 > 200) of gender g eligible to initiate ART, denoted %g(⌧), mortality

rates for TB compartment t, HIV compartment h and gender g in region i, denoted µi

t,h,g
(⌧), and

allocation of births to TB compartment t, DR compartment r, HIV compartment h and gender

compartment g in region i, denoted ↵ ini

t,r,h,g
(⌧).

Table 3.6: Input parameters used in the dynamic transmission model to describe TB and HIV
disease progression. The mean value of calibrated parameters is given with the 25% calibration
range. The parameters that are regional-specific are provided by region. The input parameters

that are only applicable to version one or version two of the model are highlighted in red.
Time-varying parameters, notated as a function of ⌧ , are described after the table.

Program-specific parameters are highlighted in green. HIV infection rates are highlighted in blue
to indicate that they are indirectly impacted by program.

Parameter description Value [Calibration Range] Reference

Parameters that Impact TB Force of Infection

�
i
g Number of e↵ective contacts for TB transmis-

sion per year for gender g in region i:

[152]

Males in Eastern Cape, �1
1 14 [10.5, 17.5]

Females in Eastern Cape, �1
2 14 [10.5, 17.5]

Males in Free State, �2
1 14 [10.5, 17.5]

Females in Free State, �2
2 14 [10.5, 17.5]

Males in Gauteng, �3
1 14 [10.5, 17.5]

Females in Gauteng, �3
2 14 [10.5, 17.5]

Males in KwaZulu-Natal, �4
1 14 [10.5, 17.5]

Females in KwaZulu-Natal, �4
2 14 [10.5, 17.5]

Continued on next page
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Table 3.6 – continued from previous page

Parameter description Value [Calibration Range] Reference

Males in Limpopo, �5
1 14 [10.5, 17.5]

Females in Limpopo, �5
2 14 [10.5, 17.5]

Males in Mpumalanga, �6
1 14 [10.5, 17.5]

Females in Mpumalanga, �6
2 14 [10.5, 17.5]

Males in Northern Cape, �7
1 14 [10.5, 17.5]

Females in Northern Cape, �7
2 14 [10.5, 17.5]

Males in North-West, �8
1 14 [10.5, 17.5]

Females in North-West, �8
2 14 [10.5, 17.5]

Males in Western Cape, �9
1 14 [10.5, 17.5]

Females in Western Cape, �9
2 14 [10.5, 17.5]

�h Relative transmissibility of TB for those in

HIV compartment h:

[56, 80]

HIV�, �1 1 (fixed value)

HIV+, Not on ART, CV4 > 200, �2 0.9 [0.675, 1.125]

HIV+, Not on ART, CV4  200, �3 0.6 [0.45, 0.75]

HIV+, On ART, �4 0.9 [0.675, 1.125]

" Fraction of new TB infections that are MDR TB 0.037 [0.02775, 0.04625] [159]

◆r Diminished risk of acquiring a latent TB in-

fection of strain r while uninfected and on TPT

(only applicable in version one), such that:

DS TB, ◆1 0.43 [0.3225, 0.5375] [37]

MDR TB, ◆2 1 (fixed value)

⇠ Increased risk of reinfection after recov-

ery/treatment of active TB

4 [3, 5] [153]

⇣ Partially protective e↵ect of LTBI against ac-

quiring a new TB infection

0.4 [0.3, 0.5] [37, 56, 76,

153]

Parameters that Describe TB Progression

1/! Duration of TPT course (years) (only appli-

cable to version one)

0.5 (fixed value) [16]

�r Indicator to reflect that those infected with DS

LTBI (r = 1) yield benefits of TPT, whereas those

with MDR LTBI do not yield benefits of TPT:

Continued on next page
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Parameter description Value [Calibration Range] Reference

DS strain, �1 1 (fixed value)

MDR strain, �2 0 (fixed value)

1/⇡recent remote Duration of LTBI recently in-

fected period (years)

2 (fixed value) [155]

⇡recent prog Rate of TB progression from recent

LTBI to active TB

0.025 [0.01875, 0.03125] [38, 79]

⇡remote prog Rate of TB progression from remote

LTBI to active TB

0.001 [0.00075, 0.00125] [31, 45]

⇡relapse Rate of TB progression from recov-

ered/treated to active TB,

0.01 [0.0075, 0.0125] [29]

⇡
4
on TPT prog Rate of TB progression from LTBI

on TPT to active TB in KwaZulu-Natal (only ap-

plicable to version one of the model)

0.0113 [0.0085, 0.0142] [116]

⇡
4
after TPT prog Rate of TB progression from LTBI

after TPT to active TB in KwaZulu-Natal (only

applicable to version one of the model)

0.0113 [0.0085, 0.0142] [116]

✓h Relative risk of TB progression from LTBI to

active TB for individuals in HIV compartment h:

HIV�, ✓1 1 (fixed value)

HIV+, not on ART, CD4 > 200, ✓2 10 [7.5, 12.5] [12, 158]

HIV+, not on ART, CD4  200, ✓3 17 [12.75, 21.25] [2, 23]

HIV+, on ART, ✓4 3 [2.25, 5.25] [134, 135]

� Relative risk of TB progression for those with

LTBI treated with TPT (only applicable in ver-

sion two of the model)

0.68 [0.51, 0.85] [116]

⇡recover Rate of recovery/treatment from active

TB

2 (fixed value) [69]

1/(�i
h⇡recover) Duration of active TB (years) that

reflect di↵erences in treatment for individuals by

HIV compartment h in:

[69]

Eastern Cape and HIV�, 1/(�1
1⇡recover) 2.0 [1.6, 2.7]

Eastern Cape and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4 > 200, 1/(�1
2⇡recover)

Continued on next page
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Parameter description Value [Calibration Range] Reference

Eastern Cape and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4  200, 1/(�1
3⇡recover)

Eastern Cape and HIV+, on ART, 1.5 [1.2, 2.0]

1/(�1
4⇡recover)

Free State and HIV�, 1/(�2
1⇡recover) 2.0 [1.6, 2.7]

Free State and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4 > 200, 1/(�2
2⇡recover)

Free State and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4  200, 1/(�2
3⇡recover)

Free State and HIV+, on ART, 1/(�2
4⇡recover) 1.5 [1.2, 2]

Gauteng and HIV�, 1/(�3
1⇡recover) 2.0 [1.6, 2.7]

Gauteng and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4 > 200, 1/(�3
2⇡recover)

Gauteng and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4  200, 1/(�3
3⇡recover)

Gauteng and HIV+, on ART, 1/(�3
4⇡recover) 1.5 [1.2, 2]

KwaZulu-Natal and HIV�, 1/(�4
1⇡recover) 2.0 [1.6, 2.7]

KwaZulu-Natal and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4 > 200, 1/(�4
2⇡recover)

KwaZulu-Natal and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4  200, 1/(�4
3⇡recover)

KwaZulu-Natal and HIV+, 1.5 [1.2, 2.0]

on ART, 1/(�4
4⇡recover)

Limpopo and HIV�, 1/(�5
1⇡recover) 2.0 [1.6, 2.7]

Limpopo and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4 > 200, 1/(�5
2⇡recover)

Limpopo and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4  200, 1/(�5
3⇡recover)

Limpopo and HIV+, on ART, 1/(�5
4⇡recover) 1.5 [1.2, 2.0]

Mpumalanga and HIV�, 1/(�6
1⇡recover) 2.0 [1.6, 2.7]

Mpumalanga and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4 > 200, 1/(�6
2⇡recover)

Mpumalanga and HIV+, not on ART, 1.5 [1.2, 2.0]

Continued on next page
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Parameter description Value [Calibration Range] Reference

CD4  200, 1/(�6
3⇡recover)

Mpumalanga and HIV+, on ART, 1.5 [1.2, 2.0]

1/(�6
4⇡recover)

Northern Cape and HIV�, 1/(�7
1⇡recover) 2.0 [1.6, 2.7]

Northern Cape and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4 > 200, 1/(�7
2⇡recover)

Northern Cape and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4  200, 1/(�7
3⇡recover)

Northern Cape and HIV+, 1.5 [1.2, 2.0]

on ART, 1/(�7
4⇡recover)

North-West and HIV�, 1/(�8
1⇡recover) 2 [1.6, 2.7]

North-West and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4 > 200, 1/(�8
2⇡recover)

North-West and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4  200, 1/(�8
3⇡recover)

North-West and HIV+, 1.5 [1.2, 2.0]

on ART, 1/(�8
4⇡recover)

Western Cape and HIV�, 1/(�9
1⇡recover) 2 [1.6, 2.7]

Western Cape and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4 > 200, 1/(�9
2⇡recover)

Western Cape and HIV+, not on ART, 1.5 [1.2, 2.0]

CD4  200, 1/(�9
3⇡recover)

Western Cape and HIV+, 1.5 [1.2, 2.0]

on ART, 1/(�9
4⇡recover)


i,p
h,g(⌧) Rate of TPT initiation for those in HIV

compartment h and gender g at time ⌧ in region

i under program p. The rate of TPT initiation is

based on mean TPT initiation rates in year y for

those in HIV compartment h and gender compart-

ment g under program p, denoted  V AL
p
h,g(y),

and the TPT calibration factor for region i, de-

noted  FACTOR
i, defined below.

Continued on next page
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Parameter description Value [Calibration Range] Reference

 V AL
p
h,g(y) Mean TPT initiation rates in year

y for those in HIV compartment h and gender

compartment g under program p

Time-varying [16, 117]

 FACTOR
i TPT calibration factor for individ-

uals in:

Eastern Cape  FACTOR
1 1 [0.75, 1.25]

Free State  FACTOR
2 1 [0.75, 1.25]

Gauteng  FACTOR
3 1 [0.75, 1.25]

KwaZulu-Natal  FACTOR
4 1 [0.75, 1.25]

Limpopo  FACTOR
5 1 [0.75, 1.25]

Mpumalanga  FACTOR
6 1 [0.75, 1.25]

Northern Cape  FACTOR
7 1 [0.75, 1.25]

North-West  FACTOR
8 1 [0.75, 1.25]

Western Cape  FACTOR
9 1 [0.75, 1.25]

Parameters that Describe HIV Progression

⌘
i,p
1,2,g(⌧) Rate of HIV incidence from HIV com-

partment (HIV–) to HIV compartment 2 (HIV+,

not on ART, CD4 > 200) for gender g at time ⌧

in region i under program p. The rate of HIV in-

cidence is based on regional mean HIV incidence

rates for gender g in year y in region i under pro-

gram p, ⌘ V AL
i,p
1,2,g(y), and the HIV incidence

rate calibration factor for region i by gender g,

denoted ⌘ FACTOR
i
1,2,g, defined below.

⌘ V AL
i,p
1,2,g(y) Mean HIV incidence rates for gen-

der g in year y in region i under program p

Time-varying [44, 111]

⌘ FACTOR
i
1,2,g HIV incidence rate calibration

factor for individuals in:

Males in Eastern Cape ⌘ FACTOR
1
1,2,1 1 [0.75, 1.25]

Females in Eastern Cape ⌘ FACTOR
1
1,2,2 1 [0.75, 1.25]

Continued on next page
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Parameter description Value [Calibration Range] Reference

Males in Free State ⌘ FACTOR
2
1,2,1 1 [0.75, 1.25]

Females in Free State ⌘ FACTOR
2
1,2,1 1 [0.75, 1.25]

Males in Gauteng ⌘ FACTOR
3
1,2,1 1 [0.75, 1.25]

Females in Gauteng ⌘ FACTOR
3
1,2,2 1 [0.75, 1.25]

Males in KwaZulu-Natal ⌘ FACTOR
4
1,2,1 1 [0.75, 1.25]

Females in KwaZulu-Natal ⌘ FACTOR
4
1,2,2 1 [0.75, 1.25]

Males in Limpopo ⌘ FACTOR
5
1,2,1 1 [0.75, 1.25]

Females in Limpopo ⌘ FACTOR
5
1,2,2 1 [0.75, 1.25]

Males in Mpumalanga ⌘ FACTOR
6
1,2,1 1 [0.75, 1.25]

Females in Mpumalanga ⌘ FACTOR
6
1,2,2 1 [0.75, 1.25]

Males in Northern Cape ⌘ FACTOR
7
1,2,1 1 [0.75, 1.25]

Females in Northern Cape ⌘ FACTOR
7
1,2,2 1 [0.75, 1.25]

Males in North-West ⌘ FACTOR
8
1,2,1 1 [0.75, 1.25]

Females in North-West ⌘ FACTOR
8
1,2,2 1 [0.75, 1.25]

Males in Western Cape ⌘ FACTOR
9
1,2,1 1 [0.75, 1.25]

Females in Western Cape ⌘ FACTOR
9
1,2,2 1 [0.75, 1.25]

1/⌘2,3,g Duration of time spent in HIV compart-

ment 2 (HIV+, not on ART, CD4 < 200) for gen-

der g:

[118]

Males 1/⌘2,3,1 7.72 [5.79, 9.65]

Females 1/⌘2,3,2 10.25 [7.6875, 12.8125]

�
i,p
g (⌧) ART coverage for gender g at time ⌧ in

region i under program p. ART coverage is based

on mean ART coverage for gender g in year y

under program p, � V AL
p
g(y), and the ART cal-

ibration factor for PLWH in region i, denoted

� FACTOR
i, defined below.

� V AL
p
g(y) Mean ART coverage for gender g in

year y under program p

Time-varying [16, 117]

� FACTOR
i ART coverage calibration factor for

PLWH in:

Continued on next page
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Parameter description Value [Calibration Range] Reference

Eastern Cape � FACTOR
1 1 [0.75, 1.25]

Free State � FACTOR
2 1 [0.75, 1.25]

Gauteng � FACTOR
3 1 [0.75, 1.25]

KwaZulu-Natal � FACTOR
4 1 [0.75, 1.25]

Limpopo � FACTOR
5 1 [0.75, 1.25]

Mpumalanga � FACTOR
6 1 [0.75, 1.25]

Northern Cape � FACTOR
7 1 [0.75, 1.25]

North-West � FACTOR
8 1 [0.75, 1.25]

Western Cape � FACTOR
9 1 [0.75, 1.25]

%g(⌧) Proportion of the population in HIV com-

partment 2 (HIV+, not on ART, CD4 > 200) el-

igible to initiate ART by gender at time ⌧ .

Time-varying [111]

Parameters that Describe Entries and Exits from the Population

µ
i
t,h,g(⌧) Mortality rates for those in TB compart-

ment t, HIV compartment h, and gender com-

partment g in region i at time ⌧ . Mortality rates

are calculated based on the regional mean base-

line mortality rates by gender g in year y in re-

gion i, denoted µ V AL
i
g(y), and three calibrated

parameters including the mortality rate calibra-

tion factor, denoted µ FACTOR
i
g for region i and

gender g, the increased risk of HIV-related mor-

tality for those without active TB, denoted R̂h

and HIV-related mortality for those with active

TB, denoted R̃h for those in HIV compartment h,

defined below.

µ V AL
i
g(y) Mean baseline mortality rates by gen-

der g in year y in region i

Time-varying [44]

µ FACTOR
i
g Mortality rate calibration factor

for:

Continued on next page
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Parameter description Value [Calibration Range] Reference

Males in Eastern Cape µ FACTOR
1
1 1 [0.75, 1.25]

Females in Eastern Cape µ FACTOR
1
2 1 [0.75, 1.25]

Males in Free State µ FACTOR
2
1 1 [0.75, 1.25]

Females in Free State µ FACTOR
2
2 1 [0.75, 1.25]

Males in Gauteng µ FACTOR
3
1 1 [0.75, 1.25]

Females in Gauteng µ FACTOR
3
2 1 [0.75, 1.25]

Males in KwaZulu-Natal µ FACTOR
4
1 1 [0.75, 1.25]

Females in KwaZulu-Natal µ FACTOR
4
2 1 [0.75, 1.25]

Males in Limpopo µ FACTOR
5
1 1 [0.75, 1.25]

Females in Limpopo µ FACTOR
5
2 1 [0.75, 1.25]

Males in Mpumalanga µ FACTOR
6
1 1 [0.75, 1.25]

Females in Mpumalanga µ FACTOR
6
2 1 [0.75, 1.25]

Males in Northern Cape µ FACTOR
7
1 1 [0.75, 1.25]

Females in Northern Cape µ FACTOR
7
2 1 [0.75, 1.25]

Males in North-West µ FACTOR
8
1 1 [0.75, 1.25]

Females in North-West µ FACTOR
8
2 1 [0.75, 1.25]

Males in Western Cape µ FACTOR
9
1 1 [0.75, 1.25]

Females in Western Cape µ FACTOR
9
2 1 [0.75, 1.25]

R̂h Increased risk of mortality for those with no

active TB that are:

[2, 12, 96, 101,

103]

HIV–, R̂1 1 (fixed value)

HIV+, not on ART, CD4 > 200, R̂2 8 [6, 10]

HIV+, not on ART, CD4  200, R̂3 26 [19.5, 32.5]

HIV+, on ART, R̂4 1.35 [1.2, 1.5]

R̃h Increased risk of mortality for those with ac-

tive TB that are:

[2, 8, 12, 96,

101, 103]

HIV–, R̃1 15.5 [11.625, 19.375]

HIV+, not on ART, CD4 > 200, R̃2 26 [19.5, 32.5]

HIV+, not on ART, CD4  200, R̃3 50 [37.5, 62.5]

Active TB and HIV+, on ART, R̃4 18.5 [13.875, 23.125]

Continued on next page
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Parameter description Value [Calibration Range] Reference

↵ in
i
t,r,h,g(⌧) Proportion of the population in

region i that enters into TB compartment t, DR

compartment r, HIV compartment h, and gender

compartment g and time ⌧ in region i

Time-varying [44, 159]

Rate of exit from the population due to aging 1/(60� 15) (fixed value)

TPT Initiation Rates

TPT initiation rates, i,p
h,g

(⌧) for those in HIV compartment h and gender g in region i under

program p, vary over time according to the calculated mean yearly TPT initiation rate estimates,

 V ALp

h,g
(y). A calibrated regional multiplication factor,  FACTORi, is used to capture regional

diversities in TPT initiation rates and is used to adjust all yearly TPT initiation rate estimates in

region i for both genders using the range indicated in Table 3.6. The mean yearly TPT rate estimate

is multiplied by the regional calibration factor, and it is assumed the monthly TPT initiation rate

is the same for all months within the year y, that is,

i,p
h,g

(⌧) =  FACTORi  V ALp

h,g
(y) 8h 2 HIV, g 2 G, ⌧ 2 y, i 2 I, p 2 P. (3.58)

Only those in HIV compartment 4 (HIV+, on ART) are assumed to initiate TPT, so mean

yearly TPT initiation rates are set to zero for those not in HIV compartment 4, i.e.,  V ALp

1,g(y) =

 V ALp

2,g(y) =  V ALp

3,g(y) = 0 for all y, g 2 G, p 2 P. For those in HIV compartment 4,

mean yearly TPT initiation rates  V ALp

4,g(y) change over time according to TPT availability and

program (during the intervention period). From 1940 to 2004, the mean yearly TPT initiation rates

are set to zero for those in HIV compartment 4, i.e.,  V ALp

4,g(y) = 0, to indicate that TPT was

not widely available in South Africa.

