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ABSTRACT

SAGAR SATYANARAYANA. TOWARDS ENDING THE HIV EPIDEMIC ONE
COUNTY AT A TIME
An Evaluation Framework for Subcounty-level Usage of Pre-exposure Prophylaxis
for Exposing Disparities and Guiding Targeted Interventions. (Under the direction
of DR. GABRIEL ZENAROSA)

About 1.1 million Americans were living with HIV in 2019 with total lifetime cost
to treat a single person with an HIV infection estimated to be around $501,000. Huge
disparities in new HIV incidences exists between different geographic and demographic
groups, with Southern US accounting for about 52% and men accounting for 79.2% of
all new cases in the country. In February 2019, “Ending the HIV Epidemic: A Plan for
the United States” was proposed, with pre-exposure prophylaxis (PrEP) being a major
component of the prevention strategy. PrEP, a pill taken daily by mouth, contains
antiretroviral drugs and is highly effective in preventing acquisition of HIV. Despite
the fact that PrEP coverage in the US improved from 9% in 2016 to 18% in 2018,
huge disparities in PrEP prescriptions exists in different geographic, racial /ethnic and
age groups. Existing metrics to measure PrEP coverage like the PrEP-to-need ratio,
defined as the ratio of number of patients with at least one day of PrEP prescription
in a year to new HIV cases overestimates PrEP coverage. Moreover, previous studies
conducted at the national and state levels often fail to capture disparities in PrEP
use within the county and cannot be used by county public health officials to conduct
targeted interventions.

In this dissertation I develop an evaluation framework for HIV prevention using
novel metric bounds encompassing PrEP patient, and pills count for measuring PrEP
usage at subcounty level, as well as an evaluation framework to quantify the effects of
Public Health Interventions (PHIs) on PrEP usage. Pharmacy claims data for PrEP
along with HIV incidences and census data for Mecklenburg County from 20132019

will be used in the analysis. The following specific aims are followed to accomplish this
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objective: Aim 1: Aggregate ZIP codes to avoid potential patient re-identification,
Aim 2: Establish a novel bounds for the likely PrEP-to-need ratio in different geo-
graphic and demographic groups, and Aim 3: Evaluate the influence of G2Z-MC on
monthly PrEP users.

The 29 ZIP codes in Mecklenburg County were aggregated into 13 geographically
adjacent ZIP code groups to avoid the risk of potential patient re-identification. From
2013 to 2019, there were 2,045 PrEP patients and 466,525 PrEP pills dispensed in
Mecklenburg county. The population-adjusted PrEP patients per 100,000 increased
from 5.64 to 106.39 and pills dispensed increased from 3,609 to 187,050. The over-
all [dose adjusted PrEP-to-need ratio (daPnR), PrEP-to-need ratio (PnR)| range
increased from [0.0578, 0.3275| to [2.1176, 4.9628|. The [daPnR, PnR] ratio range in-
creased from [0.053, 0.5] to [0.717, 2.09] for females and from [0.059, 0.285] to [2.429,
5.601] for male. Patients aged > 45 years had a notable increase in [daPnR, PnR]
ratio range from [0.079, 0.458]| to [3.56, 6.649]. The ZIP code group containing main
campuses of the two largest Mecklenburg County hospitals and a specialty pharmacy
had a notable increase in [daPnR, PnR| ratio range from [0.275, 2.5] to [10.236, 22.67].
The G2Z-MC intervention had a significant gradual effect of about nine PrEP patients
every month.

PnR and daPnR ratios increased from 2013 to 2019. However, female patients, aged
< 24 years, or belonging to certain ZIP code groups are underserved. Our results
indicate the need for focused efforts to make PrEP more accessible for underserved
populations. The results of this dissertation quantified and identified opportunities
for improvement in PrEP use within Mecklenburg County in different geographic and
demographic groups. This study also establishes a framework to evaluate the effects
of Public Health Interventions (PHIs) on PrEP usage in Mecklenburg County. This
work can be extended to other counties and will also provide a foundation to conduct

similar studies for other emerging infectious diseases.
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CHAPTER 1: INTRODUCTION

At the end of 2019, about 1.1 million Americans live with HIV [1, 2|. Since 2013,
the number of new HIV infections each year in the United States (US) has remained
stagnant at around 38,000 |1, 3|, with an estimated lifetime cost of $501,000 to treat
a single patient with HIV [4, 5]. In addition, huge disparities in HIV incidences
and prevalence exist in different geographic and demographic subgroups, with the
Southern US accounting for 52.6% of new infections and about 79.2% of new infections
in men in 2019 [1]. Figure 1.1 and Figure 1.2 show the HIV incidences and prevalence
in the US by region, sex, and age groups respectively.

In 2019, a new federal initiative, “Ending the HIV Epidemic: A Plan for America”
was proposed with an overall objective to reduce new HIV infections by 90% by 2030
[2, 6]. The plan calls for (i) diagnosing 95% of persons living with HIV and 95% of
those diagnosed to have suppressed viral loads; and, (i7) 50% of all persons at risk of
contracting HIV to be being prescribed PrEP. The plan calls for intensified efforts to
diagnose, treat, and prevent HIV infections in the US, with pre-exposure prophylaxis
(PrEP) being a major component of the prevention strategy [3].

PrEP, a pill taken daily by mouth, contains antiretroviral drugs and is highly ef-
fective in preventing the acquisition of HIV [7, 8, 9, 10, 11|. The Food and Drug
Administration (FDA) currently approves of two drugs to be used for PrEP [7]. The
combination of tenofovir disoproxil fumarate (TDF) and emtricitabine (FTC) was ap-
proved for PrEP by the FDA in 2012, commonly known by the brand name Truvada®
[12, 13]. In 2019, the FDA approved a second drug for PrEP known by the brand
name Descovy®, a combination of tenofovir alafenamide (TAF) with FTC [14, 15].

The focus of the “Ending the HIV Epidemic: A Plan for America” on using PrEP as
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a preventive strategy is logical, given its potential. Around 37.6% of new infections are
transmitted by patients who are not yet diagnosed with HIV, 42.6% from diagnosed
HIV patients not receiving medical care, and 19.8% from HIV patients receiving
medical care but are not yet virally suppressed to prevent transmission [16, 17]. A
2016 study indicated that the lifetime risk for an American to be diagnosed with HIV
was one in 106, and the lifetime risk of HIV diagnosis in North Carolina was one in
100 [18]. According to CDC’s criteria for PrEP based on risk score indices [19], about
1.2 million people in the US had indications for PrEP [20]. The “Ending the HIV
Epidemic: A Plan for America” calls for 50% of people with indications for PrEP to
be prescribed PrEP by 2030. Only 18.1% of people with indications for PrEP were
using PrEP in the US in 2018 [3]. This makes it imperative to increase the use of
PrEP as a preventive strategy, as daily adherence to PrEP has proven to be highly
effective in preventing new HIV infections [8, 9, 11, 18, 21, 22, 23, 24, 25|.