Mean yearly TPT initiation rates for those in HIV compartment 4 by gender g are linearly

interpolated from zero in 2004 (the year before TPT became widely available) to the value in

2018 for the standard facility-based ART and TPT program. During the intervention period from
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2018 to 2027, the yearly mean TPT initiation rate for gender g,  V ALp

4,g(y), is held constant

and is provided by program p based on findings from the DO ART study [16, 117] as described in

Section 3.8.3.

HIV Incidence Rates

HIV incidence rates, ⌘i,p1,2,g(⌧) for gender g in region i under program p, vary over time ac-

cording to calculated mean yearly HIV incidence rates by gender g in region i under program p,

⌘ V ALi,p

1,2,g(y). A calibrated regional multiplication factor by gender, ⌘ FACTORi

1,2,h, is used to

adjust yearly regional HIV incidence rate estimates by gender g in region i under all programs using

the range indicated in Table 3.6. Each mean yearly incidence rate estimate is multiplied by the

regional multiplication factor by gender and assume the monthly incidence rate is the same for all

months within the year, that is,

⌘i,p1,2,g(⌧) = ⌘ FACTORi

1,2,g ⌘ V ALi,p

1,2,g(y) 8g 2 G, ⌧ 2 y, i 2 I, p 2 P. (3.59)

From 1940 to 1979, the mean yearly HIV incidence estimates are set to zero, i.e., ⌘ V ALi,p

1,2,g(y) =

0, to represent the assumption that there is no HIV incidence in the model during the time. HIV

incidence is introduced at the beginning of 1980. Between 1980 and 1990, the mean yearly HIV

incidence rate is linearly interpolated from zero in 1979 to the regional estimate in 1990. Between

1990 and 2017, the mean yearly HIV incidence estimates are set to yearly estimates from GBD 2019

for males and females between the ages of 15 to 59-year-olds in each region in South Africa [44]. For

the years in the intervention period, starting at the beginning of 2018 and continuing through the

end of 2027, the mean yearly regional HIV incidence estimates are projected for each program by

applying rate of change, denoted ⌘ ROCp

1,2,g(y) for year y under program p, that decrease regional

HIV incidence estimates from the prior year, as

⌘ V ALi,p

1,2,g(y) = ⌘ ROCp

1,2,g(y)⌘ V ALi,p

1,2,g(y � 1) 8g 2 G, i 2 I, p 2 P. (3.60)

The rate of change ⌘ ROCp

1,2,g(y), are projected by the Data-driven Recommendations for

Interventions against Viral Infection (DRIVE) model [111] using the mean ART coverage values for
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each program provided in Table 3.7. While the DRIVE model [111] projects that HIV incidence

will decrease each year for all programs, it projects that HIV incidence for community-based ART

programs (community-based ART with standard facility-based TPT and community-based ART

with TPT) will decrease at a higher rate than the standard facility-based ART program (standard

facility-based ART and TPT) due to the indirect impacts of increased ART coverage on HIV

incidence rates.

Regional HIV incidence yearly estimates by gender under each program are represented in

Figure 3.4, where the values for community-based ART programs (community-based ART with

standard facility-based TPT and community-based ART with TPT) are distinct from the standard

facility-based ART program (standard facility-based ART and TPT) during the intervention period

for the years between 2018 and 2027.

ART Coverage

ART coverage, �i,p
g (⌧) for gender g in region i under program p, varies over time according to the

calculated mean yearly ART coverage estimate � V ALp

g(y). A regional calibrated multiplication

factor, � FACTORi, is used to capture regional diversities in ART coverage and is used to adjust

all yearly ART coverage estimates in region i for both genders using the range indicated in Table 3.6.

Each mean yearly ART coverage estimate is multiplied by the regional multiplication factor, and

it is assumed the monthly ART coverage is the same for all months within the year y, that is,

�i,p

g (⌧) = � FACTORi � V ALp

g(y) 8g 2 G, ⌧ 2 y, i 2 I, p 2 P. (3.61)

The mean yearly ART coverage estimates are the same under both versions for the corresponding

programs described in Section 3.8.3. Mean yearly ART coverage estimates � V ALp

g(y) change over

time according to ART availability in South Africa and program as described in Section 3.4. Before

2004, ART is not available, so mean yearly ART coverage for both genders are set to zero, i.e.,

� V ALp

1(y) = � V ALp

2(y) = 0, to represent that ART is not available until the start of 2004.

Between 2004 (when ART became widely available) and 2018, ART coverage estimates are linearly

interpolated from zero in 2003 to the value in 2018 for the standard facility-based ART and TPT

program. During the intervention period, ART coverage varies by program and is held constant
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from the beginning of 2018 to the end of 2027, with the values for � V ALp

g(y) based on findings

from the DO ART study [16, 117] and provided in Table 3.7.

Proportion of PLWH (not on ART, with CD4 >200) Eligible to Initiate ART

The proportion of PLWH not on ART with CD4 >200 that are eligible to initiate ART, denoted

%g(⌧) by gender g at time ⌧ , correspond to changes in clinical guidance on ART eligibility described

in Section 3.4. Between the start of 1940 and the end of 2010, no one in HIV compartment 2

(HIV+, not on ART, CD4 > 200) is eligible to initiate ART, i.e., %g(⌧) = 0. Between the start of

2011 to the end of 2015, the proportions of those in HIV compartment 2 (HIV+, not on ART, CD4

> 200) by gender that are eligible to initiate ART are set to estimates projected by the DRIVE

model [111], such that 0 < %g(⌧) < 1. From the start of 2016, all those in HIV compartment 2

(HIV+, not on ART, CD4 > 200) are eligible to initiate ART, i.e., %g(⌧) = 1.

Regional Mortality Rates by TB and HIV Compartments

Mortality rates for populations in TB compartment t, HIV compartment h for gender g at

time ⌧ in region i, denoted µi

t,h,g
(⌧), represent mortality due to causes that are not TB-related or

HIV-related. Mortality rates vary over time according to calculated yearly regional mean baseline

mortality rate estimates, denoted µ V ALi
g(y) in region i and gender g. A calibrated regional

multiplication factor, µ FACTORi

g, is used to adjust all yearly regional mean baseline mortality

rate estimates in region i by gender g using the range indicated in Table 3.6. The increased risk

of mortality is represented by R̂h (for those in TB compartments 1, 2, 3, 4, 5, 7, or 8 in TB0 and

TB compartments 1, 2, 3, 4, 5, or 7 in TB00) and R̃h (for those in TB compartment 6 in TB0 or

TB00). It is calibrated with the ranges provided in Table 3.6. To obtain µi

t,h,g
(⌧), the regional mean

baseline mortality rates for each gender are multiplied by the increased risk of mortality and the

regional multiplication factor, and we assume the monthly mortality rate is the same for all months

within the year, that is,
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µi

t,h,g
(⌧) =

8
><

>:

µ V ALi

g(y) µ FACTORi

gR̂h, for t 2 TB0, t 6= 6 or for t 2 TB00, t 6= 6

µ V ALi

g(y) µ FACTORi

gR̃h, for t 2 {6},

8h 2 HIV, g 2 G, ⌧ 2 y, i 2 I. (3.62)

The yearly baseline mortality rates, µ V ALi

g(y), are calculated in Equation (3.63) using yearly

regional GBD 2019 estimates (provided for the years 1990 to 2017) on the number of deaths

from all causes, denoted ALLMORT i

g(y) the number of TB- and HIV-related deaths, denoted

TBHIVMORT i

g(y) and population estimates, denoted GBD POP i

g(y) by gender g in year y in

region i for males and females between the ages of 15 to 59-year-olds in each region South Africa.

In Equation (3.63), the number of TB-related and HIV-related deaths are subtracted from deaths

from all causes to calculate the number of deaths from causes not related to TB or HIV. This value

is divided by population estimates to convert the number of deaths into a rate. This data is used

to calculate the yearly baseline mortality rates, µ V ALi

g(y), for the years 1990 to 2017 as,

µ V ALi

g(y) =
ALLMORT i

g(y)� TBHIVMORT i

g(y)

GBD POP i

g(y)
8g 2 G, i 2 I. (3.63)

From the start of 1940 to the end of 1989, the yearly baseline mortality rates, µ V ALi

g(y),

are set to the 1990 estimates. During the intervention period, for the years 2018 to 2027, yearly

baseline mortality rates are held constant at 2017 estimates. Mean yearly baseline mortality rates

µ V ALi

g(y) for each gender g in year y in region i are illustrated in Figure 3.5.

Regional Allocation of Births to TB and HIV Compartments

A proportion of births entering the model at time ⌧ , ↵ ini

t,r,h,g
(⌧), are based on GBD 2019

projections for 10 to 15-year-olds for each region i in South Africa [44]. GBD 2019 provides

regional projections on the number of males and females with active TB living with HIV, LTBI, and

population estimates for the years 1990 to 2017. We use these estimates to allocate a proportion of

births to uninfected (TB compartment 1 in both versions), LTBI compartments (TB compartments
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3 and 4 in version one; TB compartments 2 and 3 in version two), and active TB (TB compartment

6 in both versions), distinguished by drug resistance, HIV status, and gender that are representative

of changes in population characteristics over time. We scale population estimates in each of these

compartments for each year to percentages so that the total number of individuals aging into the

model equals the total number of individuals aging out of the model as described in Section 3.4.

Since GBD 2019 does not estimate the number of individuals uninfected with TB (in TB

compartment 1 in both versions) and HIV negative, the number of males and females uninfected

with TB (TB compartment 1 in both versions) and HIV negative (HIV compartment 1 in both

versions) is calculated by subtracting out the number of males and females with active TB, LTBI or

HIV positive from population estimates. We do not allocate births to TB compartments associated

with TPT (TB compartments 2, 5, and 8 in version one; TB compartments 4 and 5 in version

two) or recovery from TB (TB compartment 7 in both versions), such that ↵ ini

t,r,h,g
(⌧) = 0 for

t 2 {2, 5, 8, 7} ⇢ TB0, t 2 {4, 5, 7} ⇢ TB00 for all ⌧ .

GBD 2019 does not distinguish LTBIs by LTBI infected recently, no TPT (TB compartment

3 in version one; TB compartment 2 in version two), and LTBI infected remotely, no TPT (TB

compartment 3 in version one; TB compartment 3 in version two). We assume that those aging

into the model (on their 15th birthday) were equally likely to be exposed in each year prior to

aging into the model, such that 2/15 of LTBIs are recent (exposed within the past two years), and

13/15 of LTBI are remote (exposed more than two years ago). The GBD 2019 study also does not

di↵erentiate LTBI projections by drug resistance or HIV status. We assume that the proportion of

LTBIs that are MDR corresponds to estimates from the 2020 Global Tuberculosis Report [2] and

that the proportion of LTBIs that are associated with PLWH correspond to yearly HIV prevalence

estimates from GBD 2019. GBD 2019 does not provide HIV prevalence among levels of HIV disease

severity, so we assign all PLWH who age into the model into HIV compartment 2 (HIV+, not on

ART, CD4 > 200).

For ⌧ associated with the years between 1940 and 1979 (before HIV incidence is introduced

in the model) new entries are only assigned to HIV compartment 1 (HIV–) according to 1990

estimates (aggregated over HIV status), such that ↵ ini

t,r,h,g
(⌧) = 0 for h 2 {2, 3, 4} for all time

steps ⌧ associated with the years 1940 to 1979. After 1980, all those with HIV are assigned to HIV
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compartment 2 (HIV+, not on ART, CD4 > 200).

For ⌧ associated with the years between 1980 and 1989, ↵ ini

t,r,h,g
(⌧) is set to 1990 estimates.

Between the start of 1990 to the end of 2017, the proportion of births allocated to each compartment

changes according to yearly estimates. From 2018 and 2027, we assign new entries based on 2017

estimates.

3.8.3 Parameter Values for Care Delivery Programs

This section describes three modeled care delivery programs: standard facility-based ART and

TPT care, community-based ART with standard facility-based TPT care, and community-based

ART with TPT care. The programs considered in each application of the model are defined in

Chapter 4 and Chapter 5.

The input parameters that depend on the care program include ART coverage for gender g under

program p, denoted � V ALp

g(⌧), and TPT initiation rates for those in HIV compartment h and

gender g under program p,  V ALp

h,g
(⌧). ART coverage for gender g under program p, � V ALp

g(⌧),

represents the proportion of PLWH on ART, that is, the ratio of those in HIV compartment 4 to

those in HIV positive compartments (in HIV compartments 2, 3, and 4). TPT initiation rates under

program p,  V ALp

h,g
(⌧), represent the proportion of those in HIV compartment h and gender g

that initiate TPT. The model assumes only PLWH on ART (in HIV compartment 4) initiate TPT,

such that  V ALp

h,g
(⌧) = 0, h 2 {1, 2, 3}.

ART coverage and TPT initiation rates vary for each program based on observations from the

DO ART trial [16]. The impact of the programs on ART coverage and TPT initiation rates among

PLWH on ART over the program intervention period from the beginning of 2018 to the end of 2027

are provided in Table 3.7. These input parameters are held constant over the intervention period

for the times associated with the years between 2018 and 2027.

Standard facility-based ART and TPT care delivery reflects the levels of ART coverage and TPT

initiation rates among PLWH on ART observed in the facility-based care arm of the DO ART trial

[16]. Community-based ART with TPT care delivery reflects the levels of ART coverage and TPT

initiation rates observed in the community-based care arm of the DO ART trial. Community-based

ART was only tested in the DO ART trial with a nested community-based TPT care program;



120

however, in Chapter 4, community-based ART without community-based TPT is evaluated to test

the independent e↵ects of community-based ART on TB incidence and TB mortality. We do this

by setting ART coverage for community-based ART with standard facility-based TPT to the same

values as in the community-based ART with TPT care delivery program. We back out the TPT

initiation percentage among PLWH on ART for community-based ART with standard facility-based

TPT by equating the TPT initiation percentage among all PLWH (including those on ART and

not on ART) to the values from standard facility-based ART and TPT care delivery.

Program Name
ART Coverage %

� V ALp

g
(⌧)

TPT initiation % among
PLWH on ART

 V ALp

4,g(⌧)
Male
g = 1

Female
g = 2

Male
g = 1

Female
g = 2

Standard facility-based
ART and TPT care

49 69 29 27

Community-based ART
with standard
facility-based TPT care

82 83 17 22

Community-based ART
with TPT care

82 83 70 75

Table 3.7: Care delivery programs and parameter values for time periods associated with the
years in the intervention period from 2018 to 2027.

ART Coverage

Mean ART coverage estimates for gender g, � V ALp

g(⌧) are provided in Equation (3.64). Mean

ART coverage estimates vary for each program p, based on the proportion of participants in the DO

ART trial that achieved viral suppression under program p, denoted V Sp

g. The estimates account

for the proportion of PLWH on ART of gender g under program p who achieve viral suppression

with the parameter AT p

g, and the proportion of PLWH diagnosed with HIV by gender g under

program p with the parameter DHp

g. The proportion of PLWH on ART of gender g under program

p who achieve viral suppression, AT p

g, and the proportion of PLWH diagnosed with HIV of gender g

under program p, DHp

g, is based on findings from the 2017 South African National HIV Prevalence,

Incidence, Behaviour, and Communication Survey [129]. It is assumed all those who are virally
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suppressed are on ART; however, some proportion of those on ART are not virally suppressed. The

proportions of male and female participants that achieved viral suppression in the DO ART trial,

V Sp

g, are divided by the proportion of PLWH on ART of gender g who achieve viral suppression

under program p, AT p

g, in Equation (3.64) to calculate the proportion of participants in the trial

who are on ART, including participants that are both virally suppressed on ART and not virally

suppressed on ART. All participants in the trial on ART know their status; however, our model

considers PLWH who do not know their status. The proportion of the HIV positive population on

ART is calculated by gender g under program p, � V ALp

g(⌧), in Equation (3.64) by multiplying

the proportion of participants in the trial who are on ART (V Sp

g/AT
p

g) by the proportion of PLWH

diagnosed with HIV, DHp

g, as

� V ALp

g(⌧) = DHp

g

✓
V Sp

g

AT p

g

◆
8g 2 G, P. (3.64)

ART coverage estimates are based on the proportion of PLWH who achieve viral suppression

under facility-based care and community-based care in the DO ART trial [16]. Under the standard

facility-based care arm in the DO ART trial, 51% of male participants and 70% of female partici-

pants achieved viral suppression, i.e., V Sp

1 = 51%, V Sp

2 = 70%. Under the community-based care

arm in the DO ART trial, 72% of male participants and 73% of female participants achieved viral

suppression, i.e., V Sp

1 = 72%, V Sp

2 = 73% [44].

The proportion of PLWH on ART who achieve viral suppression and the proportion of PLWH

diagnosed with HIV are based on population-based survey data [129]. The 2017 South African

National HIV Prevalence, Incidence, Behaviour, and Communication Survey [129] estimates 82%

of males, 90% of females, and 88% of both males and females are virally suppressed given they are on

ART. It is assumed that the proportion of PLWH on ART of gender g who achieve viral suppression,

AT g varies by gender under facility-based care, but is the same for both genders under community-

based care to account for one of the findings from the DO ART trial that the community-based ART

care intervention closed the gender gap in terms of the proportion of individuals virally suppressed

given they are on ART treatment compared to the standard facility-based care [16]. Under standard

facility-based ART and TPT care, AT p

1 = 82% and AT p

2 = 90%. Under community-based ART
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with TPT care, it is assumed that the proportion of PLWH who achieve viral suppression is the

same for both genders, AT p

1 = AT p

2 = 88%.

The 2017 South African National HIV Prevalence, Incidence, Behaviour, and Communication

Survey [129] estimates 78% and 90% of males and females living with HIV know their status.