PrEP coverage, calculated as the number of persons prescribed PrEP divided by
the estimated number of persons who had indications for PrEP, improved from 9%
in 2016 to 18% in 2018. However, disparities in PrEP prescriptions exist in different
geographic, racial/ethnic, and age groups [3, 7|. The Figure 1.3 shows the disparities
in PrEP use, with only about 27.6% of PrEP being used in the southern US, which
has nearly half of all new incidences in the country. A vast disparity between sexes
also exists, with about 93.4% of men using PrEP compared to only 6.6% women using
PrEP. We see age group 25-34 years having the highest PrEP users with about 39.8%,
closely followed by age groups 35-44 years, and age group >45 years at 24.5% and
24.4% with age group <24 years having the least number of PrEP users at 11.3%.
Hence, monitoring trends in PrEP use corresponding to the epidemiological need (HIV
incidence) at different geographic and demographic groups can guide interventions to
ensure PrEP is provided for those who need it most.

The PrEP-to-need ratio (PnR), introduced by Siegler et al., is a metric to measure
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PrEP usage and is used to elucidate disparities in PrEP provision across geographic
areas and demographic groups [26, 27|. PnR is defined as the number of PrEP users
divided by the number of new HIV diagnoses and compares the relative level of PrEP
provision to the epidemiological need (HIV incidence). The number of PrEP users
used to compute PnR is defined as the number of persons with at least one day
of PrEP prescription in the year. The PnR can sometimes overestimate the PrEP
coverage as PrEP needs to be taken throughout a year by a single patient for the
patient to be protected in that year. However, due to changes in risk, inconvenience,
aversion to taking a preventive drug, and limited access to PrEP, PrEP is usually
taken by people only when they are at risk (e.g., sexually active). This poses a
challenge in determining the exact PnR to protect an individual entirely according
to their risk of HIV acquisition.

Various studies are conducted to monitor PrEP usage at the state, jurisdiction, and
county levels but none at the subcounty level [26, 27, 28, 29, 30|. Subcounty studies
can expose disparities at an actionable level by the county’s Department of Public
Health. This study proposes a method for monitoring PrEP usage at subcounty (ZIP
code) levels in Mecklenburg County in North Carolina, which includes the City of
Charlotte.

The Charlotte metropolitan area is ranked 28" among 107 metropolitan areas
in the nation for new HIV infections in 2018 [1]. Mecklenburg County is experi-
encing a persistent epidemic of new HIV infections, with increasing rates in some
sub-populations and geographic regions within the county. In 2019, there were 6,665
people diagnosed with HIV living in Mecklenburg County with 270 new cases in the
year [31]. A comprehensive countywide HIV plan, “Getting to Zero — Mecklenburg
County” (G2Z-MC), was initiated in June 2018 to reduce the rate of new infections in
Mecklenburg County. One key strategy in the G2Z-MC plan is to increase the use of

PrEP among persons at increased risk of acquiring HIV infection. The plan includes



7

staged approaches intended to increase the use of PrEP in Mecklenburg County over

the next two years, including the establishment of a pilot program to provide PrEP to

uninsured patients. The G2Z-MC plan is expected to increase PrEP use in Mecklen-

burg County [32]. However, an effective and sensitive method of monitoring changes

in PrEP uptake is needed to substantiate and quantify the plan’s impact.

This dissertation aims to develop an evaluation framework for HIV prevention using

a novel metric (bounds) encompassing PrEP patient counts and days adjusted pill

counts for measuring PrEP usage at the subcounty level. This work is responsive to

G2Z-MC and can monitor and assess its influence on HIV prevention using PrEP. We

propose the following specific aims to accomplish these objectives.

e Aim 1: Aggregate ZIP codes to avoid potential patient re-identification

We develop an optimization framework to aggregate ZIP codes containing po-
tentially re-identifiable patient information in their corresponding demographic
groups in the pharmacy claims dataset. ZIP codes will be aggregated into ZIP
code groups with an optimally maximum number of groupings to avoid informa-
tion loss while preventing patient re-identification. This step is required for the
pharmaceutical data provider to release data used in subsequent analyses. We
will restrict groupings to contain contiguous ZIP codes to afford geographically

targeted intervention planning.

Aim 2: Establish novel bounds for the likely PrEP-to-need ratio

Quantify PrEP coverage within the county from filled prescriptions of TDF+FTC
and TAF+FTC by deriving a method to identify PrEP regimens from prescrip-
tion histories of patients. The identified PrEP regimens will be used to calculate
the bounds for the likely PnR in a year in different geographic and demographic
groups. Pharmacy claims data for TDF+FTC and TAF+FTC prescriptions

within the county are obtained from PRA Health Sciences. The need is deter-
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mined by the number of new cases of HIV in a year and is obtained from the

North Carolina Division of Public Health.

Aim 3: Evaluate the influence of G2Z-MC using PnR bounds

Segmented linear regression analysis will be conducted on the number of monthly
PrEP patients to quantify the immediate and gradual effects of G2Z-MC inter-
vention on the number of PrEP users. This analysis is used to quantify the
effectiveness of the G2Z-MC to provide vital information regarding the inter-

vention’s effectiveness for public health decision-makers in the county.



CHAPTER 2: DATA SOURCES

2.1  Pharmacy claims data

We obtain pharmacy claims data for TDF+FTC and TAF+FTC pills dispensed
from 2012 and 2019 in Mecklenburg County pharmacies from the Pharmaceutical
Research Associates Health Sciences (PRA). PRA specializes in collecting medical
information nationally and has access to about 92% coverage of pharmacy claims for
TDF+FTC and TAF+FTC in the US and its territories [33]. The dataset obtained
also contains patient demographic information, including sex, age, insurance payer
type, and the ZIP code of the dispensing pharmacy but not of the patient’s residence.
Patient residence ZIP codes are available in other medical datasets, however, the
coverage for those is only around 60% [33].

Before the data release, PRA provided re-identifiable fields that needed merging.
We use an aggregation algorithm to optimally merge the ZIP codes containing any
fields with re-identifiable information with adjacent ZIP codes to form contingent ZIP
code groups, as detailed in Chapter 3.