Under the standard facility-based ART and TPT care program, DHp

1 = 78%, DHp

2 = 90%. The

community-based care arm of the DO ART trial includes community-wide HIV testing, so it is

assumed that all PLWH in community-based ART with TPT care program know their status such

that DHp

1 = DHp

2 = 100%.

These values are used to generate the ART coverage estimates as presented in Table 3.7 for

standard facility-based ART and TPT care delivery for males (78%⇥51%/82% = 49%) and females

(90%⇥ 70%/90% = 69%); and community-based ART with TPT care delivery for males (100%⇥

72%/88% = 82%) and females (100% ⇥ 73%/88% = 83%). The same ART coverage is assumed

under community-based ART with standard facility-based TPT care delivery as in community-

based ART with TPT care delivery.

TPT Initiation Rates

TPT initiation rates  V ALp

h,g
(⌧), h = 4 for standard facility-based ART and TPT care delivery

are based on observations from the DO ART trial of the proportion of PLWH on ART who initiated

TPT in the standard facility-based ART and TPT care trial group (29% among men on ART, 27%

among women on ART). TPT initiation rates for community-based ART with TPT care delivery

are also based on observations from the DO ART trial of the proportion of PLWH on ART who

initiated TPT in the community-based ART and TPT care group (70% among men on ART, 75%

among women on ART).

Community-based ART with standard facility-based TPT care delivery was not observed in

the DO ART trial but is modeled to test the independent e↵ect of community-based ART without

changing the proportion of PLWH who initiate TPT. We infer the proportion of PLWH on ART

who initiate TPT by gender g,  V ALp

h,g
(⌧), h = 4 for community-based ART with standard TPT

care delivery, so that TPT initiation rates among all PLWH are the same in standard facility-

based ART and TPT care delivery as in community-based ART with standard TPT care delivery
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while accounting for the di↵erences in ART coverage under community-based ART care. The

TPT initiation rates among all PLWH for standard facility-based ART and TPT care delivery is

approximately equal to � V ALp

g V ALp

4,g(⌧), i.e., for males 40%⇥ 29% = 0.1421, and for females

69%⇥ 27% = 0.1863. Given values for � V ALp

g(⌧) for community-based ART with standard TPT

care delivery, as in Table 3.7, we solve for  V ALp

4,g(⌧) for community-based ART with standard

TPT care delivery. Hence, for community-based ART with standard TPT care delivery, for males,

 V ALp

4,1(⌧) = 0.1421/82% = 17%, and for females,  V ALp

4,2(⌧) = 0.1863/83% = 22%.

3.8.4 Parameter Values for Disability-Adjusted Life Years

In version one of the model, disability weights are used in conjunction with projected model

states to calculate Disability-Adjusted Life Years (DALYs) as described in Section 3.7.1, Equa-

tion (3.35). Since these parameter values only apply to version one of the model, all TB compart-

ments in this section refer to those in TB0. Disability weights for those in TB compartment t and

HIV compartment h, denoted Dt,h are provided in Table 3.8. Those without active TB (not in

TB compartment 6) or without HIV (in HIV compartment 1) have an associated disability weight

of zero. Disability weights associated with active TB (in TB compartment 6) or HIV (in HIV

compartments 2, 3, and 4) are from GBD 2019 [43].

The disability weights associated with PLWH without active TB from GBD 2019 include strat-

ification over CD4 levels, ART status and anemia levels. Since anemia levels of PLWH are not

tracked in the dynamic transmission model, we apply the disability weight corresponding to mild

anemia to all PLWH (in HIV compartments 2, 3 and 4) without active TB (not in TB compartment

6) since mild anemia is common among PLWH [24]. While TPT can a↵ect levels of anemia, the

impact is not substantial [137].

The disability weights associated with TB among PLWH from GBD 2019 are not distinguished

among levels of HIV disease severity. We apply the disability weight associated with TB among

PLWH to those in HIV compartment 2 (HIV+, not on ART, CD4 > 200) and TB compartment

6 (active TB). For those in HIV compartment 3 (HIV+, not on ART, CD4  200) and active TB

(in TB compartment 6), We apply the disability weight associated with PLWH without active TB,

with a CD4 count of less than 200, with mild anemia to reflect the severity of a CD4 count below
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200. For PLWH on ART with active TB (in TB compartment 6 and HIV compartment 4), we

assume the same disability as those with active TB who are not living with HIV.

Parameter Description Value Reference
Dt,h Disability weights for those in TB compart-
ment t and HIV compartment h, per year

[43]

No active TB and HIV-, 0 (no disability)
Dt,1, for t 2 TB0, t 6= 6

No active TB and HIV+, not on ART, CD4 > 200, 0.016
Dt,2, for t 2 TB0, t 6= 6

No active TB and HIV+, not on ART, CD4  200 0.583
Dt,3, for t 2 TB0, t 6= 6

No active TB and HIV+, on ART 0.081
Dt,4, for t 2 TB0, t 6= 6

Active TB and HIV-, 0.333
D6,1

Active TB and HIV+, not on ART, CD4 > 200, 0.411
D6,2

Active TB and HIV+, not on ART, CD4  200, 0.583
D6,3

Active TB and HIV+, on ART 0.333
D6,4

Table 3.8: Input parameters values for disability weights used to calculate disability-adjusted
life-years (DALYs).

3.8.5 Parameter Values for Program Costs

The costs in 2018 US dollars are estimated from cited sources for TB and HIV preventative

treatments and care as provided in Table 3.9. These estimates are used to calculate the projected

cost of each program using Equation (3.36) and Equation (3.56) in Section 3.7.1.

For PLWH on ART, outpatient HIV care costs include the costs associated with administering

ART, which is di↵erentiated by delivery method to account for additional costs associated with

community-based care versus facility-based care [16]. The inpatient HIV care costs in Table 3.9

exclude costs of care for TB-related hospitalization. The total reported HIV inpatient care costs

from cited sources include costs of TB-related hospitalization; however, the costs of TB-related

inpatient care are subtracted from the total reported HIV inpatient care costs. The estimated HIV
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Parameter Description Value Reference
OUTcosth Annual outpatient HIV care costs
for PLWH who are:
Not on ART OUTcosth, h 2 {2, 3} 135 [46]
On ART OUTcosth, h = 4 under
Standard facility-based ART care 249 [16]
Community-based ART care 310 [16]

INcosth Annual inpatient HIV care costs for
PLWH who are:
Not on ART, CD4 > 200 OUTcost2 62 [88]
Not on ART, CD4  200 OUTcost3 162 [88]
On ART OUTcost4 151 [88]

HIV TESTcostp Cost of HIV testing to find
one person to initiate ART under all standard
and facility-based care programs

24 [16, 90]

TPTcostp Cost of a 6-month course of TPT
with isoniazid under all standard and facility-
based care programs

20 [22, 67, 116,
131]

TBCAREcostr Cost of a course of TB treat-
ment for people with
DS-TB, TBCARECost1 259 [22]
MDR-TB, TBCARECost2 1,889 [81]

Table 3.9: Input parameter notation and values used in the cost model. Costs are provided in
2018 US dollars. Costs provided in the table are rounded to the nearest dollar.

testing cost is based on the assumption that programs typically test multiple individuals for HIV

before finding an eligible person to initiate ART screening. Based on the screening and enrollment

results from the DO ART trial [16], we use a ratio of 5.4 individuals tested for one individual found

to be eligible, and the cost per HIV test of $4.44 [90]. To obtain the cost of HIV testing to find

one person to initiate ART, we multiply 5.4 by $4.44. TPT community-based care is nested in

the community-based ART care intervention and only provided to those already on ART, so there

are no additional costs associated with community-based TPT care versus facility-based care [16].

TPT costs are defined over a six-month course of TPT and include the cost of the medication ($8)

[131], provider time for counseling ($12) [22], outpatient care for TPT-associated drug-induced liver

injury (DILI) (6 ⇥ 0.00293 ⇥ $4) [67, 116], and provider laboratory costs for TPT-associated DILI

(6 ⇥ 0.00293 ⇥ $14) [67, 116], where 0.00293 reflects the probability of developing DILI per month

of TPT use. Costs for TB treatment are defined for a course of TB treatment and di↵erentiated
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by DS-TB and MDR-TB infections to account for the di↵erent medication and provider time costs

of these treatment regimens [81].

3.9 Conclusion and Future Work

In this chapter, I introduced two versions of a dynamic transmission compartmental model that

describe TB and HIV disease progression with considerations for TB drug resistance and gender.

Version one of the dynamic transmission compartmental model is applied to KwaZulu-Natal, South

Africa, under three care delivery programs presented in Chapter 4. Version two of the dynamic

transmission compartmental model is modified to simulate TB and HIV disease progression in all

nine provinces in South Africa under two care delivery programs and integrated into a budget

allocation approach as described in Chapter 5. Version one of the dynamic transmission model

accounts for the reduced risk of infection while on TPT; however, it does not distinguish those

with LTBI treated with TPT by recent and remote infection. The rate at which those with LTBI

treated with TPT progress to active TB is specific to assumptions regarding the proportion of

those LTBI treated with TPT with recent and remote infection in a region. In version two of the

dynamic transmission model, those with LTBI are tracked according to recent and remote infection

in order to better account for the reduced risk of TB progression across regions. However, to reduce

complexity, version two does not account for the reduced risk of infection while on TPT. For a six-

month course of TPT, which is modeled in version one, I found the impact of the reduced risk of

infection while on TPT was minimal. However, for a longer course of TPT, this might not be a

reasonable assumption.

The two versions of the dynamic transmission model do not take into account both the reduced

risk of infection while on TPT and the di↵ering rates of TB progression for those with recent and

remote LTBI and treated with TPT. In future research, it would be interesting to develop a model

that considers both of these factors. Figure 3.6 illustrates TB transitions for a possible future

version of the model, where the dynamic transmission model considers both the reduced risk of

infection while on TPT and the di↵ering rates of TB progression for those with recent and remote

LTBI and treated with TPT.

The two versions of the dynamic transmission model were created to answer specific questions
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related to their applications, as presented in Chapter 4 and Chapter 5. It is crucial to incorporate

reasonable assumptions into future model design to generate accurate outputs that can answer the

critical questions posed by decision makers and stakeholders.
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(a) Mean HIV incidence rate in year y for
males in Eastern Cape, ⌘ V AL1,p

1,2,1(y)
(b) Mean HIV incidence rate in year y for
females in Eastern Cape, ⌘ V AL1,p

1,2,2(y)

(c) Mean HIV incidence rate in year y for
males in Free State, ⌘ V AL2,p

1,2,1(y)
(d) Mean HIV incidence rate in year y for

females in Free State, ⌘ V AL2,p
1,2,2(y)

(e) Mean HIV incidence rate in year y for
males in Gauteng, ⌘ V AL3,p

1,2,1(y)
(f) Mean HIV incidence rate in year y for

females in Gauteng, ⌘ V AL3,p
1,2,2(y)

Figure continued on the next page
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(a) Mean HIV incidence rate in year y for
males in KwaZulu-Natal, ⌘ V AL4,p

1,2,1(y)
(b) Mean HIV incidence rate in year y for
females in KwaZulu-Natal, ⌘ V AL4,p

1,2,2(y)

(c) Mean HIV incidence rate in year y for
males in Limpopo, ⌘ V AL5,p

1,2,1(y)
(d) Mean HIV incidence rate in year y for

females in Limpopo, ⌘ V AL5,p
1,2,2(y)

(e) Mean HIV incidence rate in year y for
males in Mpumalanga, ⌘ V AL6,p

1,2,1(y)
(f) Mean HIV incidence rate in year y for
females in Mpumalanga, ⌘ V AL6,p

1,2,2(y)

Figure continued on the next page
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(a) Mean HIV incidence rate in year y for
males in Northern Cape, ⌘ V AL7,p

1,2,1(y)
(b) Mean HIV incidence rate in year y for
females in Northern Cape, ⌘ V AL7,p

1,2,2(y)

(c) Mean HIV incidence rate in year y for
males in North-West, ⌘ V AL8,p

1,2,1(y)
(d) Mean HIV incidence rate in year y for

females in North-West, ⌘ V AL8,p
1,2,2(y)

(e) Mean HIV incidence rate in year y for
males in Western Cape, ⌘ V AL9,p

1,2,1(y)
(f) Mean HIV incidence rate in year y for
females in Western Cape, ⌘ V AL9,p

1,2,2(y)

Figure 3.4: Yearly mean HIV incidence estimates for males, ⌘ V ALi

1,2,1(y), and females,

⌘ V ALi

1,2,2(y) for region i from 1980 to 2027. Over the intervention period between 2018 and
2027, HIV estimates are distinguished by facility-based and community-based ART programs.
HIV incidence rate estimates for standard facility-based ART programs are in blue (stars), and

incidence rate estimates for community-based ART programs are in red (triangles).
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(a) Mean baseline mortality rates, for year y and
males, µ V ALi

1(y) by region i
(b) Mean baseline mortality rates, for year y and

females, µ V ALi
2(y) by region i

Figure 3.5: Mean yearly baseline mortality rate estimates for males, µ V ALi

1(y), and females,
µ V ALi

2(y), by region i from 1990 to 2017 [44].
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Figure 3.6: Illustration of TB transitions if the dynamic transmission model considers both
reduced risk of TB progression from TPT by recent and remote infection and the reduced risk of
infection while on TPT. Although not visualized here, each of the ten tuberculosis compartments
would be stratified across two TB drug-resistance compartments, four HIV compartments, and
two genders. Individuals can age out or die from any compartment. TB preventative therapy

(TPT) initiations are highlighted in green to emphasize that care programs directly impact them.
TB force of infection is highlighted in blue to indicate the care program indirectly impacts them.
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Chapter 4

POLICY ANALYSIS OF IMPLEMENTING
COMMUNITY-BASED CARE DELIVERY TO IMPROVE TB

HEALTH OUTCOMES IN KWAZULU-NATAL, SOUTH
AFRICA

This chapter provides a policy analysis that evaluates the health impact of extending community-

based antiretroviral therapy (ART) and tuberculosis (TB) preventative therapy (TPT) care delivery

to population scale in a TB-HIV high-burden setting of KwaZulu-Natal, South Africa, including an

analysis of gender disparities in health outcomes. Disease progression is modeled with version one

of the dynamic transmission model presented in Chapter 3 in KwaZulu-Natal under three facility-

based and community-based ART and TPT care delivery programs. Most of this chapter was

submitted to the Journal of the International AIDS Society in May 2023, and is currently under

second revision. A preprint appears in [117].

In the development of the analysis presented in this chapter, I collaborated with epidemiologists

and health economists to develop a policy analysis that evaluates the impacts of community-based

ART with TPT care delivery in KwaZulu-Natal South Africa. Version one of the gender-stratified

dynamic model of TB and HIV transmission and disease progression among 100,000 adults ages

15-59 in KwaZulu-Natal, South Africa, presented in Chapter 3, is used to project health outcomes

and costs under three programs including, facility-based ART and TPT care delivery (Program 1),

community-based ART and facility-based TPT care delivery (Program 2), and community-based

ART with TPT care delivery (Program 3). To ensure that TB health outcomes are realistic, 34

parameters were calibrated against ten regional calibration targets, including TB incidence and

TB mortality estimates by HIV status (HIV-positive and HIV-negative) and gender, and HIV

prevalence by gender in KwaZulu-Natal, South Africa. The projections of TB- and HIV-related

health outcomes and costs are presented across a range of accepted parameter sets identified through

calibration that meet all calibration targets to represent uncertainty in health outcomes and costs.
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The modeling study quantifies the health impact and cost-e↵ectiveness of extending community-

based ART and TPT to the population scale in a TB-HIV high-burden setting of KwaZulu-Natal,

South Africa across all accepted parameter sets. Projections on the number of TB cases, deaths, and

disability-adjusted life years (DALYs) averted relative to standard, clinic-based care are provided.

Furthermore, program costs and incremental cost-e↵ectiveness ratios are presented to evaluate

the trade-o↵s between health gains and additional costs with community-based care, compared to

standard facility-based care.

This chapter also presents an analysis of the impact of community-based ART with TPT pro-

grams on reducing gender disparities in TB incidence and TB mortality rates. To ensure the model

accurately represents gender di↵erences, the input parameters consider gender-specific di↵erences,

such as mortality rates, ART coverage, and TPT initiation rates, and are calibrated to TB inci-

dence, HIV prevalence, and TB mortality targets by gender. Furthermore, it quantifies the indirect

health benefits of these programs for the HIV negative population. To project these impacts, the

model includes the HIV negative population, who are not served directly by these programs. To

quantify these benefits, projections on TB incidence and TB mortality rates under the three care

delivery programs by HIV status and gender are compared.

The rest of the chapter is organized as follows. Section 4.1 provides a background and introduces

the analysis. Section 4.2 describes the calibration method and provides the results. Section 4.3

provides the analysis of care delivery programs. Section 4.4 provides a discussion of the results.

Section 4.5 presents conclusions and future work.

4.1 Introduction and Background

Tuberculosis (TB) is the leading cause of death globally among people living with HIV (PLWH)

[144]. The burden of HIV-associated TB is particularly high in South Africa, where more than 50%

of people with incident TB in 2021 also had HIV, compared to a global mean of 6.7% [144].

In KwaZulu-Natal, approximately 70% of people who develop TB also have HIV [72]. Despite

frequent co-occurrence, TB and HIV exhibit di↵erent gender disparity patterns in South Africa,

where TB prevalence nationally is higher among men compared to higher HIV prevalence among
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women [93, 129]. Multiple factors likely contribute to greater TB burden among men, including

gender di↵erences in accessing health care, gender-specific contact patterns, and higher prevalence

of exposures that increase risk for TB infection and/or progression (e.g., mining, incarceration,

use of alcohol, illicit substances, and tobacco) [52, 53, 73]. Additionally, gender disparities in HIV

outcomes include lower levels of HIV viral suppression among men than women living with HIV

across nearly all regions globally and in South Africa [142]. The higher detectable viral loads in

men contribute in part to higher incidence among women [144].

TB preventive treatment (TPT) with isoniazid, when given with antiretroviral therapy (ART),

reduces the risk of TB by approximately one-third [109, 116, 137]. Between 2018 and 2020, over six

million PLWH accessed TPT globally, exceeding the target set at the 2018 UN High-Level Meeting

on Tuberculosis. However, disruptions in care during the COVID-19 pandemic were associated

with a 21% decline in the number of people taking TPT between 2019 and 2020 [144]. While global

TPT figures are not disaggregated by gender, some studies conducted between 2020 and 2021 in

sub-Saharan Africa found lower rates of TPT initiation and completion among men than among

women [78, 124], while others did not find di↵erences [136, 148].