After de-identifying ZIP codes containing potentially re-identifiable information,
we received the dataset, which encompassed patients’ scripts for TDF+FTC and
TAF+FTC, either with or without other antiretrovirals dispensed in Mecklenburg
County from 2012 to 2019. The dataset contains eleven fields which are described
below in Table 2.1. This dataset will then be used to report trends in TDF+FTC
and TAF+FTC used for PrEP in different geographic and demographic groups across

Mecklenburg County from 2013 to 2019 in Chapter 4.
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Table 2.1: Columns in patient scripts file containing pharmacy claims for TDF+FTC
and TAF+FTC obtained from Pharmaceutical Research Associates Health Sciences

(PRA)

’ Column name

Description

patient id

unique identification code for each patient

drug id

unique identification number for each drug type

orig drug name

name of the drug, includes individual names for the
ARVs

drug name

name of the drug (either as TDF+FTC, TAF+FTC
or ARV)

orig_rx_fill date

original fill date

days supply

number of days of the prescription filled (Pills count)

orig rx ds end date

original end date

rx_fill date

adjusted fill date

rx_ds end date

adjusted end date

age_group

age group of patients broken into: (<24 years, 25-34
years, 35-44 years, and >45 years)

pharmacy zip rollup group

ZIP code of the pharmacy from where the
prescriptions werre filled

patient gender

sex of patients as either male or female

IX_payer group

insurance payer type of the patients, broken into:
(’Commercial / Self Pay’, 'Medicare / Medicaid’,
'PAP’, "Unknown’)

2.2

HIV incidence data

We obtain the number of HIV incidences per year in Mecklenburg County in 2013—

2019 from the Enhanced HIV/AIDS Reporting System (eHARS). eHARS is a browser-

based, CDC-developed application to assist health departments with reporting, data

management, analysis, and data transfer to CDC [34]. HIV incidences data for Meck-
lenburg County is derived and provided by the North Carolina Division of Public
Health, Epidemiology branch. The dataset contains HIV incidences by different ge-

ographic location (ZIP code) and demographics groups (sex and age groups). This

data will be used as the epidemiological need to determine trends in PrEP coverage

corresponding to its need across different geographic and demographic groups across

the county, as detailed in Chapter 4.
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2.3 Census data for Mecklenburg County

We obtain census data for the population in Mecklenburg County in each ZIP code
by sex and age group from the Applied Geographic Solutions (AGS). This dataset
includes the census population in 2010 and the estimated population in 2019. We
web-scraped 2000 census population data from an open-source website (https://www.
ZIP-codes.com/county/nc-mecklenburg.asp). We use these three data points to
interpolate the annual population from 2013 to 2019 in different ZIP code groups,
sexes, and age groups. Using three data points to interpolate instead of two will
better capture the trend in the data because it can account for the curvature, which
is impossible with two data points. We interpolate the yearly population in different
ZIP codes by sexes, and age groups using cubic splines. The annual interpolated
population in 2013-2019 is used as the denominator to calculate the population-
adjusted rate of PrEP in different geographic regions and demographic groups within
the county, as detailed in Chapter 4.

We also web-scraped latitude and longitude coordinates of the ZIP code centers
from the same above website. These latitude and longitude coordinates will assist in
computing the distances between the ZIP codes in Chapter 3 to aggregate ZIP codes

into de-identified ZIP code groups.


https://www.ZIP-codes.com/county/nc-mecklenburg.asp
https://www.ZIP-codes.com/county/nc-mecklenburg.asp

CHAPTER 3: AGGREGATION OF STUDY POPULATION WITH SIZE AND
GEOGRAPHIC CONSTRAINTS

3.1  Background

The digitalization of health data has generated large volumes of medical infor-
mation. The benefits of sharing this information are vast, ranging from being able
to easily communicate and confirm published research results, facilitating additional
novel analysis on the same datasets, making the data available for instruction and
education, and reducing duplicate data-collection efforts |35, 36, 37, 38, 39, 40]. Due
to these benefits, dissemination, and sharing of patient-specific medical information
is gaining popularity rapidly; microscopically detailed information is becoming the
new reporting norm in place of aggregate statistics. Additionally, the call to make
data gathered using public funds accessible has increased the need for sharing medi-
cal information [36, 41]. While dissemination and sharing of medical information can
support healthcare research, this accessibility also poses new challenges in protecting
privacy.

The Health Insurance Portability and Accountability Act (HIPAA) was established
to protect privacy in health information held or transmitted nationally. HIPAA con-
siders several elements as personal identifiers and terms such data as Protected Health
Information (PHI). HIPAA prohibits PHI-sharing without consent or having the data
de-identified either by expert determination or safe harbor methods [42]. Although
there is no universal method or a threshold of re-identification risk of de-identified
records, several guidelines and methods are proposed and practiced [42|. Studies
have shown that, even when datasets do not contain personal identifiers like names

or phone numbers, quasi-identifiers can be used for re-identification. Quasi-identifiers
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are defined by Dalenius et al. [43| as any combination of characteristics on which
linking can be enforced with other publicly available sources of data to re-identify
patients, including ZIP code, age, and sex. To safeguard privacy in such datasets, it
is common practice to use k-anonymization [44].

A k-anonymized dataset has a property that each record is similar to at least £k — 1
records on the quasi-identifiers—that is, each quasi-identifier must have at least k
counts (chosen by the data holder) of individuals in them [44|. k-anonymization
significantly reduces the re-identification risk of individuals by 1/k [45]. HIPAA does
not consider a k-anonymized dataset as PHI and, in turn, is not subject to HIPAA
privacy rules [42]. Exploratory data analysis that divides the study population into
smaller subgroups to derive deeper insights is increasingly becoming popular. These
small subgroups make it difficult to k-anonymize datasets with low counts; some quasi-
identifiers may not have the required number of records in them for k-anonymization.

Traditionally, such problems are overcome by concealing quasi-identifier values
(suppression), replacing those values with a more general one (generalization), or
a combination of both until all quasi-identifiers have the required number of records
[44]. Although both the methods achieve k-anonymity, they may lead to the loss
of information that could otherwise be used [46]. Several other perturbation meth-
ods like condensation,[47] data scrambling and swapping,[48] or adding noise|49] are
sometimes used to achieve k-anonymity. While these methods maintain the overall
statistical property, they may distort data leading to less accurate results [46].

To provide geographically and demographically actionable information (i.e., for tar-
geted interventions), we required prescription records of TDF+FTC and TAF+FTC
with minimally anonymized ZIP codes and patient demographics. While the required
data are free of any personal identifiers, they contain quasi-identifiers. Small num-
bers of PrEP prescriptions in some ZIP codes necessitated k-anonymization to protect

patient privacy.
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Our data provider, Pharmaceutical Research Associates (PRA) [50] Health Sci-
ences requires requires 5-anonymized datasets for release [33|. Because demographic
quasi-identifiers are established in other datasets with which our prescription data can
be linked (e.g., census data for population-adjusted prescription rates), we addressed
the need for k-anonymization by minimally aggregating ZIP codes. Anonymity ap-
proaches like suppression and perturbation are not useful in our case because sup-
pressing or perturbing the ZIP codes loses geographic information. Moreover, naively
generalizing the ZIP codes using their initial three or four digits generates large or
non-contiguous geographic areas, which prevents geographically targeted interven-
tions for G2Z. Thus, a custom generalization approach is required.

This chapter details the algorithm for k-anonymizing the data while finding the
largest numbers of groupings of contiguous ZIP codes using an optimization model.
Our optimization model aggregates ZIP codes with potentially re-identifiable low
counts (i.e., less than five patients) to achieve the required k-anonymization (i.e.,
k = 5). The optimal solution obtained from this model k-anonymizes the prescrip-
tion dataset with minimum aggregations leading to a maximum number of groups.
To evaluate the performance of our optimization model, we compare its resulting ZIP
code groupings to a heuristic. We note that while we demonstrate our optimiza-
tion approach on prescription data for TDF+FTC and TAF+FTC use for PrEP in
Mecklenburg County, it can be applied to other k-anonymization settings.

The chapter is organized as follows. First, we summarize the prescription data
requiring k-anonymization, with which we formulate a model to optimally find the
largest number of ZIP code groups achieving the required k-anonymization. We then
present a heuristic for finding ZIP code groups with which to compare to our model.
We show that our model outperforms the heuristic. Finally, we discuss possible

extensions to our model for other analyses.
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3.2  Methods

Our goal is to 5-anonymize PRA Health Sciences prescription data of TDF/FTC
and TAF/FTC by minimally aggregating contiguous ZIP codes along with the fol-

lowing patient demographic quasi-identifiers:
e Sex: female and male;
o Age group: <24 years, 25-34 years, 3544 years, and >45 years;

e Insurance type: Patient Assistance Program (PAP), Medicare & Medicaid, com-

mercial & self-pay, and unknown.

Mecklenburg County, at the time of writing, has 83 ZIP codes (including post office
boxes and corporate mail services) which are contained within 29 ZIP codes of polyg-
onal regions. Table 3.1 summarizes the data and shows the need for 5-anonymization
(i.e., 59 of 290 entries possibly are re-identifiable).

Since our evaluation study deals with reporting the number of patients within
each ZIP code in the county, we had to ensure all 29 ZIP codes either had zero
(i.e., no re-identifiable patients) or at least five patients across all 10 quasi-identifier
categories—that is, in each ZIP code, there must either be zero or at least five patients
in both sexes, all age groups, and all insurance types. Out of 29 ZIP codes in the
county, only ZIP code 28262 had the required number of patients in all quasi-identifier
categories. Henceforth, we use the terms 5-anonymized and 5-identifiable to refer to
ZIP codes (or groups of them) having met and unmet the required number of patients
for H-anonymization, respectively.

We formulate a zero-one (or binary) linear program (BLP) to aggregate ZIP codes
containing 5-identifiable patients in any quasi-identifier subgroup into ZIP code groups
satisfying 5-anonymization. This can be achieved either by aggregating 5-identifiable

Z1IP codes with a 5-anonymized ZIP code or by aggregating two 5-identifiable ZIP
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Table 3.1: ZIP codes in Mecklenburg County across all 10 quasi-identifier categories,
where O represents fields having 5-identifiable patients (i.e., 59 of them) and @ rep-
resents fields having 5-anonymized patients (i.e., 231 of them). Actual numbers are
obscured to protect against possible patient re-identification

Zip Female | Male | <24 | 25-34 | 35-44 | >45 | PAP Medicare | Commercial | Unknown
code years | years | years | years & Medicaid | & Self-pay
28031 o O ([ o L
28036
28078
28211
28212
28262
28269
28205
28213
28215
28134
28273
28202
28206
28204
28207
28270
28277
28208
28278
28209
28210
28226
28214
28216
28203
28217
28105
28227
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codes that satisfy 5-anonymization. We seek the largest number of ZIP code groups

that satisfy the 5-anonymization in every group.
3.2.1  Zero-one (or binary) linear program (BLP)
3.2.1.1  Parameters:

Let n = 29 denote the number of ZIP codes and m = 10 denote the quasi-identifier
categories for which we must achieve k-anonymization, where k& = 5. We define two
index sets I ={1,...,n} and Q = {1,...,m}. Let v{ denote the number of patients
in ZIP code i € I for quasi-identifier category ¢ € ). Additionally, let the distance
between the geographic centers of two ZIP codes ¢ € I and j € I be denoted by d; ;,

which is calculated using the Haversine formula: [51, 52|
dz‘,j =2r sin_l \/E7

where = 6371 is the radius of the earth in kilometers,

and (¢;, A;) and (¢4, ;) are the (latitudes, longitudes) in radians of the centers of ZIP
codes ¢ and j, respectively.

Furthermore, we manually compute an adjacency matrix such that a;; € {0,1},
for all 7 € I and j € I, indicate if ZIP codes ¢ and j are geographically adjacent to
each other. That is if ZIP codes ¢« € I and j € I are adjacent then a;; = 1 and if
t € I and j € I are not adjacent then a,; ; = 0. We will restrict ZIP code groups to

only consist of adjacent ZIP codes, which formally requires a;; = 1, for all 7 € I.
3.2.1.2  Decision Variables:

The optimization model uses four decision variables, explained below:

e 17 € {0,1}. This decision variable indicates whether or not the ZIP code i € I is
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assigned to group g. When the ZIP code i € I is assigned to group g, « must be
equal to one and when ZIP code i € [ is not assigned to group g, 7 must be equal

to zero.

y9 € {0,1}. This decision variable indicates whether or not group g contains at
least one ZIP code in it. That is 9 must be one when group g is assigned at least

one ZIP code and must be zero when group ¢ is not assigned any ZIP code.

29 € {0,1}. This decision variable indicates whether group g contains at least two
ZIP codes. When group g contains at least two ZIP codes, 29 will be equal to one,

and if group ¢ contains less than two ZIP codes, 29 is equal to zero.

x{; € {0,1}. This decision variable indicates where ZIP codes i € [ and j € [
are both assigned to a single group g. When both ZIP codes ¢ € [ and j € [ are
assigned to group ¢, then xZ ; must be one and xﬁ ; must be zero when either or

both ZIP codes i € I and j € I are not assigned to group g.

3.2.1.3  Objective Function:

Our overall objective is to minimize the total pairwise distances among the geo-
graphic centers of the ZIP codes in each group that satisfy (through the constraints

below) a k-anonymized dataset. This affords intervention efforts to service groups

that are not geographically distant from each other. Moreover, this objective keeps

ZIP code groups as small as possible since it minimizes the sum of distances between

ZIP codes in the same group—that is, any additional ZIP code added to the group

will increase the value of the objective function. Formally, our objective function is

expressed as:

iel jel gel
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3.2.1.4  Constraints:

Six constraints detailed below are imposed to make sure aggregations are done

propitious to the study.

1. The first constraint below makes sure all n ZIP codes must be assigned to a group,
and no ZIP code is assigned to more than one group. This constraint makes sure
that no ZIP code remains unassigned and the same ZIP code is not assigned to

more than one group.

» al=1, Vi€l

g€l

2. To appropriately indicate if group g € [ has at least one ZIP code assigned to it

(i.e., y9), we use the following constraints:

> al =y, Vg el
iel
Z:Efgn-yg, Vg e l.
icl

3. To indicate if group g € I has at least two ZIP codes assigned to it (i.e., 29), we

use the following constraints:

>l -yt > Ygel,
icl
fo—y9§n~zg, Vg e I.
icl

4. To ensure every group formed by the aggregations achieves k-anonymization of
patients (i.e., k = 5), we use the following constraint. This constraint ensures that

the number of patients for each quasi-identifier category in each group is either
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equal to zero or greater than or equal to k.