Di↵erentiated models of care tailor health care delivery to client health needs and often extend

care beyond traditional facility settings and involve an additional cadre of health workers [47].

Di↵erentiated community-based care models have been e↵ective and cost-e↵ective interventions

for HIV and TB care in sub-Saharan Africa [75]. They can improve healthcare by caring for

PLWH outside of health facilities. Recently, the Delivery Optimization for Antiretroviral Therapy

(DO ART) household-randomized trial of community-based ART initiation and treatment in South

Africa and Uganda demonstrated that community-based care delivery increases the proportion

of PLWH who achieve viral suppression, particularly among men [16]. This overcame a gender

disparity in viral suppression that was observed in clinic-based care models. At South African

DO ART sites, asymptomatic participants without contraindications to TPT in the community-

based care group were o↵ered TPT starting one month after ART initiation, while the standard

clinic group received TPT per routine clinic procedures. TPT uptake was higher among DO ART

participants who received community-based care than participants who received facility-based care.

A recent modeling analysis concluded that community-based HIV treatment was cost-e↵ective in
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preventing death and disability due to HIV [121]. However, the longer-term impact of increased

ART and TPT uptake on incident TB and TB deaths were not quantified among trial participants,

nor were TB incidence or deaths quantified among community members who were not in the

trial. This modeling study aims to quantify the health impact and cost-e↵ectiveness of extending

community-based ART and TPT to the population scale in a TB-HIV high-burden setting of

KwaZulu-Natal, South Africa, including analysis of gender disparities in health outcomes.

To meet this aim, version one of the dynamic compartmental transmission model of TB and

HIV disease presented in Chapter 3 was used to simulate TB and HIV outcomes in KwaZulu-Natal,

South Africa, for three care delivery programs, including

1. standard facility-based ART and TPT care delivery (Program 1),

2. community-based ART and standard facility-based TPT care delivery (Program 2) and,

3. community-based ART with TPT care (Program 3)

The model simulates a population of 100,000 persons representing the adult population (ages

15-59) of KwaZulu-Natal, South Africa, under the three programs that reflect findings from the

DO ART trial [16] using the values described in Section 3.8.3.

The population moves through the compartments at transition rates reflecting TB and HIV

infection, disease progression, treatment and recovery from TB, death, and aging into and out of

the system as described in Section 3.3.1. The system of ordinary di↵erential equations is described

in Section 3.5.1, and the input parameters values and calibration ranges to run the model in

KwaZulu-Natal under the three care delivery programs are provided in Section 3.8. The impacts

of community-based ART and TPT delivery care programs are simulated over ten years, assuming

that community-based ART and TPT were scaled up to similar levels as in the DO ART trial

(i.e., ART coverage increasing from 49% to 82% among men and from 69% to 83% among women)

and sustained for ten years. Community-based ART care delivery with standard facility-based TPT

care was not implemented in DO ART but is considered in this analysis to evaluate the independent

e↵ects of community-based ART and TPT.

The model is executed from the beginning of 1940 to the end of 2027, with a warmup and

calibration period from 1940 through the end of 2017 and the ten-year intervention period from

the start of 2018 through the end of 2027. During the intervention period, the programs di↵er in
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their gender-specific ART coverage and TPT initiation rates (see Table 3.7 in Chapter 3). It is

assumed that programs take full e↵ect at the start of the intervention period and are maintained

over ten years. Over the ten-year intervention period, model outputs are used to project health

and economic outcomes under each program. The calculations for program health and costs are

provided in Section 3.7.1 and include, TB incidence, TB mortality, disability-adjusted life years

(DALYs), and costs – for each care delivery program.

Discounted and undiscounted health outcomes are quantified, including TB incident cases, TB

deaths, and DALYs, and costs for each program over the ten-year intervention period. These metrics

are used to generate incremental cost-e↵ectiveness ratios (ICERs) to assess the undiscounted and

discounted per-dollar cost per incident TB case averted, TB death averted, and DALYs averted

from care delivery intervention programs. The program comparisons include:

• Program 2 (community-based ART care with standard facility-based TPT care) to Program

1 (standard facility-based ART and TPT care) to quantify incremental health gains and

additional costs of a community-based ART intervention,

• Program 3 (community-based ART with TPT care) compared to Program 1 (standard

facility-based ART and TPT care) to quantify incremental health gains and additional costs

of a community-based ART and TPT intervention, and

• Program 3 (community-based ART with TPT care) compared to Program 2 (community-

based ART care with standard facility-based TPT care) to quantify incremental health gains

and additional costs of a nested community-based TPT intervention.

Discounted ICERs are used to evaluate the cost-e↵ectiveness of programs. The projection of

TB incidence and TB mortality is evaluated by HIV status (HIV positive and HIV negative) and

gender (male and female) to analyze the impacts of these programs on health outcomes by gender

as well as their indirect health benefits on the HIV negative population, who are not directly served

by the program.
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4.2 Calibration of the Dynamic Transmission Compartmental Model

Version one of the dynamic transmission model (described in Chapter 3) is calibrated over 34

parameters for KwaZulu-Natal, South Africa. In this research, we assume TPT initiation rates

(i,p
h,g

(⌧)) and ART coverage (�i,p
g (⌧)) estimates are held constant at the values in Table 3.6, and

we do not calibrate these parameters, such that  FACTOR4 = 1 and � FACTOR4 = 1 in

Equation (3.58) and Equation (3.61), respectively.

Latin hypercube sampling [132] was used to generate 100,000 candidate parameter sets from

the calibrated parameters using the ranges specified in Table 3.6 applicable to version one of the

model in KwaZulu-Natal, South Africa. For each candidate parameter set, the model is executed

over a warm-up and calibration period from the start of 1940 to the end of 2017 under the standard

facility-based ART and TPT care program.

Ten metrics are considered for calibration, including TB incidence rates by HIV status (HIV-

and HIV+) and gender, TB mortality rates by HIV status (HIV- and HIV+) and gender, and HIV

prevalence by gender. These ten metrics are evaluated in 2005, the peak of the HIV epidemic,

and in 2017, the year prior to the start of the intervention period of the DO ART trial. Model

values are calculated for each metric in 2005 and 2017 for the 100,000 candidate parameter sets

using the equations provided in Section 3.7.1. Model values are compared to corresponding target

calibration ranges in 2005 and 2017 based on 95% uncertainty intervals from the GBD Study 2019 for

adults between 15 and 59 years old in KwaZulu-Natal, South Africa [44]. A candidate parameter

set is considered if all 20 model values fall into all 20 target calibration ranges. A candidate

parameter set is accepted if it shows a reduction in the total number of TB cases and deaths over

the intervention period in community-based ART with TPT care delivery versus community-based

ART with standard facility-based TPT care delivery. The calibration resulted in 859 accepted

parameter sets. Figure 4.1 illustrates the mean, minimum, and maximum model values of the 859

accepted parameter sets for each of the ten calibration metrics between the years 1990 and 2017. In

2005 and 2017, model values were compared to target calibration ranges; target calibration ranges

are emphasized lines.
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(a) TB incidence rate per 100,000 males in
year y HIV positive and HIV negative

(b) TB incidence rate per 100,000 females in
year y HIV positive and HIV negative

(c) TB mortality rate per 100,000 males in
year y HIV positive and HIV negative

(d) TB mortality rate per 100,000 females in
year y HIV positive and HIV negative

(e) HIV prevalence per 100,000 males in
year y

(f) HIV prevalence per 100,000 females in
year y

Figure 4.1: Maximum, minimum, and mean ranges of TB incidence, TB mortality, and HIV
prevalence metrics from the 859 accepted parameter sets for each year y under standard

facility-based ART and TPT care from 1990 to 2017. Model values are shown in red and orange
for HIV negative and HIV positive populations, respectively. Estimates from GBD 2019 for males
and females between the ages of 15 and 59 in KwaZulu-Natal, South Africa, are shown in blue
and green for HIV negative and HIV positive populations, respectively [44]. In 2005 and 2017,

target calibration ranges are emphasized lines.
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4.3 Analysis of Care Delivery Programs

The model was executed with the 859 accepted calibrated parameter sets for the three care

delivery programs over a 10-year intervention period from the start of 2018 to the end of 2027.

Figure 4.2 illustrates the projected annual TB incidence and mortality rates by gender from 1990

to 2027 over the 859 accepted calibrated parameter sets. In 2017, the year before the start of the

intervention, the estimated annual incidence of active TB disease was slightly higher for women

(1,406 per 100,000; range 1,141 – 1,577) than for men (1,165 per 100,000; range 989 – 1,362). In

2017, nearly 74.7% (1,050 out of 1,406) of women with incident TB were also living with HIV,

compared to 62.4% (727 out of 1,165) of men with incident TB also living with HIV. However, the

estimated TB mortality rate in 2017 was higher for men, with an estimate of 240 (range 174 – 309)

per 100,000 men compared with 135 (range 103 – 188) per 100,000 women.

Over the 10-year intervention period, an estimated 31,009 (range 25,674 – 39,021) PLWH re-

ceived a course of TPT in Program 3 compared to 17,264 (range 14,156 – 21,255) in Program 1 and

18,221 (range 15,305 – 22,370) in Program 2. The outputs from the model estimated the number

needed to treat with TPT to prevent one case of active TB was 38. Section 4.3.1 describes the

population level impact of the programs, and Section 4.3.2 describes the impact of the programs

by gender and HIV status.

4.3.1 Analysis of the Population-Level Impact of Care Delivery Programs

Figure 4.3 illustrates the population-level impact of each program by comparing TB incidence

and mortality rates per 100,000 individuals over the intervention period. The impact of o↵ering

community-based ART (without changing TPT uptake) is estimated by comparing Program 2 to

Program 1 outcomes. In 2027, Program 2 could reduce the TB incidence rate by 27.0% (range

21.3% – 34.1%) and the TB mortality rate by 34.6% (range 24.8% – 42.2%) compared to Program

1. The impact of o↵ering community-based TPT with ART is estimated by comparing Program

3 to Program 2 outcomes. In 2027, Program 3 could reduce TB incidence by an additional 3.6%

(range 0.2% – 9.9%) and TB mortality rates by 2.2% (range 0.1% – 7.6%) compared to Program 2.

Health outcomes (DALYs, TB incident cases, TB deaths) and costs are summed over the 10-year

intervention period for each care program, shown in Table 4.1. These program health outcomes and
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(a) TB incidence per 100,000 males (b) TB incidence per 100,000 females

(c) TB mortality per 100,000 males (d) TB mortality per 100,000 females

Figure 4.2: Estimated TB incidence and mortality by gender. The mean, maximum, and
minimum yearly TB incidence and mortality rates from 1990-2017 over the 859 accepted
parameter sets are shown in grey (dots). The mean, maximum, and minimum yearly TB

incidence and mortality rates during the intervention period (2018-2027) over the 859 accepted
parameter sets are illustrated by care delivery program. During the intervention period, Program

1 (standard facility-based ART and TPT care) is shown in blue (dots), Program 2
(community-based ART care with standard facility-based TPT care) is shown in green (stars),

and Program 3 (community-based ART with TPT care) is shown in red (diamonds).

costs are used to calculate incremental health gains, costs, and ICERs for the outcomes of DALYs,

incident TB cases, and TB deaths between facility-based and community-based care delivery pro-

grams, as in Table 4.2.

Cost-e↵ectiveness is assessed relative to the threshold of $590 USD per DALY averted based
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(a) TB incidence per 100,000 individuals (b) TB mortality per 100,000 individuals

Figure 4.3: Estimated TB incidence and mortality by care-delivery program. The mean,
maximum, and minimum yearly TB incidence and mortality rates are estimated over the 859
accepted parameter sets. Program 1 (standard facility-based ART and TPT care) is shown in
blue (dots), Program 2 (community-based ART care with standard facility-based TPT care) is
shown in green (stars), and Program 3 (community-based ART with TPT care) is shown in red

(diamonds).

on the opportunity cost at the margin of the South African program [91, 104], as in [21]. The

community-based ART with TPT care program (Program 3) did not meet the cost-e↵ectiveness

threshold of $590 USD per DALY averted with the input parameter costs given in Table 4.2.

A one-way sensitivity analysis of costs was conducted by varying the cost parameters in the

model using the mean metrics from the 859 accepted parameter sets. Figure 4.4 shows the impact

of varying costs on the discounted incremental cost per DALY averted under Program 3 versus

Program 1. The discounted incremental cost per DALY was most sensitive to the cost of outpatient

HIV care. If the cost of annual outpatient care for PLWH on ART under community-based ART

programs (Programs 2 and 3) were to decrease from $310 to $283, or if the cost of annual outpatient

care for PLWH on ART under standard facility-based ART and TPT care (Program 1) were to

increase from $249 to $260, then the discounted incremental cost per DALY would achieve the

cost-e↵ectiveness threshold.
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Program 1 Program 2 Program 3

Standard facility-based
ART and TPT care

Community-based
ART care with
standard facility-based
TPT care

Community-based
ART with TPT care

Mean [Min, Max] Mean [Min, Max] Mean [Min, Max]
Health Outcomes and Costs (Undiscounted)

DALYs (thousands) 82.0 [70.5, 92.2] 59.7 [ 52.4, 67.2] 59.5 [ 52.2, 66.9]
TB incident cases
(thousands)

12.7 [10.5, 14.7] 10.0 [ 8.1, 12.1] 9.7 [ 8.1, 11.6]

TB deaths
(thousands)

1.8 [ 1.4, 2.3] 1.3 [ 1.0, 1.7] 1.3 [ 1.0, 1.7]

Program costs
(millions in USD)

99.3 [90.6, 114.1] 118.2 [107.4, 135.5] 118.4 [107.6, 135.8]

Health Outcomes and Costs (Discounted)
DALYs (thousands) 73.4 [63.1, 82.5] 53.8 [47.1, 60.5] 53.6 [47.0, 60.2]
TB incident cases
(thousands)

11.2 [ 9.2, 12.9] 8.8 [ 7.2, 10.7] 8.6 [ 7.1, 10.3]

TB deaths
(thousands)

1.6 [ 1.2, 2.0] 1.2 [ 0.9, 1.5] 1.1 [ 0.9, 1.5]

Program costs
(millions in USD)

87.1 [79.5, 100.1] 103.7 [94.3, 118.9] 103.9 [94.4, 119.2]

Table 4.1: Cumulative health outcomes and costs over the intervention period by program.
Values are the mean, minimum, and maximum values of the 859 accepted parameter sets. Health
outcomes and costs are summed over the 10-year intervention period for a population of 100,000
individuals. Discounted values are presented in 2018 values and use an annual discount rate of 3%.

4.3.2 Analysis of the Impact of Care Delivery Programs by Gender and HIV

Status

TB incidence and mortality rates by gender under each program in the last year of the in-

tervention period are provided in Table 4.3. Community-based ART with TPT care (Program 3)

reduced gender disparities in TB mortality compared to standard facility-based ART and TPT care

(Program 1). TB mortality declined by 39.9% (range 32.2%–46.3%) among men and 30.6% (range

25.3%-36.5%) among women under Program 3 versus Program 1.

The model projected that community-based care programs also had indirect health benefits for

people with and without HIV through reduced community TB transmission even though ART and
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Program 2 vs. Program 3 vs. Program 3 vs.
Program 1 Program 1 Program 2

Community-based ART
with standard
facility-based TPT care
vs. facility-based ART
and TPT care

Community-based ART
with TPT care vs.
facility-based ART and
TPT care

Community-based ART
with TPT care vs.
community-based ART
with facility-based TPT
care

Mean [Min, Max] Mean [Min, Max] Mean [Min, Max]
Incremental Health Outcomes and Costs (Undiscounted)

DALYs averted
(thousands)

22.3 [18.1, 27.0] 22.5 [18.2, 27.3] 0.2 [0.0, 0.5]

TB incident cases
averted (thousands)

2.7 [ 2.1, 3.5] 3.0 [ 2.3, 3.7] 0.3 [0.0, 0.9]

TB deaths averted
(thousands)

0.5 [ 0.3, 0.7] 0.5 [ 0.4, 0.7] 0.0 [0.0, 0.1]

Incremental costs
(millions in USD)

18.8 [16.8, 21.5] 19.0 [17.0, 21.7] 0.2 [0.1, 0.3]

Incremental Health Outcomes and Costs (Discounted)
DALYs averted
(thousands)

19.7 [15.9, 23.8] 19.8 [16.0, 24.0] 0.1 [0.0, 0.4]

TB incident cases
averted (thousands)

2.3 [ 1.8, 3.0] 2.6 [ 2.0, 3.2] 0.3 [0.0, 0.8]

TB deaths averted
(thousands)

0.4 [ 0.3, 0.6] 0.4 [ 0.3, 0.6] 0.0 [0.0, 0.1]

Incremental costs
(millions in USD)

16.6 [14.8, 18.9] 16.7 [14.9, 19.1] 0.2 [0.1, 0.3]

Incremental Cost-e↵ectiveness Ratios (Health gains and costs are discounted by 3%)

Cost per DALY averted
(in USD)

843 [ 706, 1,017] 846 [ 709, 1,012] 1,967 [ 244, 20,282]

Cost per incident case
averted (in USD)

7,192 [ 5,161, 10,010] 6,498 [ 4,823, 9,304] 1,109 [ 107, 13,012]

Cost per TB death
averted (in USD)

40,692 [26,116, 62,157] 39,373 [25,606, 57,020] 19,737 [1,783, 470,597]

Table 4.2: Incremental health gains, costs, and incremental cost-e↵ectiveness ratios (ICERs)
between community-based and facility-based care delivery programs. Health outcomes and costs
are summed over the 10-year intervention period for a population of 100,000 individuals. Values
are the mean, minimum, and maximum values over 859 parameter sets. Discounted values are

presented in 2018 values and use an annual discount rate of 3%.