2
(ZU?~$§> ZkaZq'xf, VgeQ,gel

i€l icl
Zva‘U?-x%Zkaf%f, Vge Q,g€l.
il jeI iel

5. To ensure only geographically adjacent ZIP codes are aggregated, we use the fol-
lowing constraint. This constraint makes sure that all the ZIP codes in a group
are adjacent to at least one other ZIP code in the same group, which results in

aggregation of only contiguous ZIP codes to a particular group.

Zai,jng,jzxf'zg? viel,vgel

jel

g

6. To linearize the decision variable x} ; = 7

{ - %, we use the following constraints:

xzj <, Viel,Vjel,Vgel,
:E‘ngx?, Viel,Vjel Vgel,
xl; > x] +af -1, VieI,VjelVgel.

3.2.1.5  Implementation and Hyper-parameter Tuning:

We formulated and solved our BLP on Python|[53] using a Gurobi solver.|[54] We set
some Gurobi tuning parameters to improve computation times. First, we prioritize
finding optimal solutions (i.e., via MIPFocus = 2) [55]. Second, we set branching
priorities to the maximum values for the decision variables, =7, and minimum values

for the other (dependent) variables, z;, 39, and 29, for alli € I, j € I, and g € I.
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3.2.2  Heuristic aggregation algorithm

To evaluate the performance of the optimization model, we developed a heuristic
approach with which to compare the resulting ZIP code aggregations. The heuristic
uses a myopic, multi-step k-anonymization per quasi-identifier. It k-anonymizes first
by sex, followed by age group, then by insurance type. The algorithm uses the

following steps per quasi-identifier:

1. Each ZIP code containing zero or at least k patients in a considered quasi-identifier

form their own group.

2. Any ZIP code not in a group (i.e., those with one to four patients) are added into
the group containing the ZIP code with the smallest (Haversine) distance to it, as

well as containing at least one adjacent ZIP code.

3. We check all formed groups to see if any large group can be broken down into
smaller groups. Within each group, any disjoint subgroups all-satisfying k-anonymization

are re-formed.

After Step 3, newly aggregated groups are considered as new ZIP codes in Step 1.
3.3 Results

Our BLP aggregated the 29 ZIP codes into 13 ZIP code groups of geographically
adjacent ZIP codes. In contrast, the heuristic approach aggregated the 29 ZIP codes
into nine ZIP code groups. Figure 3.1 shows the ZIP codes and the k-anonymized
groups resulting from both algorithms. Moreover, our BLP yielded more groups than
using the generalization technique via the first-three and first-four digits of the ZIP
codes, which result in three (k-anonymized) and nine (not all k-anonymized) groups,
respectively.

Maximizing the number of ZIP code groups affords more granular monitoring of

changes in PrEP use. For example, ZIP codes 28203 and 28217 are grouped into
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ZIP code group 11 using the optimization model since they both together satisfy
the threshold constraint. In contrast, the heuristic algorithm has grouped these ZIP
codes into ZIP code group 7 along with three other ZIP codes already in group 7.
This demonstrates the heuristic algorithm yields suboptimal solutions. Furthermore,
using our BLP affords the sharing of k-anonymized data to afford to conduct analyses

at more granular levels.

Table 3.2: Aggregated ZIP code groups from the optimization model and the heuristic
algorithm

Zip code Group number assigned by Group number assigned by
Optimization model Heuristic Algorithm
28031 0 0
28036 0 0
28078 0 0
28211 1 5
28212 1 8
28262 2 1
28269 2 6
28205 3 2
28213 3 2
28215 3 8
28134 4 5
28273 4 3
28202 5 7
28206 5 1
28204 6 7
28207 6 2
28270 7 5
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Table 3.2: Aggregated ZIP code groups from the optimization model and the heuristic

algorithm
Zip code Group number assigned by Group number assigned by
Optimization model Heuristic Algorithm
28277 7 8
28208 8 7
28278 8 4
28209 9 7
28210 9 3
28226 9 )
28214 10 4
28216 10 6
28203 11 7
28217 11 7
28105 12 )
28227 12 9

3.4  Conclusion

De-identification of PHI has vast potential in advancing medical research through

HIPAA-compliant data-sharing. One of the widely practiced methods to afford this is

k-anonymization, which we used to afford PRA Health Science’s release of TDF-+FTC

and TAF+FTC prescription data for our ongoing study for evaluating PrEP use in

Mecklenburg County. We formulated and used a BLP to maximize the number of

ZIP code groups while satisfying k-anonymization across quasi-identifiers of patient

sex, age group, and insurance type. Our BLP generated 13 ZIP code groups of 5-

anonymized patient prescription records, which outperforms heuristic and other naive

generalization approaches, thus affording more granular analyses.
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Our BLP can be used as an alternative method to k-anonymize geographic areas in
studies involving PHI, allowing the sharing of de-identified PHI where the traditional
techniques of suppression, naive generalization, and perturbation are unsuitable. Our
model can be extended to use different proximity (distance) metrics, such as economic,
housing, demographic characteristics, and/or other health indicators in the objective
function for aggregating ZIP codes similar in these dimensions. This can allow us
to see patterns in changing PrEP prescription, incidences of sexually transmitted
infections (STIs), or other epidemiological characteristics in different ZIP code groups.
For example, we could use a ZIP code’s economic characteristics as a proximity metric
to aggregate ZIP codes and compare the difference in PrEP prescriptions among these
economically similar ZIP code groups. This allows public health departments to devise
targeted interventions in economically weak ZIP codes.
We also can use our BLP to analyze clusters of geospatially similar patterns in
PrEP prescriptions, STI incidences, or other epidemiological characteristics. These
other indicators can be used as values for imposing threshold constraints to expose

clusters with unusually high or low incidences.
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ZIP code groups by BLP

All 29 ZIP codes ZIP code groups by heuristic

Figure 3.1: All 29 ZIP codes in Mecklenburg County (left) and de-identified ZIP code
groups (right) by our BLP and heuristic approach, where boundaries are separated
by different colors



CHAPTER 4: BOUNDS FOR THE LIKELY PREP-TO-NEED RATIO

4.1  Background

Previous studies on PrEP usage are conducted at the national, state, or county-wide
levels but none at the sub-county (or ZIP code) level. These studies fail to capture
the trends in PrEP usage within a county and, in turn, cannot provide insights for
subsequent actions by county public health officials. This chapter quantifies PrEP
usage within the county (at the ZIP code group level) in various demographic groups
using the pharmacy claims data. This affords MCPH to use the PrEP metrics to
devise targeted interventions for those underserved.

TDF+FTC and TAF-+FTC currently are the only FDA-approved drugs for PrEP.
However, they may or may not be taken with other antiretrovirals (ARVs), for use as
HIV treatment, post-exposure prophylaxis (PEP), and chronic hepatitis B off-label
management [28]. This makes it important to identify the reason why a patient used
a particular TDF+FTC and TAF+FTC episode. The pharmacy claims dataset from
PRA did not contain any diagnosis codes for patients, making it impossible to identify
the reason TDF+FTC and TAF+FTC was used directly from the dataset. This calls
for a need to identify and differentiate episodes of TDF+FTC and TAF+FTC used
for PrEP from other uses. In this chapter, we also derive a rule-based algorithm
based on the prescription histories of patients in the pharmacy claims dataset in
order to identify the reason for using TDF+FTC and TAF+FTC for PrEP, PEP,
HIV treatment or unknown use.

Traditional metrics like the PrEP prevalence defined as PrEP users per population
and the PrEP-to-need ratio (PnR) defined as the ratio of PrEP users to new HIV

incidences [26] can sometimes probably overestimate PrEP coverage. These metrics
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consider any patient with a partial PrEP prescription in a year as a PrEP user for
that year. This overestimates the PrEP coverage as PrEP should be taken by the
patient throughout the year for it to provide sufficient protection for the entire year.
Recently, PrEP is being used on-demand to offer patient protection around the times
when the patient is at risk for acquiring HIV and not throughout the entire year
(not an FDA approved usage). Hence, in this chapter we establish a lower and upper

bounds for the likely PnR and demonstrate its use in Mecklenburg County, NC.
4.2 Methods

The Office of Research Protections and Integrity of the University of North Car-
olina at Charlotte exempted our study from Internal Review Board (IRB) review and
allowed us to use the data obtained from Pharmaceutical Health Associates (PRA)
Health Sciences and perform analyses on the 2012-2019 extract of the pharmaceutical
claims data for Mecklenburg County involving TDF+FTC and TAF+FTC whether

or not accompanied by ARVs.
4.2.1  Population, data, and study design

The study population used in the development of this algorithm consists of pa-
tients having been prescribed the drugs of interest, TDF+FTC and TAF+FTC, with
or without any accompanying ARVs from 2012 to 2019 within Mecklenburg County;,
NC. The pharmacy claims dataset obtained from PRA Health Sciences contained
3,027 unique patients having filled prescriptions of TDF+FTC and TAF+FTC in
Mecklenburg County from 2012 to 2019 (§2.1). There are a total of 1,023,961 pills
(daily-doses) of TDF+FTC and 26,340 pills of TAF+FTC dispensed in Mecklen-
burg County, NC as recorded in the dataset. Prescription records for TDF+FTC
and TAF+FTC started in January 1, 2012 and October 1, 2019, respectively. The
recorded supply of TDF+FTC and TAF+FTC pills lasted until June 19, 2020 and

May 19, 2020, respectively; however, we right-censor supplies after December 31, 2019
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since we conduct analyses on a yearly basis. There were 40 unique ARV combinations;
those that overlapped were merged together as single ARV episodes.

To determine PrEP use of TDF+FTC and TAF+FTC, we developed an algo-
rithm for identifying PrEP regimens. To report PrEP coverage, we calculated the
population-adjusted PrEP patients and bounds for the likely PnR. Population-adjusted
PrEP patients are calculated as the number of PrEP patients per 100,000 people (in

a demographic of interest) in Mecklenburg County, NC as shown in Equation 4.1.

) ) Numb f uni PrEP i
POpulatIOH-adJUSted PYEP _ umbper oI unique rr users 11 a year N 100000

patients per 100,000 Population in the year

(4.1)

To establish the upper bound for the likely PnR, we use the PnR which is an
overestimate of PrEP coverage, and we use the PnR metric derived by Siegler et al.,
[26] for this. It is calculated as the ratio of number of unique patients on PrEP over

the number of new HIV infections in that year shown in Equation (4.2).

PrEP-to-need ratio (PnR) — Number of unique PrEP patients in the year

. (4.2
Number of new HIV incidences in the year (42)

The lower bound will be a conservative estimate of PrEP coverage. We define a
novel metric called the dose-adjusted PrEP-to-need ratio (daPnR), which requires a
dose-adjusted PrEP patient protected for the full year, calculated by dividing the
number of pills dispensed for PrEP in a year by the number of days in that year.
Thus, the daPnR will be the ratio of dose-adjusted PrEP patients to the number of

new HIV infections in a year shown in Equation (4.3).
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Number of PrEP pills dispensed in the year
dose-adjusted PrEP-to-need _ Number of days in the year (4.3

ratio (daPnR) ~ Number of new HIV incidences in the year’

4.2.2  Regimen classification
4.2.2.1  Decision rules

A medical doctor with expertise in the different uses of TDF+FTC/TAF+FTC
(ARV treatment, PrEP and PEP usage scenarios) clinically assessed the entire dataset
and flagged each prescription episode as either for PrEP, PEP, HIV or unknown use.
We encoded those assessments as rules to automatically flag the prescription episodes,
which was subsequently reviewed for clinical validity. An iterative process comparing
clinical and algorithmic assessments was carried out to derive programming rules for
automatically flagging the prescription episodes. We finalized 11 rules to encompass

all cases and reliably identify each prescription episode detailed in Table 4.1.
4.2.2.2  Description of the algorithm

We extract each patient’s prescription histories individually; this contains the phar-
macy claims history for TDF+FTC, TAF+FTC, and any ARVs for the patient from
2012 to 2019. We use the pharmacy claims data in 2012 to have sufficient history of
the patient for the identification algorithm. However, we do not report the PrEP pa-
tient and pill counts in 2012 because we do not have sufficient history of the patients
before 2012 to confidently identify PrEP episodes from the others. The pharmacy
claims histories for each unique patient are followed from their first prescription date
to the last, sorted by the drug name (ARV before TAF+FTC and then TDF+FTC).
As explained below, the set of 11 decision rules (Table 4.1) was applied to each pre-
scription episode.

Two similar prescription episodes with a day gap are considered a single continuing
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Table 4.1: Decision rules applied for classifying patient’s prescription episodes as
either PrEP, PEP, HIV treatment or unknown use

’ Rule # ‘ Decision Rule ‘

R1 Merge same-drug regimen episodes having one-day gaps as a single episode.

Combine concurrent or overlapping ARV episodes as a single ARV episode, and
R2 absorb any overlapping TDF+FTC/TAF+FTC (partial) pills with the ARV
episode (but not the non-overlapping partial episodes).

Classify any ARV episodes of more than 36 pills as HIV treatment; also, classify

R3 .
& all subsequent episodes as HIV treatment.

Classify any ARV episodes of between 21 and 36 pills (inclusive) as PEP regi-
mens, except if the next episode is within 21 days.

R3b1

Classify any ARV episodes of between 21 and 36 pills (inclusive) as HIV treat-
R3b2 | ment only if the next ARV episode is within 21 days; also, classify all subse-
quent episodes as HIV treatment.

R3c Classify any ARV episodes of less than 21 pills as unknown use.
Classify any TDF+FTC/TAF+FTC monotheraphy episodes of at least 21 pills

Ria as PrEP regimens.