TPT were only taken by PLWH. In 2027, TB incidence was 12.9% (range 8.3% – 18.1%) lower

among men without HIV and 9.6% (range 4.7% – 15.1%) lower among women without in HIV

under Program 3 versus Program 1. Figure 4.5 and Figure 4.6 present estimated reductions in TB

incidence and mortality for people without HIV by gender. Table 4.4 provides the mean, maximum,
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Figure 4.4: Sensitivity analysis of the discounted incremental cost per DALY averted by
community-based ART with TPT care (Program 3) versus standard facility-based ART and TPT

care (Program 1) over the intervention period. The solid line represents the mean discounted
incremental cost per DALY averted over the 859 accepted parameter sets of $846 USD per DALY

averted. The dashed vertical line represents the cost-e↵ectiveness threshold of $590 USD per
DALY averted. The horizontal bars represent the discounted incremental cost per DALY averted
at bounds of 25% above of the modeled cost parameter (high) and 25% below the modeled cost

parameter (low). All costs are in 2018 USD.

and minimum TB incidence and mortality rates in 2027 (the last year of the intervention period)

per 100,000 males and females by HIV status and care program over the 859 accepted parameter

sets.
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Program 1 Program 2 Program 3

Standard
facility-based ART
and TPT care

Community-based
ART care with
standard facility-based
TPT care

Community-based
ART with TPT care

Mean [Min, Max] Mean [Min, Max] Mean [Min, Max]
TB incidence rate

TB incidence rate per
100,000 males

1,141 [ 977, 1,301] 799 [ 665, 950] 775 [654, 902]

TB incidence rate per
100,000 females

1,394 [1,185, 1,561] 1,046 [883, 1,220] 1,004 [848, 1,155]

TB mortality rate
TB mortality rate per
100,000 males

243 [184, 300] 149 [111, 191] 146 [110, 184]

TB mortality rate per
100,000 females

134 [103, 174] 95 [ 70, 125] 93 [ 69, 120]

Table 4.3: Estimated TB incidence and mortality by care-delivery programs and gender in the
last year of the intervention period. The mean, maximum, and minimum yearly TB incidence and

mortality rates are estimated over the 859 accepted parameter sets.

4.4 Discussion

Scaling up community-based ART with TPT to the population level in a high HIV-TB burden

setting such as KwaZulu-Natal, South Africa, could avert substantial HIV and TB morbidity and

mortality, if equivalent e↵ectiveness is maintained as demonstrated in the DO ART trial. The

increase in ART coverage achieved through community-based care reduced cumulative TB disease

by 21% over ten years, and community-based TPT reduced it further by 3%. Additionally, though

the interventions were only directly delivered to people living with HIV, the model captured indirect

benefits of reduced TB incidence disease and mortality among people without HIV under the

community ART and TPT scenarios. Prior modeling analyses in South Africa have also found that

ART and TPT scale-up would be projected to reduce TB incidence among people living with and

without HIV [54]. Gender disparities in HIV and TB outcomes in this setting are complex and

are reflected in the model results. Specifically, the higher HIV prevalence among women (39%)

compared to men (20%) in our model resulted in higher incidence and mortality of HIV-associated
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(a) TB incidence per 100,000 males HIV positive (b) TB incidence per 100,000 females HIV
positive

(c) TB incidence per 100,000 males HIV negative (d) TB incidence per 100,000 females HIV
negative

Figure 4.5: Estimated TB incidence by gender in KwaZulu-Natal, South Africa during the
calibration period and during the intervention period under the three care programs. Mean,
maximum, and minimum yearly TB incidence rates from 1990 to 2017 over the 859 accepted
parameter sets are shown in grey (dots). Mean, maximum, and minimum yearly TB incidence
rates during the intervention period (2018-2027) over the 859 accepted parameter sets are

illustrated by care program. During the intervention period, Program 1 (standard facility-based
ART and TPT care) is shown in blue (dots), Program 2 (community-based ART care with

standard facility-based TPT) is shown in green (stars), and Program 3 (community-based ART
and TPT care) is shown in red (diamonds).

TB among women than among men, while HIV-negative women had lower TB incidence, prevalence,

and mortality than HIV-negative men. The larger increase in ART coverage under the community-

based care programs among men resulted in larger percent reductions in 10-year TB-associated
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(a) TB mortality per 100,000 males and HIV
positive

(b) TB mortality per 100,000 females and HIV
positive

(c) TB mortality per 100,000 males and HIV
negative

(d) TB mortality per 100,000 females and HIV
negative

Figure 4.6: Estimated TB mortality rates by gender in KwaZulu-Natal, South Africa during the
calibration period and during the intervention period under the three ART and TPT care

programs. Mean, maximum, and minimum yearly TB mortality rates from 1990 to 2017 over the
859 accepted parameter sets are shown in grey (dots). Mean, maximum, and minimum yearly TB
mortality rates during the intervention period (2018-2027) over the 859 accepted parameter sets

are illustrated by care program. During the intervention period, Program 1 (standard
facility-based ART and TPT care) is shown in blue (dots), Program 2 (community-based ART

care with standard facility-based TPT) is shown in green (stars), and Program 3
(community-based ART and TPT care) is shown in red (diamonds).

mortality among men than among women compared to standard clinic-based care. Gender-specific

model parameters included e↵ective contact rates, HIV prevalence, HIV disease progression, ART

coverage, and baseline (non-HIV and non-TB associated) mortality, though other features of TB
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Program 1 Program 2 Program 3

Standard
facility-based ART
and TPT care

Community-based
ART care with
standard facility-based
TPT care

Community-based
ART with TPT care

Mean [Min, Max] Mean [Min, Max] Mean [Min, Max]
TB incidence rate

TB incidence rate per 100,000
males and HIV positive

727 [609, 818] 432 [358, 515] 414 [345, 492]

TB incidence rate per 100,000 fe-
males and HIV positive

1,066 [899, 1,184] 745 [613, 863] 707 [586, 819]

TB incidence rate per 100,000
males and HIV negative

414 [340, 504] 367 [296, 456] 361 [293, 451]

TB incidence rate per 100,000 fe-
males and HIV negative

328 [269, 413] 301 [238, 388] 296 [235, 374]

TB mortality rate
TB mortality rate per 100,000
males and HIV positive

179 [131, 230] 91 [62, 122] 89 [62, 117]

TB mortality rate per 100,000 fe-
males and HIV positive

112 [ 86, 150] 74 [55, 99] 72 [53, 97]

TB mortality rate per 100,000
males and HIV negative

64 [ 51, 81] 58 [44, 75] 57 [44, 74]

TB mortality rate per 100,000 fe-
males and HIV negative

22 [ 15, 29] 21 [14, 28] 21 [14, 27]

Table 4.4: Mean, minimum, and maximum TB incidence and mortality rates in 2027 (the last
year of the intervention period) per 100,000 males and 100,000 females by HIV status and care

program over the 859 accepted parameter sets.

epidemiology may also di↵er by gender, including care seeking behavior that may impact active TB

duration and case fatality ratios. A recent gender-specific TB model in a setting with a low HIV

prevalence found that interventions targeted to risk factors with a higher prevalence among men (e.g.

tobacco smoking and harmful alcohol use) achieved the greatest projected TB incidence reductions

among men, but also substantially reduced TB incidence among women and children [54]. Our cost

analysis found that community-based ART with TPT was cost ine↵ective relative to the willingness-

to-pay threshold based on the opportunity cost at the margin of the South African programme [21].

The sensitivity analysis of cost parameters indicated that variation in the costs of outpatient HIV

care for PLWH on ART substantially a↵ected the ICER. If the annual per person costs of outpatient

HIV care for PLWH on ART under community-based care were to decrease from $310 to $283 or the
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annual per-person costs of outpatient HIV care for PLWH on ART under facility-based care were

to increase to from $249 to $260, then community-based ART with TPT (Program 3) could be cost

e↵ective. Other community-based interventions, including interval TB/HIV screening and linkage

to care, were found to be cost-e↵ective in a modeling analysis set in South Africa, though these

did not include community-based HIV treatment and were evaluated against a higher GDP-based

cost-e↵ectiveness threshold [42]. Strengths of this analysis include that it is based in findings from

the recent DO ART randomized controlled trial conducted in this setting. Additionally, the model

is calibrated to gender- and province-specific estimates of TB and TB-HIV incidence and mortality

at two time points that capture the declines in HIV-associated TB incidence and mortality in the

setting of increased ART coverage [44]. To reflect these dynamics, time varying parameters for HIV

incidence, prevalence, and ART coverage that incorporate historical changes in ART availability

were included. Additionally, the model incorporates uncertainty in model parameters. Uncertainty

remains in key aspects of TB epidemiology, including the rate of progression from latent to active

TB, which is represented di↵erently across models [86]. Finally, by using a model that di↵erentiates

compartments by gender, outcomes were able to be stratefied by gender, which is important for

evaluating health program impacts on gender equity in health outcomes. This analysis also has

limitations. First, the model assumed that the modeled care programs could take e↵ect immediately

and be sustained over ten years, which may not be feasible for already-strained health care workforce

and budgets. However, dramatic increases in TPT initiation and completion have been observed

in some HIV high-incidence settings through focused outreach campaigns [95]. Second, the model

does not di↵erentiate groups by age despite di↵erences in HIV and TB incidence, prevalence, and

mortality by age group due to the complexity of calibration across this additional dimension. Third,

for simplicity, it was assumed that people taking TPT would not be protected from infection with

an MDR-TB strain, though some evidence suggests that they may have partial protection from

a resistant strain [55]. Finally, the economic analysis is from a health system perspective that

does not include patient costs, despite numerous studies documenting patient costs and avoiding

catastrophic costs as a key focus of TB goals [39].
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4.5 Conclusion and Future Work

If community-based ART could be implemented with similar e↵ectiveness to the DO ART

trial, increased ART coverage could reduce TB incidence by 27.0% (range 21.3% - 34.1%) and TB

mortality by 36.0% (range 26.9% - 43.8%) after ten years. Increasing both ART and TPT uptake

through community-based ART with TPT care could reduce TB incidence by 29.7% (range 23.9%

- 36.0%) and TB mortality by 36.0% (range 26.9% - 43.8%). Community-based ART care reduced

gender disparities in TB mortality rates by reducing TB mortality among men by a projected 39.8%

(range 32.2% - 46.3%) and by 30.9% (range 25.3% - 36.5%) among women. Di↵erentiated models

of HIV care can substantially reduce TB morbidity and mortality and reduce gender disparities in

TB.

In order to address the limitations that were discussed in Section 4.4, it would be beneficial to

test various scenarios that account for a ramp-up period where the programs do not take full e↵ect

immediately. Additionally, instead of assuming the programs are sustained over ten years, it would

be beneficial to test realistic scenarios where ART coverage and TPT initiation fluctuate over time.

This type of scenario testing would be particularly important if a decision maker wanted to evaluate

the program’s impacts over an intervention period that is longer than ten years. Furthermore, if

the model were to be applied over a longer intervention period, it might need to take into account

the evolving proportion of individuals who age into the model with active TB and HIV.
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Chapter 5

A BUDGET ALLOCATION OPTIMIZATION APPROACH TO
REGIONAL TB AND HIV CARE DELIVERY PROGRAMS

This chapter presents an optimization approach to budget allocation to regional tuberculosis

(TB) and HIV care delivery programs in South Africa, considering regional di↵erences, multiple

objectives, and dynamics and uncertainties in disease progression. Disease progression is modeled

with version two of the dynamic transmission model presented in Chapter 3 in the nine South

African provinces under two facility-based and community-based antiretroviral therapy (ART) and

TB preventative therapy (TPT) care delivery programs. Most of this chapter was submitted for

publication in the Health Care Management Science Journal in October 2023.

To estimate uncertainties and dynamics of TB and HIV health outcomes and costs, the approach

integrates health outcome and cost projections from version two of the dynamic transmission model

(as described in Chapter 3) for each of the nine South African provinces under two programs

including, facility-based ART and TPT care delivery (Program 1) and community-based ART with

TPT care delivery (Program 2). The model is calibrated to regional calibration targets in TB

incidence, HIV prevalence, and TB- and HIV-related mortality rates and a national calibration

target for the total TB- and HIV-related deaths. Model calibration is used to identify a range of

parameter sets that meet all calibration targets and represent health outcome uncertainties.

Calibrated model predictions are used to quantify health outcomes and program costs used in

the multi-objective optimization approach. The two objective functions capture equity and e↵ec-

tiveness. The approach employs statistical methods that use model projections from the accepted

parameter sets to identify a set of Pareto optimal solutions with su�cient statistical evidence that

they satisfy a budget constraint and are non-dominated.

Instead of assuming all regions implement a single care delivery program, the approach allows

for the implementation of programs by region. This allows consideration of the most vulnerable

populations to be prioritized for community-based ART with TPT care delivery, under limited
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resources. The optimization approach evaluates candidate solutions that represent combinations

of regional implementations of the two care delivery programs. The two objective functions and

cost function combine regional estimates for statistical quantification for each candidate solution.

The approach generates a set of Pareto optimal solutions that provide optimal regional program

implementation options.

The rest of this chapter is organized as follows. Section 5.1 provides an introduction and back-

ground to the budget allocation approach. Section 5.2 describes the regional calibration method

and results. Section 5.3 presents the multi-objective optimization approach. Section 5.4 provides

the results that describe the best regions to prioritize for community-based ART with TPT care

across the nine provinces of South Africa. Section 5.5 discusses the trade-o↵s between TB- and

HIV-related mortality rate inequities between regions and the total TB- and HIV-related deaths.

Section 5.6 provides the conclusion and possible future research directions.

5.1 Introduction and Background

Due to the high costs of implementing community-based ART with TPT care delivery, it may

not be practical to implement throughout a country [9]. This research introduces an approach

for identifying regions within a country to prioritize for community-based ART with TPT care

delivery. The problem of allocating a budget to regions for TB and HIV care is challenging due

to unique regional population dynamics, complex issues involving multiple criteria and stakehold-

ers, and uncertainties [9]. The multi-objective optimization approach presented in this chapter

aims to address these challenges by integrating a regionally calibrated infectious disease dynamic

transmission model, mathematical optimization, and statistical methods.

When it comes to optimizing budget allocation for a set of candidate healthcare programs,

mathematical optimization is a widely used approach. However, most mathematical optimization

approaches in this context only consider nationally administered programs that are implemented

uniformly across all regions [9, 65, 133]. Despite research indicating that implementing programs

by region could enhance health outcomes while remaining within a fixed national budget [7, 35, 83],

most mathematical optimization methods overlook regional program implementation options. Our
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approach considers regional di↵erences and allows the implementation of community-based ART

with TPT care delivery at the regional level.

To capture regional di↵erences, version two of the TB and HIV dynamic transmission com-

partmental model presented in Chapter 3 is calibrated to reflect regional di↵erences in yearly TB

incidence, HIV prevalence, and TB- and HIV-related mortality rates. Model calibration is used to

identify parameter sets that meet three regional calibration targets across the nine South African

provinces and one national target. The targets are based on estimates from the 2019 Global Burden

of Disease Study (GBD 2019) in South Africa [44]. For each of the identified parameter sets, the

model is used to simulate disease progression and estimate health outcomes and costs in each region

under each care delivery program.

Furthermore, the majority of mathematical optimization approaches focus on improving overall

health outcomes (e.g., disability-adjusted life years) [9, 65]. However, reducing the overall burden of

TB and HIV may not be a health system’s only objective. Other goals, such as health equity between

regions, financial risk, and other sociopolitical factors, are essential to stakeholders. The proposed

approach considers two objectives to balance equity and e↵ectiveness of TB- and HIV-related health

outcomes against a budget constraint. The first objective function represents inequity in TB- and

HIV-related mortality rates between regions. It calculates the maximum di↵erence between the

TB- and HIV-related mortality rates in each region and the average TB- and HIV-related mortality

rate aggregated over all regions. The second objective function is the total TB- and HIV-related

deaths summed over all regions.

Instead of aggregating the two objectives into a single objective with weights and returning a

single solution, the approach generates a set of Pareto optimal solutions that provide a comprehen-

sive view of the balance between inequity in TB- and HIV-related mortality rates between regions

and the total TB- and HIV-related deaths summed over all regions. When making decisions related

to budget allocation to TB and HIV programs by region, several crucial factors (e.g., practicalities

and political pressures) must be considered. The Pareto optimal solutions can be considered in

conjunction with these other factors to aid decision makers in their final decision.

Another important factor inherent to budget allocation for regional care delivery programs is

uncertainty. Many optimization approaches only consider the expected value of the objective func-
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tions and do not account for the uncertainty in the estimation [102, 161]. The proposed approach

considers uncertainties in the total program costs and two objective functions by estimating their

means and standard deviations across a range of parameter sets. The budget constraint considers

the risk that program costs might exceed the budget through a chance constraint. Uncertainties are

considered in the two objective functions with statistical tests that evaluate if a solution is proba-

bilistically dominated. The multi-objective optimization approach returns Pareto optimal solutions

with su�cient statistical evidence that they satisfy the budget constraint and are non-dominated.

This research contributes to the development of a multi-objective optimization approach to

budget allocation for regional TB and HIV care delivery programs that:

1. accounts for regional di↵erences and allows for the implementation of programs by region,

2. balances equity and e↵ectiveness objectives and,

3. considers uncertainties in health outcomes and costs.

The multi-objective optimization approach considers two candidate programs across the nine

provinces of South Africa. Version two of the dynamic transmission compartmental model of TB

and HIV disease, presented in Chapter 3, is used to simulate TB and HIV outcomes in the nine

provinces of South Africa, for two care delivery programs, including:

1. Standard facility-based ART and TPT care delivery (Program 1) and,

2. Community-based ART with TPT care delivery (Program 2).

The set of regions, I = {1, . . . , i, . . . , 9} are defined so they correspond to the nine provinces

in South Africa, including Eastern Cape (i = 1), Free State (i = 2), Gaunteng (i = 3), KwaZulu-

Natal (i = 4), Limpopo (i = 5), Mpumalanga (i = 6), Northern Cape (i = 7), North-West (i = 8)

and Western Cape (i = 9). The set of programs P = {1, 2} includes standard facility-based ART

and TPT care delivery (p = 1) and community-based ART with TPT care delivery (p = 2). The

approach generates a set of Pareto optimal solutions that provide realistic and statistically valid

insights into the best combination of regions to prioritize for community-based ART with TPT care

delivery, given a national budget.
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5.2 Calibration of the Dynamic Transmission Compartmental Model

Regional dynamics and uncertainties in TB and HIV disease progression across the nine provinces

of South Africa are represented by parameter sets that are identified through model calibration.

We calibrate 31 parameters in the dynamic transmission model, where 22 calibrated parameters

are general parameters that are held constant over all regions, and nine calibrated parameters are

regional-specific parameters that can vary by region. Details of the input parameter values are pro-

vided in Chapter 3 in Table 3.6. Since gender di↵erences are not a critical part of the optimization

approach presented in this chapter, calibrated parameters for the number of e↵ective contacts for

TB transmission per year, HIV incidence rates, and mortality rates are not calibrated by gender

(e.g., �i

1 = �i

2).

Latin hypercube sampling is used to generate 500 samples of the 22 general parameters and 40

samples of the nine regional-specific parameters from the 25% calibration ranges specified in Ta-

ble 3.6. In each region, 20,000 candidate regional parameter sets are considered, which represent all

combinations of the 500 samples of the general parameters and 40 samples of the regional-specific

parameters (500 ⇥ 40 = 20, 000). In each region, the model is executed over the warm-up and

calibration period from the beginning of 1940 to the end of 2017, with the 20,000 candidate re-

gional parameter sets that are representative of standard facility-based ART and TPT care delivery

(Program 1).

For each region and each of the 20,000 candidate regional parameter sets, model projections

are compared to three regional calibration targets, TB incidence, HIV prevalence, and TB- and

HIV-related mortality rates per 100,000 individuals using Equation (3.52), Equation (3.53) and

Equation (3.54), respectively. Model projections are evaluated against the three calibration targets

in 2005, at the peak of the HIV epidemic, and 2017, the year before the intervention period. Regional

calibration target ranges are represented by 95% confidence intervals from GBD 2019 [44] for the

corresponding South African province. Furthermore, since general parameters are held constant

over all regions, we reject regional parameter sets associated with a set of general parameters that do

not meet the regional calibration targets in one or more regions. The accepted regional parameter

sets are notated as K̄i = {1, . . . , k̄, . . . , K̄i} for each region i 2 I.

To generate candidate national parameter sets, we combine the accepted regional parameter
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sets by taking their cross-product for a common general parameter set. Each candidate national

parameter set contains 103 randomly generated values, including the 22 general parameters and

nine regional-specific values for each of the nine regions (22+9⇥9 = 103). After filtering for regional

parameter sets that meet the regional targets across all regions, 24 common general parameter sets

were left. If we considered all remaining candidate national parameter sets resulting from the filtered

regional parameter sets, we would have 240,924,612 candidate national parameter sets. To reduce

the number of candidate national parameter sets for tractable computation, we identified regional

parameter sets that represent the minimum and maximum projections of the TB incidence, HIV

prevalence, and TB- and HIV-related mortality rates in 2017, for each of the 24 common general

parameter sets. With this reduction, the number of regional parameter sets associated with each

of the 24 accepted sets of general parameters is between one and six. This reduced the number of

candidate national parameter sets from 240,924,612 to 2,513,680.

Table 5.1 describes the components of the 2,513,680 candidate national parameter sets. The

table provides the number of regional parameter sets accepted in region i across the 24 accepted

general parameter sets. The total number of accepted regional parameter sets (K̄i in region i)

provided in the second to last row of the table is calculated by summing accepted regional parameter

sets accepted in region i over all 24 accepted parameter sets. The number of combinations of regional

parameter sets associated with each of the 24 accepted general parameter sets is calculated by taking

the cross-product of the number of accepted regional parameter sets associated with each general

parameter set (as shown in the last column of Table 5.1.) The total number of candidate national

parameter sets (2,513,680) is provided in the last row and column of Table 5.1 and is calculated

by summing the number of combinations of regional parameter sets over all 24 accepted general

parameter sets.

For each of the candidate national parameter sets, model projections are compared to one

national calibration target that represents the total number of TB- and HIV-related deaths in

South Africa. For each accepted regional parameter set in each region, model projections for the

number of TB- and HIV-related deaths are calculated using Equation (3.55) in Section 3.7.2. Each

candidate national parameter set uses regional projections for the number of TB- and HIV-related

deaths for associated accepted regional parameter sets to estimate the total number of TB- and



158

HIV-related deaths in South Africa. To calculate the total number of deaths in South Africa for

each candidate national parameter set, the associated regional model projections of TB- and HIV-

related deaths are summed across all regions. Model projections are compared to the national

calibration target for South Africa in 2005 and 2017, which represents the 95% confidence interval

of the total number of TB- and HIV-related deaths in South Africa from GBD 2019 [44]. The

accepted national parameter set is notated as K = {1, . . . , k, . . . ,K}. All 2,513,680 candidate

national parameter sets were evaluated against the national calibration target in 2005 and 2017,

and 2,429,445 national parameter sets were accepted, such that K =2,429,445. While the total

number of accepted national parameter sets was reduced to 2,429,445, the number of accepted

regional parameter sets in each region i remained the same, because all regional parameter sets

were an element of at least one national parameter set.

Uncertainties in the total number of TB- and HIV-related deaths in South Africa are represented

by the accepted national parameter sets, k 2 K as illustrated in Figure 5.1. Figure 5.1 illustrates

the mean, minimum, and maximum of the 2,429,445 model predictions for the yearly number of TB-

and HIV-related deaths in South Africa aggregated over all regions (as calculated in Equation (3.55)

in Section 3.7.2), compared to the national calibration target ranges from GBD 2019 for each year

between 1990 and 2017.

Uncertainties in the yearly TB incidence rates, HIV prevalence rates, and TB- and HIV-related

mortality rates by region are represented by the accepted regional parameter sets k̄ 2 K̄i as illus-

trated in Figure 5.2. Figure 5.2 illustrates the mean, minimum, and maximum ranges of model

predictions for TB incidence rates (as calculated in Equation (3.52) in Section 3.7.2) in the first

column, HIV prevalence rates (as calculated in Equation (3.53) in Section 3.7.2) in the second col-

umn, and TB- and HIV-related mortality rates (as calculated in Equation (3.54) in Section 3.7.2)

in the third column by region i over the accepted regional parameter sets k̄ 2 K̄i, compared to the

corresponding regional calibration target ranges from GBD 2019 for each year from 1990 to 2017.

5.3 Formulation of the Multi-Objective Optimization Approach

This section introduces a multi-objective optimization approach that determines the best com-

binations of care delivery programs to implement by region, given a budget constraint and two
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Figure 5.1: Mean, minimum, and maximum of the predicted model results for the yearly
number of TB- and HIV-related deaths in South Africa over the 2,429,445 accepted national
parameter sets compared to the national calibration target range from GBD 2019 [44] for each

year between 1990 and 2017. Model values are shown in green (circles), and estimates from GBD
2019 are shown in blue (squares). In 2005 and 2017, when we compare model values to national

target calibration ranges, the ranges are emphasized with lines.

objectives. The decision variables considered in the optimization problem are:

ui,p =

8
><

>:

1, if region i implements program p,

0, otherwise

where i 2 I, p 2 P and a solution represents a combination of delivery programs, notated as {ui,p}.

A solution must implement exactly one program in each region as in Equation (5.1). The decision

variables take on the values of zero or one as in Equation (5.2). I identify a set of the solutions

that satisfy both Equation (5.1) and Equation (5.2),
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Figure continued on the next page
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Figure 5.2: Mean, minimum, and maximum model predictions in yearly TB incidence (first
column), HIV prevalence (second column), and TB- and HIV-related mortality (third column)

rates per 100,000 individuals by region over the accepted regional parameter sets compared to the
corresponding regional calibration target ranges from GBD 2019 [44] for each year between 1990
and 2017. Model values are shown in green (circles) and estimates from GBD 2019 are shown in
blue (squares). In 2005 and 2017, when we compare model values to regional target calibration

ranges, the ranges are emphasized with lines.
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X

p2P
ui,p = 1 8i 2 I (5.1)

ui,p 2 {0, 1} 8i 2 I, p 2 P (5.2)

as S. We evaluate each solution {ui,p} 2 S against a budget constraint and two objectives. We

use health outcomes and cost projections summarised in Section 5.3.1 and Table 5.2 to estimate

a cost function and two objective functions for each solution {ui,p} 2 S. The budget constraint

and two objectives consider uncertainties in program health outcomes and costs across all accepted

national parameter sets, notated as k 2 K = {1, . . . , k, . . . ,K}.

Section 5.3.1 provides the notation for the projected health outcomes and program costs that

are used to quantify the two objective functions and program cost function used in the multi-

objective optimization approach. Section 5.3.2 describes how we estimate the total cost function

for each solution {ui,p} 2 S and evaluate if there is su�cient evidence to say that a solution

meets the budget constraint. Section 5.3.3 and Section 5.3.4 describe how we estimate the two

objective functions for each solution {ui,p} 2 S. Section 5.3.5 describes how we determine if there

is su�cient evidence to say that a solution is dominated. We also discuss a Pareto optimal solution

with su�cient statistical evidence that it is non-dominated and satisfies the budget constraint.

5.3.1 Projections of Health Outcomes and Costs by Region and Program

The notation for program health outcome and cost metrics used in the multi-objective optimiza-

tion approach is summarised in Table 5.2. To generate these metrics, we run the model with each

accepted regional parameter set k̄ in each region i under each program p, for all k̄ 2 K̄i, i 2 I, p 2 P.

We calculate the TB- and HIV-related mortality rate for each accepted regional parameter set k̄ in

each region i under each program p with Equation (3.54) in Section 3.7.2 in Chapter 3. We calculate

the number of TB- and HIV-related deaths in each region for each accepted regional parameter set

k̄ in each region i under each program p with Equation (3.55) in Section 3.7.2 in Chapter 3. We

calculate the program costs in each region for each accepted regional parameter set k̄ in each region

i under each program p with Equation (3.57) in Section 3.7.2 in Chapter 3.
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As described in Section 5.2, each accepted national parameter set k 2 K is comprised of a general

parameter set and nine regional parameter sets. The projected health outcomes and cost metrics

in region i under program p and national parameter set k in year y, make use of the associated

nine regional health outcomes and costs in Equation (3.54), Equation (3.55) and Equation (3.57).

Notation Description

TB- and HIV-related Mortality

TBHIV mort peri,p,k(y) TB- and HIV-related mortality rate per 100,000 individuals in region i under

program p and national parameter set k in year y, i 2 I, p 2 P, k 2 K
TBHIV mort popi,p,k(y) Population-level TB- and HIV-related deaths in region i under program p

and national parameter set k in year y, i 2 I, p 2 P, k 2 K

Program Costs

Cost popi,p,k(y) Population-level cost of administering ART and TPT in region i under

program p and national parameter set k in year y, i 2 I, p 2 P, k 2 K

Table 5.2: Notation for program health outcomes and cost metrics integrated into the
multi-objective optimization approach.

5.3.2 Budget Constraint

We compare the program cost function against a budget constraint to determine if there is

su�cient evidence to say that a solution meets the budget constraint. The program cost function

represents the total cost of implementing exactly one program in each region during the intervention

period. We approximate the sample mean of the program cost function for the solution {ui,p} with

the K realizations of Cost popi,p,k(y) for each region i and program p under national parameter set

k and values of the decision variables in solution {ui,p} as,

m̂cost

h
{ui,p}, {Cost popi,p,k(y)}

i
=

1

K

X

k2K

0

@
X

i2I

X

p2P

X

y2Y

⇣
ui,p
⌘
Cost popi,p,k(y)

1

A . (5.3)
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Similarly, we approximate the sample variance of the program cost function for the solution

{ui,p} as,

v̂cost
h
{ui,p}, {Cost popi,p,k(y)}

i
=

1

K

X

k2K

 
X

i2I

X

p2P

X

y2Y

⇣
ui,p
⌘
Cost popi,p,k(y)

� m̂cost

h
{ui,p}, {Cost popi,p,k(y)}

i!2

. (5.4)

A solution is said to meet the budget constraint if the probability that the program cost for the

solution {ui,p} is less than a budget of B is greater than the probability of ↵budget. We assume the

cost function takes on a normal distribution. This is a reasonable assumption for a large number of

accepted parameter sets. We evaluate each solution {ui,p} 2 S to determine if it probabilistically

meets the budget constraint using a z-distribution for the mean. Letting z[↵budget] be the z-score

of a one-tailed z-distribution with a tail probability of ↵budget, we can calculate the upper bound

of the confidence interval for the cost function for the solution {ui,p}, represented by the left-hand

side of Equation (5.5). Then we can say that the solution {ui,p} meets the budget constraint if

m̂cost

h
{ui,p}, {Cost popi,p,k(y)}

i
+ z[↵budget]

 
vuut v̂cost

h
{ui,p}, {Cost popi,p,k(y)}

i

K

!
 B. (5.5)

5.3.3 Objective Function 1: TB- and HIV-related Mortality Rate Inequity

The first objective function represents the maximum di↵erence between the TB- and HIV-

related mortality rate in each region and the average TB- and HIV-related mortality rate overall I

regions in the last year Y of the intervention period. We approximate the sample mean of the first

objective function for the solution {ui,p} with the K realizations of TBHIV mort peri,p,k(Y ) as,

m̂obj

1

h
{ui,p}, {TBHIV mort peri,p,k(Y )}

i
=

1

K

X

k2K

 
max
i2I

(
X

p2P

⇣
ui,p
⌘
TBHIV mort peri,p,k(Y )

� 1

I

X

i2I

X

p2P

⇣
u
i,p

⌘
TBHIV mort per

i,p,k
(Y )

)!
. (5.6)

Similarly, we approximate the sample variance of the first objective function for the solution
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{ui,p} as,

v̂obj1

h
{ui,p}, {TBHIV mort peri,p,k(Y )}

i
=

1

K

X

k2K

 
max
i2I

(
X

p2P

⇣
ui,p
⌘
TBHIV mort peri,p,k(Y )

⌘

� 1

I

X

i2I

X

p2P

⇣
ui,p
⌘
TBHIV mort peri,p,k(Y )

)

� m̂obj

1

h
{ui,p}, {TBHIV mort peri,p,k(Y )}

i!2

. (5.7)

5.3.4 Objective Function 2: Total TB- and HIV-related Deaths

The second objective function represents the total (population-level) TB- and HIV-related mor-

tality rate summed over all regions and years during the intervention period. We approximate the

sample mean of the second objective function for the solution {ui,p} with the K realizations of

TBHIV mort popi,p,k(y) as,

m̂obj

2

h
{ui,p}, {TBHIV mort popi,p,k(y)}

i
=

1

K

X

k2K

 
X

i2I

X

p2P

X

y2Y

⇣
ui,p
⌘
TBHIV mort popi,p,k(y)

!
.

(5.8)

Similarly, we approximate the sample variance of the second objective function for the solution

{ui,p} as,

v̂obj2

h
{ui,p}, {TBHIV mort popi,p,k(y)}

i
=

1

K

X

k2K

 
X

i2I

X

p2P

X

y2Y

⇣
ui,p
⌘
TBHIV mort popi,p,k(y)

� m̂obj

2

h
{ui,p}, {TBHIV mort popi,p,k(y)}

i!2

. (5.9)

5.3.5 Probabilistic Dominance and Pareto Optimality

This section defines the concept of probabilistic dominance and Pareto optimality. We assume

the two objective functions take on a normal distribution with the means and variances defined in

Section 5.3.3 and Section 5.3.4. This is a reasonable assumption for a large number of accepted

parameter sets. In this section, we let Fj({ui,p}) denote the two objective functions with subscript
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j 2 {1, 2}. We let m̂obj

j
({ui,p}) and v̂obj

j
({ui,p}) represent the mean and variance for the jth objective

function for solution {ui,p}. For example m̂obj

1 ({ui,p}) = m̂obj

1 [{ui,p}, {TBHIV mort peri,p,k(Y )}].

For each objective function j 2 {1, 2}, we consider solution {ũi,p} to be ”better” than solution

{u0
i,p
} if the probability that the objective function value of {ũi,p} is less than or equal to that of

{u0
i,p
} is at least ↵obj

j
, that is,

P [Fj({ũi,p})  Fj({u0i,p})] � ↵obj

j
. (5.10)

Treating the mean of the objective function j with a z-distribution and letting z[↵obj

j
] be the

z-score of a two-tailed z-distribution with a tail probability of ↵obj

j
, then we say that the solution

{ũi,p} is ”better” than solution {u0
i,p
} on the jth objective function if

m̂obj

j
({ũi,p})� m̂obj

j
({u0i,p}) + z[↵obj

j
]

0

@

s
v̂obj
j

({ũi,p}) + v̂obj
j

(u0
i,p
})

K

1

A  0. (5.11)

We say that a solution is probabilistically dominated if there exists another solution that is ”better”

on both objective functions. We say a solution is probabilistically non-dominated if there does not

exist another solution that probabilistically dominates it.

A solution is Pareto optimal if it satisfies the budget constraint in Equation (5.5) and is prob-

abilistically non-dominated. For each Pareto optimal solution, {ui,p}, and each objective j the

approach returns a confidence interval of ↵obj

j
, where the upper and lower bounds are calculated

as,

m̂obj

j
({ui,p})± z[↵obj

j
]

s
v̂obj
j

({ui,p})
K

. (5.12)

The decision maker can use confidence intervals to determine the uncertainty in objective func-

tion values for each Pareto optimal solution. In addition, if the confidence intervals of an objective

function for two Pareto optimal solutions overlap, it suggests that there is a statistically insignificant

di↵erence in the objective function estimates between the two Pareto optimal solutions.
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5.4 Results of the Multi-Objective Optimization Approach

This section presents the results of the multi-objective optimization approach. Section 5.4.1

provides the projected health and cost impacts of implementing community-based care by region.

Section 5.4.2 provides the statistically valid Pareto optimal solutions.

5.4.1 Regional Impacts of Care Delivery Programs

This section describes projected health outcomes and program costs by region i and program p

over the intervention period from the start of 2018 to the end of 2027. Table 5.3 presents the mean,

minimum, and maximum model predicted values over the accepted regional parameter sets for TB-

and HIV-related mortality rate per 100,000 individuals in the last year of the intervention period

Y , TBHIV mort peri,p,k(Y ) (used to calculate the first objective), the population-level TB- and

HIV-related deaths summed over the 10-year intervention period,
P

y2Y TBHIV mort popi,p,k(y)

(used to calculate the second objective) and population-level program costs summed the 10-year

intervention period,
P

y2Y Cost popi,p,k(y) (used to calculate the cost function), by region i and

program p.

We calculate the incremental health gains by taking the di↵erence between health projections

under standard facility-based ART and TPT care delivery (p = 1) minus health projections under

community-based ART with TPT care delivery (p = 2) for each region i 2 I for each regional

parameter set, k̄ 2 K̄i. Incremental additional costs are calculated by taking the di↵erence between

costs under community-based ART with TPT care delivery (p = 2) minus costs of standard facility-

based ART and TPT care delivery (p = 1) for each region i 2 I for each regional parameter set,

k̄ 2 K̄i.