R4b Classify any TDF+FTC/TAF+FTC (partial) episodes of less than 21 pills as
unknown use.
For any HIV treatment ending in TDF+FTC/TAF+FTC monotherapy

R5a episodes of 60 or more pills (i.e., previously marked as HIV treatment by R3a
or R3b2), reclassify them as PrEP regimens, if the ARV episodes triggering
R3a or R3b2 consists of at most 120 pills.

R5D Classify any TDF+FTC/TAF+FTC episodes satisfying Rule R5a and having
less than 21 pills as unknown use.

R6 Classify all left-censored TDF+FTC/TAF+FTC episodes preceding an HIV

treatment as HIV treatment.

episode and are merged using Rule R1. The end date in the new merged episode will
be the end date of the last episode following the day gap, and the pills used in the
entire episode will be the sum of the days covered by the merged episodes.

Any concurrent or overlapping ARV (i.e., combination ARV) prescription episodes,
regardless of the ARV type used, are considered a single ARV episode and are
merged using Rule R2. In such a case, the end date of the merged episode is the
end date of the last running episode, and the number of pills in the episode is the
sum of the days covered by the merged episodes. In addition, suppose an episode
of TDF+FTC/TAF+FTC is overlapping with an episode of other ARVs. In that

case, these overlapping episodes of TDF+FTC/TAF+FTC are considered part of
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the combination therapy with other ARVs. We merge these overlapping pills of
TDF+FTC/TAF+FTC with the ARV as a single ARV combination therapy episode.
The new end date in the merged episode is the end date of the last episode, and
the pills dispensed is the sum of the days covered by the merged episodes. Any
other episodes of TDF+FTC/TAF+FTC not completely overlapping with ARVs are
considered as a separate TDF+FTC/TAF+FTC monotherapy episodes.

Next, decision Rule R3a is applied for all ARV episodes to check if a patient has
used these for possible HIV treatment. We consider a single continuous ARV episode
of more than 36 days as an HIV treatment episode. Suppose a patient was found
to be prescribed an ARV episode of more than 36 days, the corresponding episode is
classified as an HIV treatment episode, and the patient is considered HIV positive.
All following episodes, including ARVs and TDF+FTC/TAF+FTC for the patient
from this time on, will be classified as for HIV treatment.

If decision Rule R3a was not satisfied, i.e., for ARV episodes of less than 36 days.
Decision Rule R3b1 will be applied to check if the ARV episode is for PEP. The
episode will be classified as PEP if the ARV was prescribed for between 21 and 36
days (inclusive) with no evidence of previous HIV treatment as identified by Rule R3a
in that patient. Once identified as a PEP episode, by the decision Rule R3bl, the
patient’s previous ARV prescription episode will be examined using Rule R3b2. If
the previous ARV episode of that patient is within 21 days, we consider both these
episodes as HIV treatment episodes. These two ARV episodes and all subsequent
episodes will be flagged as for HIV treatment according to Rule R3b2. If not, the two
ARV episodes with more than 21 days between them will be flagged as PEP episodes.

An ARV episode not satisfying all three decision rules R3a, R3b1, or R3b2—those
short ARV episodes prescribed for less than 21 days—are flagged as for unknown
use according to Rule R3c. Any ARV episode for unknown use continuing beyond

December 31, 2020 are right-censored.
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Any prescription episode that is not an ARV—that is, for TDF+FTC/TAF+FTC
episodes—rule R4a is checked: any TDF+FTC/TAF+FTC episodes of at least 21
days will be classified as a PrEP episode, provided that the patient has no history of
previous HIV treatment regimen identified by rules R3a or R3b2.

TDF+FTC/TAF+FTC episodes not satisfying Rule R4a, will be flagged as right-
censored episodes if the prescription carries on after 2020. If the TDF+FTC/TAF+FTC
episode is for less than 21 days without right-censoring, these episodes will be classi-
fied as for unknown use episodes according to Rule R4b.

Next, we check for TDF+FTC/TAF+FTC monotherapy episodes (TDF+FTC or
TAF+FTC in the absence of any other retroviral) of 60 days or more in patients pre-
viously flagged as HIV-positive by rules R3a or R3b2. If the previous HIV treatment
episode in the patient was limited to fewer than 120 pills of ARV, we suspect these
HIV treatment episodes were possibly used for consecutive PEP instead and re-flag
them as PEP episodes. All following TDF+FTC/TAF+FTC monotherapy episodes
in such a patient will be classified as PrEP episodes according to Rule Rba or as for
unknown use according to Rule Rbb.

In the last step, Rule R6, we check for left-censored ARVs. Suppose a patient has
an ARV prescribed that is censored before 2012. If the next (uncensored) prescription
episode is for HIV treatment, we suspect that the left-censored episode of ARV may
be for HIV treatment since we do not have sufficient prescription history for that
particular patient before 2012. A flowchart for the identification algorithm is shown
in Figure 4.3.

Figure 4.1 and Figure 4.2 illustrate two hypothetical patients and how the 11
decision rules are applied in varying cases. In both figures, the first panels show the
drug episodes before applying the rules; the second panels show how rules R1 and R2
apply; the third panels show how rules R3* and R4* apply; and the fourth panel (in

Figure 4.2) shows how rules R5* and R6 apply.
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Figure 4.1: Illustration PrEP identification algorithm for a patient with HIV treat-
ment episode (Patient 1)

For Patient 1 (in Figure 4.1), the three separate episodes of TDF+FTC/TAF+FTC
of 5, 20, and 30 pills starting from Day 100 have a day gap between them. Rule R1
merges these three episodes into one single episode with a start date as Day 100, an
end date as Day 157, with the number of pills still at 55. Next, the TDF+FTC/TAF+FTC
episode starting at Day 189 is merged with the ARV episode starting on Day 184 ac-
cording to Rule R2. Similarly, the two ARV and a TDF+FTC/TAF+FTC episodes
starting on Day 361, Day 381, and Day 425 are merged according to Rule R2. Since
the TDF+FTC/TAF+FTC episode starting on Day 425 ends nine days after the
overlapping ARV episode, we consider these nine days as TDF+FTC/TAF+FTC
monotherapy days. The TDF+FTC/TAF+FTC episode of five days starting from
Day 286 is not considered for PrEP but rather for unknown use according to Rule R4b.
The last panel in Figure 4.1 shows the final assessment made by the algorithm.