As shown in Table 5.3, the model projects that implementing the community-based ART with

TPT care delivery program (p = 2) shows the greatest incremental health gains, compared to

standard facility-based ART and TPT care delivery (p = 1) in terms of TB- and HIV-related

mortality rates in Free State (i = 2), KwaZulu-Natal (i = 4) and North-West (i = 8). The

greatest incremental health gains in terms of population-level TB- and HIV-related deaths are seen

in KwaZulu-Natal (i = 4) and Gauteng (i = 3). Table 5.3 also shows that the greatest incremental

additional costs from implementing community-based ART with TPT care delivery program (p = 2)
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instead of standard facility-based ART and TPT care delivery (p = 1) are seen in KwaZulu-Natal

(i = 4) and Gauteng (i = 3). This is due, in part, to Guanteng and KwaZulu-Natal having the

highest populations [44]. However, the model predicts the incremental health gains and additional

costs are, on average, higher in KwaZulu-Natal (i = 4) compared to Gauteng (i = 3) due to higher

projected TB incidence and HIV prevalence rates [44].

5.4.2 Pareto Optimal Solutions

We evaluated 512 solutions, representing all possible combinations of the two programs across

the nine regions (29 = 512). A solution is Pareto optimal if it satisfies the budget constraint in

Equation (5.5) and is probabilistically non-dominated.

We set the budget to 15 billion USD, B = $15 billion over 10 years [89]. We set ↵budget = 0.95.

Thus, a solution meets the budget constraint in Equation (5.5) if the probability that a solution

costs less than 15 billion USD is greater than 95%. Out of the 512 solutions, 195 met the budget

constraint.

A solution is probabilistically dominated as defined in Equation (5.11) if there is a solution that

is better on the two objective functions with a probability of 95% (↵obj

1 = ↵obj

2 = 0.95). A solution

is probabilistically non-dominated if there does not exist another solution that probabilistically

dominates it. Out of the 195 solutions that met the budget constraint, ten are probabilistically

non-dominated.

Figure 5.3 and Table 5.4 present the ten Pareto optimal solutions and illustrate how the Pareto

optimal solutions balance the first objective, inequity in TB- and HIV-related mortality rates be-

tween regions, with the second objective, the total TB- and HIV-related deaths summed over all

regions. If the approach only considered the first objective, TB- and HIV-related mortality rate

inequity, according to the sample mean, then Solution 1 would be the optimal solution. If the

approach only considered the second objective, total TB- and HIV-related deaths, according to the

sample mean, then Solution 5 would be the optimal solution.

In Figure 5.3 and Table 5.4, Solutions 1-5 are highlighted in blue to indicate that these solutions

are non-dominated if we only consider the sample means of the objective functions. Solutions 6-10

are also included because they are non-dominated when considering uncertainty. Figure 5.3 and
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Table 5.4 provide the 95% confidence intervals for the two objective functions as calculated in

Equation (5.12). Overlapping confidence intervals of objective functions for the Pareto optimal

solutions indicate that the di↵erences in objective function values are insignificant. For example,

when considering uncertainties, there is insu�cient statistical evidence that Solution 5 is better

than solutions 4, 8, 9, and 10, as indicated by their overlapping 95% confidence intervals for the

second objective, total TB- and HIV-related deaths.

Table 5.4 provides the decision variable results, indicating that region i implements program

p. For example, under Solution 1, community-based ART with TPT care delivery (p = 2) is

implemented in Free State (i = 2), KwaZulu-Natal (i = 4), and North-West (i = 8). Under

Solution 5, community-based ART with TPT care delivery (p = 2) is implemented in Eastern Cape

(i = 1), Free State (i = 2), KwaZulu-Natal (i = 4), and Northern Cape (i = 7).

Figure 5.3: Illustration of the trade-o↵s of the Pareto optimal solutions, including the sample
means and 95% confidence intervals over the 2,429,445 accepted national parameter sets for the
two objectives with a budget of $15 billion. Solutions 1-5 are highlighted in blue to indicate that

these solutions are non-dominated if we only consider the sample means of the objective
functions. Solutions 6-10 are also included because they are non-dominated when considering 95%

confidence intervals of the objective functions.
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5.5 Discussion

The results illustrate the trade-o↵s of TB- and HIV-related mortality rate inequities between

regions and the total TB- and HIV-related deaths between ten Pareto optimal solutions. The ap-

proach suggests if the decision makers’ only objective is to minimize TB- and HIV-related mortality

rate inequities between regions (objective 1), they should consider implementing community-based

care delivery (p = 2) in Free State (i = 2), KwaZulu-Natal (i = 4), and North-West (i = 8), as

suggested by Solution 1 (see Table 5.4). These regions correspond to the provinces with the highest

projected TB- and HIV-related mortality rates in the last year of the intervention period under

standard facility-based ART and TPT care delivery (p = 1), as indicated in Table 5.3.

The approach suggests if the decision maker’s only objective is to minimize total TB- and

HIV-related deaths, they should consider implementing community-based care delivery (p = 2) in

Eastern Cape (i = 1), Free State (i = 2), KwaZulu-Natal (i = 4) and Northern Cape (i = 7), as

suggested by Solution 5 (see Table 5.4). When comparing Solution 1 to Solution 5, the suggested

program varies in three of the nine regions, including Eastern Cape (i = 1), Northern Cape (i = 7),

and North-West (i = 8). This suggests that while implementing community-based care delivery in

regions with high TB- and HIV-related mortality rates can reduce TB- and HIV-related mortality

rate inequities between regions, it may not result in the minimum number of total TB- and HIV-

related deaths.

Solution 4 balances the two objectives. When comparing Solution 1 to Solution 4, the suggested

program varies in two of the nine regions, including Eastern Cape (i = 1) and Free State (i = 2).

When comparing Solution 5 to Solution 4, the suggested program varies in three of the nine regions,

including Free State (i = 2), Northern Cape (i = 7), and North-West (i = 8). When comparing

Solutions 1, 4, and 5, the suggested program to implement is the same in five of the nine provinces,

including Gauteng (i = 3), KwaZulu-Natal (i = 4), Limpopo (i = 5), Mpumalanga (i = 6), and

Western Cape (i = 9).

None of the Pareto optimal solutions suggest the implementation of community-based care

delivery (p = 2) in Guanteng (i = 3) or Western Cape (i = 9), whereas, nine out of the ten Pareto

optimal solutions suggest implementation of community-based care delivery (p = 2) in KwaZulu-

Natal (i = 4). If the approach only considered the sample means of the objective functions,
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none of the Pareto optimal solutions would suggest the implementation of community-based care

delivery (p = 2) in Limpopo (i = 5), as indicated by Solutions 1-5. However, when considering

uncertainty in objective function values with 95% confidence intervals, Solutions 7 and 10 suggest

the implementation of community-based care delivery (p = 2) in Limpopo (i = 5).

5.6 Conclusion and Future Work

The proposed approach addresses gaps in modeling methods for allocating a national budget

for community-based ART with TPT care delivery to regions. Specifically, we contribute to the

development of approaches to budget allocation for regional TB and HIV care delivery programs

that: consider regional di↵erences and allow for regional implementation of community-based ART

with TPT care delivery, balance equity and e↵ectiveness objectives, and consider uncertainties in

health outcomes and costs.

Allowing for the implementation of programs by regions could enhance health outcomes while

remaining within a fixed national budget. In order to represent regional di↵erences, we calibrate

parameters to three regional calibration targets in each region. Figure 5.2 illustrates how projections

reflect regional di↵erences in TB incidence, HIV prevalence, and TB- and HIV-related mortality

rates across the nine South African provinces. Capturing the impacts of the two candidate care

delivery programs in each region (see Table 5.3) enables us to explore which regions should be

prioritized for community-based ART with TPT care delivery.

The two objective functions balance equity and e↵ectiveness of TB- and HIV-related health

outcomes. The trade-o↵s captured by the multi-objective approach are illustrated in Figure 5.3

and highlight the extremes as well as the balanced solution. The ten Pareto optimal solutions

give di↵erent implementations by region, and can be considered in conjunction with other factors

relevant to decision makers that are not captured by the modeling approach (e.g., practicalities and

political pressures) [85].

The uncertainties in model projections are captured by estimating the sample means and sample

variances of the two objective functions and using statistical tests to determine if a solution is prob-

abilistically non-dominated. Instead of solely relying on sample means and considering Solutions

1-5, this approach provides information to decision makers to consider the additional Solutions 6-10,
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which are probabilistically non-dominated as indicated by the overlapping confidence intervals in

Figure 5.3.

Stakeholder participation is crucial in the model design and budget allocation process. Clear

and reasonable assumptions must be made for the models to be relevant to stakeholders and their

needs. We made several simplifying assumptions. We assume no immigration and emigration

between regions. We assumed that community-based ART with TPT care would immediately

impact ART coverage and TPT initiation rates and could be sustained over ten years. We did

not consider programs that allowed partial implementation of community-based care delivery in a

province. For simplicity, we do not account for the reduced risk of infection and re-infection while

on TPT. This might be particularly important to account for when the TPT course is longer than

six months.

Several important future research directions might be worth investigating to address the limi-

tations of the proposed approach. When dealing with a fast-spreading disease (e.g., Ebola), it may

not be reasonable to assume that there is no movement of people between regions. It would be

interesting to extend the model to relax this assumption and still keep the model computationally

tractable for application to fast-spreading diseases. To improve the applicability of the model, it

would be interesting to explore modifications to the model that allow for partial implementation of

community-based care delivery in a province and consider ramp-up overtime of increased coverage.
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Region Standard
facility-based ART

and TPT care
delivery (p = 1)

Community-
based ART with

TPT care
delivery (p = 2)

Community-based
vs. facility-based

care delivery

TB- and HIV-related mortality rate, per 100,000 individuals
in region i under program p in the last year of the intervention period

Incremental
Health Gains

Eastern Cape (i = 1) 510 [375, 740] 269 [155, 498] 241 [ 162, 302]
Free State (i = 2) 600 [455, 743] 319 [190, 503] 281 [ 216, 339]
Gauteng (i = 3) 331 [225, 557] 164 [ 80, 393] 167 [ 111, 247]
KwaZulu-Natal (i = 4) 607 [377, 883] 307 [133, 613] 301 [ 177, 405]
Limpopo (i = 5) 370 [275, 499] 199 [116, 318] 171 [ 98, 223]
Mpumalanga (i = 6) 522 [321, 775] 280 [110, 543] 242 [ 147, 342]
Northern Cape (i = 7) 479 [330, 583] 291 [151, 427] 188 [ 128, 227]
North-West (i = 8) 605 [378, 802] 323 [144, 575] 282 [ 188, 358]
Western Cape (i = 9) 245 [197, 351] 124 [ 85, 214] 121 [ 88, 358]

Population-level TB- and HIV-related deaths in thousands
in region i under program p summed over all years in the intervention period

Incremental
Health Gains

Eastern Cape (i = 1) 188 [138, 273] 113 [ 70, 197] 75 [ 49, 95]
Free State (i = 2) 101 [ 76, 125] 61 [ 39, 90] 40 [ 30, 49]
Gauteng (i = 3) 317 [215, 538] 182 [ 99, 405] 136 [ 88, 201]
KwaZulu-Natal (i = 4) 383 [237, 558] 222 [109, 414] 161 [ 93, 220]
Limpopo (i = 5) 114 [ 89, 154] 69 [ 43, 107] 45 [ 25, 62]
Mpumalanga (i = 6) 144 [ 89, 214] 88 [ 40, 161] 56 [ 33, 81]
Northern Cape (i = 7) 40 [ 27, 48] 27 [ 15, 38] 13 [ 9, 16]
North-West (i = 8) 125 [ 77, 167] 76 [ 72, 80] 49 [ 48, 50]
Western Cape (i = 9) 93 [ 76, 133] 55 [ 39, 90] 38 [ 27, 55]

Population-level program costs in millions of USD
in region i under program p summed over all years in the intervention period

Incremental
Additional Costs

Eastern Cape (i = 1) 1,390 [ 984, 1,783] 2,172 [1,528, 2,813] 782 [ 544, 1,031]
Free State (i = 2) 634 [ 459, 745] 995 [ 713, 1,171] 361 [ 255, 425]
Gauteng (i = 3) 2,975 [2,012, 3,552] 4,748 [3,200, 5,666] 1,773 [1,164, 2,114]
KwaZulu-Natal (i = 4) 3,128 [2,050, 3,803] 4,946 [3,221, 6,032] 1,818 [1,145, 2,135]
Limpopo (i = 5) 817 [ 530, 1,050] 1,288 [ 833, 1,654] 471 [ 303, 605]
Mpumalanga (i = 6) 1,187 [ 801, 1,579] 1,885 [1,254, 2,523] 698 [ 454, 944]
Northern Cape (i = 7) 175 [ 112, 239] 274 [ 172, 376] 99 [ 60, 137]
North-West (i = 8) 730 [ 465, 949] 1,167 [ 726, 1,523] 437 [ 261, 577]
Western Cape (i = 9) 838 [ 607, 1,058] 1,295 [ 930, 1,638] 457 [ 324, 579]

Table 5.3: Projected regional health TB- and HIV-related mortality rates per 100,000
individuals, population-level TB- and HIV-related deaths and program costs by program. Values
are the mean, minimum, and maximum values over the accepted regional parameter sets. We
compare community-based to standard facility-based ART and TPT care delivery for each

accepted regional parameter set and present health gains and additional costs.
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Chapter 6

CONCLUSION AND FUTURE RESEARCH

This dissertation focuses on practical approaches that address challenges for decision making in

health care related to managing infectious diseases. The approaches address challenges including:

(1) dynamics and uncertainties in demand, supply, and health outcomes, (2) multiple objectives,

and (3) unique vulnerabilities of populations. To address these challenges, I presented approaches

that integrate mathematical optimization, dynamic transmission compartmental modeling, and

statistical methodologies to manage infectious diseases. The approaches are applied to three real-

istic applications, including inventory and order management for multiple healthcare commodities

and populations during an infectious disease outbreak; policy analysis of tuberculosis (TB) and

HIV health care program interventions in KwaZulu-Natal, South Africa; and budget allocation to

regional TB and HIV health care programs across the nine provinces of South Africa.

In Chapter 2, an inventory and order management optimization model for multiple healthcare

commodities and populations is introduced. This chapter describes the unique challenges, decisions,

and objectives of a healthcare inventory and order management role during a pandemic identified

through collaborations with several organizations managing inventory for healthcare commodities

during the COVID-19 pandemic. For instance, the model addresses challenges in managing uncer-

tainties in demand and supply over time. The model accounts for the uncertainty of demand and

supply over time through chance constraints. Uncertainty in lead times is considered through a

discretized probability distribution to project incoming orders. When new information unexpect-

edly arises, the model is designed to support agile and collaborative decision making in that it

can support quick adaptations of decisions that account for the rippling e↵ects of these decisions.

The model considers multiple objectives that balance the impacts of delays and substitutions of

healthcare commodities against supply, budgeting, and warehouse constraints. The dispropor-

tionate impact of delays and substitutions of healthcare commodities on vulnerable populations

is accounted for with the use of a new Healthcare Commodity Metric that quantifies the relative
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consequences of delays and substitutions on various populations and commodities using suitability-

and criticality-based inputs.

In future research, it would be interesting to extend the model to account for dynamic pricing

as demand and supply constantly change. Additionally, it would be interesting for the model to

consider the implications of reusing commodities and shipping costs, which are excluded to keep

the model linear. To further reduce decision-making silos, a model extension that integrates other

supply chain management functions (e.g., final-mile distribution) would be beneficial.

In Chapter 3, I introduce two versions of a dynamic transmission compartmental model of

TB and HIV disease progression. The two versions of the dynamic transmission compartmental

model were built in collaboration with epidemiologists and account for the implications of TB

and HIV co-infection by gender and the implications of TB drug resistance. The two versions of

the dynamic transmission compartmental model are designed to test the impacts of varying levels

of antiretroviral therapy (ART) and TB preventative therapy (TPT) uptake. These models can

be used to project health outcomes such as TB incidence, HIV prevalence, TB- and HIV-related

mortality, disability-adjusted life years (DALYs), and program costs.

However, these models have their limitations. The first version of the model considers the

reduced risk of infection while on TPT, but the parameters that represent the impacts of TPT on

reduced risk of developing active TB are di�cult to estimate at the regional level. As a result,

it would be challenging to apply the first version of the model across regions. To overcome this

challenge, the second version of the model was modified to allow for better generalizability across

regions; however, for simplicity, it does not consider the reduced risk of infection while on TPT.

We recommend developing a future model that considers both factors.

Chapter 4 evaluates the impact of community-based care delivery of ART and TPT in KwaZulu-

Natal, South Africa, among 100,000 adults, ages 15-59, in KwaZulu-Natal, South Africa. The

dynamic transmission model of TB and HIV transmission and disease progression presented in

Chapter 3 (version one) is used to project health outcomes with inputs that are based on findings

from the DO ART trial [16] and scientific literature. The model is calibrated over 34 parameters and

is used to identify a range of accepted parameter sets that meet 20 calibration targets that represent

ten TB- and HIV-related health outcomes across two years from GBD 2019 [44]. To represent
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uncertainties, projections of TB- and HIV-related health outcomes and costs are provided across

the accepted parameter sets. The policy analysis provides cost-e↵ectiveness rations to provide the

trade-o↵s of health gains and additional costs under community-based and standard facility-based

ART with TPT care delivery programs. It also provides insights into how community-based care

delivery programs can reduce gender disparities in health outcomes and the indirect benefits of

these programs on the HIV negative population, compared to standard facility-based care delivery

programs.

In future research, it would be beneficial to test multiple scenarios that account for a ramp-up

period where the programs do not take full e↵ect immediately. Additionally, it would be helpful

to test realistic scenarios where ART coverage and TPT initiation fluctuate over time instead of

assuming sustained programs over ten years. This type of scenario testing may be critical if a

decision-maker wants to evaluate the program’s impacts over an intervention period of more than

ten years.

Chapter 5, introduces an optimal budget allocation approach to regional TB and HIV care

delivery programs. The TB and HIV dynamic transmission compartmental model presented in

Chapter 3 (version two) is used to capture the dynamics and uncertainties of TB- and HIV-related

deaths in each of the nine regions of South Africa under two care delivery programs. The model

accounts for uncertainties in TB- and HIV-related health outcomes by identifying a range of pa-

rameter sets that meet regional and national calibration targets over two years. Uncertainties in

model projections are quantified by estimating the mean and variance of objective functions and

cost function across the set of accepted parameter sets identified through calibration. The approach

considers two objectives that balance equity and e↵ectiveness of TB- and HIV-related health out-

comes against a budget constraint. The first objective function represents inequity in TB- and

HIV-related mortality rates between regions. The second objective function is the total TB- and

HIV-related deaths summed over all regions. The approach uses statistical tests with the estimated

means and variances of the two objective function to evaluate if a solution is probabilistically

dominated. The budget constraint captures the risk of exceeding a national budget.

In future research, the approach could be applied to various infectious diseases and locations. It

is crucial that any new applications involve stakeholders in the development of the budget allocation
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design. The models should be based on clear and reasonable assumptions to meet stakeholders’

needs. To improve the approach’s applicability to fast-spreading diseases (e.g., Ebola), it would

be interesting to extend the model to allow for the movement of infections between regions. To

further prioritize vulnerable populations, it would be interesting to explore extensions that allow

for partial implementation of community-based care delivery in a province that targets high risk

populations.

The research outlined in this dissertation o↵ers practical decision support to address the unique

challenges faced by decision makers and stakeholders in the management of infectious diseases.

This research paves the way for more e↵ective, practical, and equitable approaches to improve

outcomes.
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[102] C. Özlem and I.E. Büyüktahtakın. Stochastic dynamic resource allocation for HIV prevention

and treatment: An approximate dynamic programming approach. Computers & Industrial

Engineering, 118:423–439, 2018. https://doi.org/10.1016/j.cie.2018.01.018.



193

[103] D.J. Pepper, M. Schomaker, R J. Wilkinson, V. de Azevedo, and G. Maartens. Independent

predictors of tuberculosis mortality in a high HIV prevalence setting: a retrospective cohort

study. AIDS Res Ther, 12(1):1–9, 2015.

[104] A.N. Phillips, V. Cambiano, L. Johnson, F. Nakagawa, R. Homan, G. Meyer-Rath, T. Rehle,

F. Tanser, S. Moyo, and M. Shahmanesh. Potential impact and cost-e↵ectiveness of

condomless-sex–concentrated prep in kwaZulu-Natal accounting for drug resistance. The

Journal of infectious diseases, 223(8):1345–1355, 2021.

[105] A. Polater. Dynamic capabilities in humanitarian supply chain management: A systematic

literature review. Journal of humanitarian logistics and supply chain management, 11(1):46–

80, 2021.

[106] N. Privett and D. Gonsalvez. The top ten global health supply chain issues: Per-

spectives from the field. Operations Research for Health Care, 3(4):226–230, 2014.

https://doi.org/10.1016/j.orhc.2014.09.002.

[107] M.M. Queiroz, D. Ivanov, A. Dolgui, and S. Fosso Wamba. Impacts of epidemic outbreaks

on supply chains: mapping a research agenda amid the COVID-19 pandemic through a

structured literature review. Annals of Operations Research, pages 1–38, 2022.

[108] N.A.A. Rahman, A. Ahmi, L. Jraisat, and A. Upadhyay. Examining the trend of humanitarian

supply chain studies: pre, during and post covid-19 pandemic. Journal of Humanitarian

Logistics and Supply Chain Management, (ahead-of-print), 2022.

[109] M. Rangaka, R. Wilkinson, A. Boulle, J. Glynn, K. Fielding, G. Van Cutsem, K.A Wilkinson,

R. Goliath, S. Mathee, and E. Goemaere. Isoniazid plus antiretroviral therapy to prevent

tuberculosis: a randomised double-blind, placebo-controlled trial. The Lancet, 384(9944):682–

690, 2014.

[110] M.L. Ranney, V. Gri↵eth, and A.K. Jha. Critical Supply Shortages—the Need for Ventilators

and Personal Protective Equipment during the Covid-19 Pandemic. New England Journal of

Medicine, 382(18):e41, 2020. https://doi.org/10.1056/NEJMp2006141.



194

[111] D.W. Rao, C.J. Bayer, G. Liu, A. Chikandiwa, M. Sharma, C L. Hathaway, N. Tan, N. Mugo,

and R.V. Barnabas. Modelling cervical cancer elimination using single-visit screening and

treatment strategies in the context of high HIV prevalence: estimates for KwaZulu-Natal,

South Africa. J Int AIDS Soc, 25(10):e26021, 2022. https://doi.org/10.1002/jia2.26021.

[112] C. Rawls and M. Turnquist. Pre-positioning of emergency supplies for disas-

ter response. Transportation research part B: Methodological, 44(4):521–534, 2010.

https://doi.org/10.1016/j.trb.2009.08.003.

[113] A. Rehman, S. Mian, M. Usmani, Yusuf Sand Abidi, and M.K. Mohammed. Modelling and

analysis of hospital inventory policies during covid-19 pandemic. Processes, 11(4):1062, 2023.

[114] Restart Partners. About Restart Partners. 2020. Retrieved February 3, 2022, from

https://www.restart.us/about.

[115] M.S. Roni, M. Jin, and S.D. Eksioglu. A hybrid inventory management sys-

tem responding to regular demand and surge demand. Omega, 52:190–200, 2015.

https://doi.org/10.1016/j.omega.2014.05.002.

[116] J.M. Ross, A. Badje, M.X. Rangaka, A. Walker, A.E. Shapiro, K.K. Thomas, X. Anglaret,

S. Eholie, D. Gabillard, A. Boulle, M. Gary, R.J. Wilkinson, N. Ford, J E. Golub, B.G.

Williams, and R.V. Barnabas. Isoniazid preventive therapy plus antiretroviral therapy for

the prevention of tuberculosis: a systematic review and meta-analysis of individual participant

data. The Lancet HIV, 8(1):e8–e15, 2021. https://doi.org/10.1016/S2352-3018(20)30299-X.

[117] J.M. Ross, C. Greene, C. Bayer, D W. Dowdy, A. Van Heerden, J. Heitner, D W. Rao,

D.A. Roberts, A E. Shapiro, Z.B. Zabinsky, and R.V. Barnabas. Preventing tuberculosis

with community-based care in an HIV-endemic setting: a modeling analysis. medRxiv, pages

2023–08, 2023.

[118] J.M. Ross, R. Ying, C L. Celum, J.M. Baeten, K K. Thomas, P M. Murnane, H. Van Rooyen,

J.P. Hughes, and R.V. Barnabas. Modeling HIV disease progression and transmission at

population-level: The potential impact of modifying disease progression in HIV treatment

programs. Epidemics, 23:34–41, 2018. https://doi.org/10.1016/j.epidem.2017.12.001.



195

[119] B. Rottkemper, K. Fischer, A. Blecken, and C. Danne. Inventory relocation for overlapping

disaster settings in humanitarian operations. OR Spectrum, 33(3):721–749, 2011.

[120] M. Rozhkov, D. Ivanov, J. Blackhurst, and A. Nair. Adapting supply chain operations in

anticipation of and during the COVID-19 pandemic. Omega, 110:102635, 2022.

[121] M. Sahu, C.J. Bayer, D.A. Roberts, H. van Rooyen, A. van Heerden, M. Shahmanesh, S. Asi-

imwe, K. Sausi, N. Sithole, R. Ying, et al. Population health impact, cost-e↵ectiveness, and

a↵ordability of community-based HIV treatment and monitoring in South Africa: A health

economics modelling study. PLOS Global Public Health, 3(9):e0000610, 2023.

[122] Salt Lake Chamber. PPE Resources For Small Businesses. 2020. Retrieved February

3, 2022, from https://slchamber.com/wp-content/uploads/2020/05/PPE-Resources-

for-Small-Businesses.pdf?fbclid=IwAR2z02SmE3Xm-8cKJiy0riyVjTzB4oPBjRPFRmb-

QsVkq65DRMdTWq1EbPk.

[123] T. Sawik. Stochastic optimization of supply chain resilience under ripple e↵ect: A COVID-19

pandemic related study. Omega, 109:102596, 2022.

[124] S. Sensalire, K.K.N. Esther, J. Nabwire, A. Lawino, D. Kiragga, M. Muhire, H. Kadama,

C. Katureebe, P. Namuwenge, J. Musinguzi, J. Calnan, and D. Seyoum. A prospective

cohort study of outcomes for isoniazid prevention therapy: a nested study from a national QI

collaborative in Uganda. AIDS Res Ther, 17(1):1–8, 2020. https://doi.org/10.1186/s12981-

020-00285-0.

[125] E. Settanni, T.S. Harrington, and J.S. Srai. Pharmaceutical supply chain models: A Synthesis

from a Systems View of Operations Research. Operations Research Perspectives, 4:74–95,

2017.

[126] H. Shin, S. Park, E. Lee, and W.C. Benton. A classification of the literature on the planning

of substitutable products. European Journal of Operational Research, 246(3):686–699, 2015.

https://doi.org/10.1016/j.ejor.2015.04.013.



196

[127] M. Shokouhifar and M. Ranjbarimesan. Multivariate time-series blood donation/demand fore-

casting for resilient supply chain management during COVID-19 pandemic. Cleaner Logistics

and Supply Chain, 5:100078, 2022.

[128] J. Silva, A. Claudia, and M. Leonardo. Siloed perceptions in pharmaceutical supply chain

risk management: A Brazilian perspective. Latin American Business Review, 2020. 1–32.

[129] L. Simbayi, K. Zuma, N. Zungu, S. Moyo, E. Marinda, S. Jooste, M. Mabaso, S. Ram-

lagan, A. North, J. Van Zyl, and N. Mohlabane. South African national HIV preva-

lence, incidence, behaviour and communication survey, 2017: towards achieving the

UNAIDS 90-90-90 targets. Human Sciences Research Council, 2019. Available from

https://www.hsrc.ac.za/uploads/pageContent/9234/SABSSMV

Impact Assessment Summary ZA ADS cleared PDFA4.pdf.

[130] K. Soetaert, T. Petzoldt, and R.W. Setzer. Solving di↵erential equations in r: package desolve.

J of statistical software, 33:1–25, 2010.

[131] South Africa National Department of Health. South Africa master health product list, 2021.

available at http://www.health.gov.za/tenders/.

[132] M. Stein. Large sample properties of simulations using latin hypercube sampling. Techno-

metrics, 29(2):143–151, 1987.

[133] R.M. Stuart, L. Grobicki, H. Haghparast-Bidgoli, J. Panovska-Gri�ths, J. Skordis, O. Keiser,

J. Estill, Z. Baranczuk, S L. Kelly, I. Reporter, and et al. How should HIV resources be allo-

cated? lessons learnt from applying optima HIV in 23 countries. J Int AIDS Soc, 21(4):e25097,

2018. https://doi.org/10.1002/jia2.25097.

[134] A.B. Suthar, S.D. Lawn, J. Del Amo, H. Getahun, C. Dye, D. Sculier, T.R. Sterling, R.E.

Chaisson, B G. Williams, and A.D. Harries. Antiretroviral Therapy for Prevention of Tu-

berculosis in Adults with HIV: A Systematic Review and Meta-Analysis. PLOS, 2012.

https://doi.org/10.1371/journal.pmed.1001270.



197

[135] A.B. Suthar, S.D. Lawn, J. Del Amo, H. Getahun, C. Dye, D. Sculier, T.R. Sterling, R.E.

Chaisson, B.G. Williams, and A D. Harries. Antiretroviral Therapy for Prevention of Tu-

berculosis in Adults with HIV: A Systematic Review and Meta-Analysis. PloS one, page

e1001270, 2012. https://doi.org/10.1371/journal.pmed.1001270.

[136] M. Takamiya, K. Takarinda, S. Balachandra, M. Godfrey, E. Radin, A. Hakim, M. Pearson,

R. Choto, C. Sandy, and T. Maphosa. Isoniazid preventive therapy use among adult people

living with HIV in zimbabwe. International journal of STD & AIDS, 32(11):1020–1027, 2021.

[137] Temprano ANRS 12136 Study Group. A trial of early antiretrovirals and iso-

niazid preventive therapy in Africa. N Engl J Med, 373(9):808–822, 2015.

https://doi.org/10.1056/NEJMoa1507198.

[138] R.H. Teunter and S. Kuipers. Inventory control with demand substitution: new insights from

a two-product economic order quantity analysis. Omega, 113:102712, 2022.

[139] The Centers for Disease Control and Prevention (CDC). Maintaining Essential Health Ser-

vices During COVID-19 in Low Resource, Non U.S. Settings. 2020. Retrieved February

3, 2022, from https://www.cdc.gov/coronavirus/2019-ncov/global-covid-19/essential-health-

services.html.

[140] The Federal Emergency Management Agency (FEMA). National Incidence Management Sys-

tem. 2017. Retrieved February 3, 2022, from https://www.fema.gov/sites/default/files/2020-

07/fema nims doctrine-2017.pdf.

[141] The Federal Emergency Management Agency (FEMA). Pandemic Response to Coronavirus

Disease 2019 (COVID-19): Initial Assessment Report. 2021. Retrieved February 3, 2022,

from https://www.fema.gov/sites/default/files/documents/fema covid-19-initial-assessment-

report 2021.pdf.

[142] The Joint United Nations Programme on HIV/AIDS (UNAIDS). UNAIDS Data. The

Joint United Nations Programme on HIV/AIDS (UNAIDS), 2021. Available from

https://www.unaids.org/en/resources/documents/2021/2021 unaids data.



198

[143] The World Health Organization (WHO). Coronavirus disease (COVID-19) tech-

nical guidance: Essential resource planning. 2020. Retrieved February 3,

2022, from https://www.who.int/emergencies/diseases/novel-coronavirus-2019/technical-

guidance/covid-19-critical-items.

[144] The World Health Organization (WHO). Rational use of personal protective equipment for

coronavirus disease (COVID-19) and considerations during severe shortages. 2020. Retrieved

February 3, 2022, from https://www.who.int/publications/i/item/rational-use-of-personal-

protective-equipment-for-coronavirus-disease-(covid-19)-and-considerations-during-severe-

shortages.

[145] D. Thompson and R. Anderson. The COVID-19 response: considerations for future human-

itarian supply chain and logistics management research. Journal of Humanitarian Logistics

and Supply Chain Management, 2021. https://doi.org/10.1108/JHLSCM-01-2021-0006.

[146] T. Tirivangani, B. Alpo, D. Kibuule, J. Gaeseb, and B.A. Adenuga. Impact of

COVID-19 pandemic on pharmaceutical systems and supply chain–a phenomenologi-

cal study. Exploratory Research in Clinical and Social Pharmacy, 2:100037, 2021.

https://doi.org/10.1016/j.rcsop.2021.100037.

[147] S. Tofighi, S. Torabi, and S. Ali-Mansouri. Humanitarian logistics network design un-

der mixed uncertainty. European Journal of Operational Research, 250(1):239–250, 2016.

https://doi.org/10.1016/j.ejor.2015.08.059.

[148] K.H. Tram, F. Mwangwa, G. Chamie, M. Atukunda, A. Owaraganise, J. Ayieko, V. Jain,

T.D. Clark, D. Kwarisiima, M.L. Petersen, et al. Predictors of isoniazid preventive therapy

completion among HIV-infected patients receiving di↵erentiated and non-di↵erentiated HIV

care in rural Uganda. AIDS care, 32(1):119–127, 2020.

[149] UNICEF and World Health Organization. Framework for operations and implementation

research in health and disease control programs. World Health Organization, 2008.

[150] United Way for Southeastern Michigan. United Way launches e↵ort to provide personal

protective equipment to child care workers and families of essential workers. 2020. Retrieved



199

February 3, 2022, from https://unitedwaysem.org/press/united-way-launches-e↵ort-

to-provide-personal-protective-equipment-to-child-care-workers-and-families-of-essential-

workers/.

[151] R. Uthayakumar and S. Priyan. Pharmaceutical supply chain and inventory management

strategies: Optimization for a pharmaceutical company and a hospital. Operations Research

for Health Care, 2(3):52–64, 2013. https://doi.org/10.1016/j.orhc.2013.08.001.

[152] F. Van Leth, M J. Van der Werf, and M W. Borgdor↵. Prevalence of tuberculous infection

and incidence of tuberculosis; a re-assessment of the Styblo rule. Bulletin of the World Health

Organization, 86(1):20–26, 2008.

[153] S. Verver, R.M. Warren, N. Beyers, M. Richardson, G.D. Van Der Spuy, M.W. Borgdor↵, D.A.

Enarson, M.A. Behr, and P.D. Van Helden. Rate of reinfection tuberculosis after successful

treatment is higher than rate of new tuberculosis. American J of Respiratory and Critical

Care Medicine, 171(12):1430–1435, 2005. https://doi.org/10.1164/rccm.200409-1200OC.

[154] A.R. Vila-Parrish, J.S Ivy, E. King, and S.R. Abel. Patient-based pharmaceutical inven-

tory management: a two-stage inventory and production model for perishable products with

markovian demand. Health Systems, 1(1):69–83, 2012.

[155] E. Vynnycky and P E. Fine. The natural history of tuberculosis: the implications of age-

dependent risks of disease and the role of reinfection. Epidemiology & Infection, 119:183–201,

1997.

[156] D. Wang, K. Yang, L. Yang, and J. Dong. Two-stage distributionally robust optimization for

disaster relief logistics under option contract and demand ambiguity. Transportation Research

Part E: Logistics and Transportation Review, 170:103025, 2023.

[157] Washington Global Health Alliance. Final Mile Event: Kicking o↵ a US chap-

ter of the International Association of Professional Health Logisticians (IAPHL)

and the COVID-19 work of Restart Partners. 2020. Retrieved February 3, 2022,



200

from https://www.wghalliance.org/event/final-mile-event-kicking-o↵-a-us-chapter-of-the-

international-association-of-professional-health-logisticians-iaphl-and-the-covid-19-work-of-

restart-partners/.

[158] B.G. Williams, R. Granich, K.M. De Cock, P. Glaziou, A. Sharma, and C. Dye. Antiretro-

viral therapy for tuberculosis control in nine african countries. National Acad Sciences,

107(45):19485–19489, 2010. https://doi.org/10.1073/pnas.100566010.

[159] World Health Organization. Global tuberculosis report, 2020. full report: https://www.

who.int/teams/global-tuberculosis-programme/tb-reports.

[160] V.S. Yadavalli, D.K. Sundar, and S. Udayabaskaran. Two substitutable perishable prod-

uct disaster inventory systems. Annals of Operations Research, 233(1):517–534, 2015.

https://doi.org/10.1007/s10479-014-1783-3.
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