The two TDF+FTC/TAF+FTC episodes starting from Day 100 and Day 309 are
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assessed as PrEP episodes of 55 and 30 pills ending on Day 157 and Day 339,
respectively. The ARV episode starting from Day 361 is assessed to be for HIV
treatment according to Rule R3a. All the subsequent episodes from Day 361 (in-

cluding TDF+FTC/TAF+FTC episodes) are considered for HIV treatment and are

discarded.
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Figure 4.2: Illustration of PrEP identification algorithm for a patient with PEP
episodes (Patient 2)

In Patient 2 (in Figure 4.2), the three TDF+FTC/TAF+FTC episodes starting
from Day 100 with a day gap between them are merged as a single episode of 81 pills
ending on Day 183 according to Rule R1. The overlapping TDF+FTC/TAF+FTC
episodes from Day 200 are merged with the corresponding ARV episodes according

to Rule R2. The third panel in Figure 4.2 shows how the algorithm first assessed



35

TDF+FTC or
TAF+FTC episodes

ARY episodes

@ R3b1

Figure 4.3: PrEP identification algorithm flowchart

the ARVs from Day 200 for HIV treatment according to Rule R3b2 because of the
first two consecutive ARV episodes of 21 pills or more within 21 days apart, and
it and classified all subsequent TDF+FTC/TAF+FTC and ARV episodes as HIV
treatment. However, because the HIV treatment ends with at 210 (> 60) pills of
TDF+FTC/TAF+FTC monotherapy (i.e., in the first and second panels in Fig-
ure 4.2) and the patient was classified as HIV positive because of (at most) 120 pills
of ARV, we apply Rule R5a and reconsider the ARV pills as PEP regimens and the
subsequent TDF+FTC/TAF+FTC pills as PrEP regimens (i.e., in the last panel).
The last panel in Figure 4.2 shows the final assessment made by the algorithm. Pa-

tient 2 was assessed to have four episodes of PrEP prescriptions: an 81-pills episode
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starting from Day 100 to Day 183 according to Rule R4a and a 90-pills episode from
Day 386 to Day 476, a 61-days episode from Day 498 to Day 559, and a 60-pills
episode from Day 581 to Day 642 as identified by Rule R5a. The four ARV episodes
between Day 200 and Day 393 are assessed as PEP episodes according to Rule Rba.
The three 15 pills episodes of TDF+FTC/TAF+FTC between Day 315 and Day 378
are flagged as for unknown use according to Rule R5b and are not considered PrEP

episodes.
4.3  Results
4.3.1  Patients and dosing of PrEP medications

The PRA pharmacy claims data contained 1,050,301 pills of TDF+FTC/TAF+FTC
dispensed for 3,027 patients in Mecklenburg County, NC between 2012 and 2019. The
PrEP regimen identification algorithm identified 540,003 pills of TDF+FTC/TAF+FTC
were used for HIV treatment, 23,406 pills were used for PEP, and 2,637 pills were for
unknown use. A total of 938 patients were identified as using either TDF+FTC or
TAF-+FTC for reasons other than PrEP. Regimen histories in 2012 were left-censored
to provide us enough information about a patient’s prescription history to confidently
identify the reason for regimen use. Any regimen continuing after 2019 was also right-
censored and left out of the subsequent analyses. Around 44 patients were using about
17,730 PrEP pills outside 2013-2019. Thus, we identified 2,045 patients were using
PrEP, and around 466,525 pills were dispensed in Mecklenburg County from 2013—
2019. The PrEP patients and pills included and excluded in the study are shown in

Figure 4.4.
4.3.2  Annual PrEP use in the entire county

There was an increasing trend annually in both the number of PrEP patients and
the number of PrEP pills in the county from 2013-2019. The population-adjusted

PrEP patients per 100,000 people in the entire county increased from 5.64 in 2013 to
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3,027 Patients taking Truvada/Descovy
1,050,301 Pills of Truvada/Descovy dispensed
(PRA data for 2012-2019)

540,003 Pills of Truvada/Descovy used for HIV treatment

23,406 Pills of Truvada/Descovy used for PEP

2,637 Pills of Truvada/Descovy for unknown use

------- 938 Patients taking Truvada/Descovy not for PrEP

17,730 Pills of Truvada/Descovy used outside of 2013-2019

- 44 Patients using Truvada/Descovy outside of 2013-2019

2,045 PrEP Patients for 2013—2019
466,525 PrEP Pills used in 2013-2019

Figure 4.4: Patients and dosing of PrEP medications

106.39 in 2019 as shown in Figure 4.5. The number of PrEP pills dispensed in the
county also increased from 3,609 in 2013 to 187,050 in 2019 as shown in Figure 4.6.
The PnR (i.e., the upper bound) increased from 0.32749 in 2013 to 4.96281 in 2019.
The daPnR (i.e., the lower bound) increased from 0.058 in 2013 to 2.118 in 2019. The

PnR bounds for the entire county from 2013 to 2019 are shown in Figure 4.7.
4.3.3  Annual PrEP use by sex

PrEP use in both sexes increased annually from 2013 to 2019. However, we see
huge disparities in PrEP use among men and women. The population-adjusted male
PrEP patients per 100,000 increased from 8.14 to 204.06, and the population-adjusted
women PrEP patients per 100,000 increased from 3.31 in 2013 to 15.72 in 2019. The
annual trend in the number of PrEP pills also increased throughout the study period

in both sexes. The number of PrEP pills used by men increased from 2,953 in 2013 to
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Figure 4.5: Population-adjusted PrEP patients per 100,000 in Mecklenburg County
from 2013 to 2019

175,542 in 2019. At the same time, the number of PrEP pills used by women increased
from 656 in 2013 to 11,508 in 2019. Figure 4.8 and Figure 4.9 show the population-
adjusted PrEP patients and PrEP pills dispensed annually from 2013-2019 in men
and women across Mecklenburg County.

The PnR (i.e., the upper bound), increased from 0.285 in 2013 to 5.601 in 2019
in men. In comparison, it increased from 0.5 in 2013 to 2.1 in 2019 in women. The
daPnR (i.e., the lower bound), increased from 0.059 to 2.429 in men and 0.05 to 0.72
in women from 2013 to 2019. The plot of the PnR bounds by sex from 2013 to 2019

is shown in Figure 4.10.
4.3.4  Annual PrEP use by age groups

We do not have access to population data broken for age groups 25-34 years and
35—44 years. Hence, we report population-adjusted PrEP patients broken down into
three age groups (< 24 years, 25-44 years, and >45 years) and report the PrEP

pills dispensed and PnR bounds for four age groups (< 24 years, 25-34 years, 35-44
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Figure 4.6: PrEP pills dispensed in Mecklenburg County from 2013 to 2019

years, and >45 years). The population-adjusted PrEP patients per 100,000 were the
highest in the age-group 25-44 years in all the years from 2013-2019. The population-
adjusted PrEP patients in the age-group 25-44 years increased from 30 in 2013 to 784
in 2019. From 2013 to 2017, the age group with the second-highest PrEP coverage per
100,000 is >45 years, with the population-adjusted PrEP patients of 22 in 2013 and
385 in 2017. In 2018 and 2019, the age group with the second-highest PrEP coverage
per 100,000 is < 24 years, with 70 and 136 PrEP patients per 100,000, respectively.
The population-adjusted PrEP patients per 100,000 in different age groups across the
county from 2013-2019 is shown in Figure 4.11.

We see an increase in PrEP pills in all age groups every year throughout the study
period shown in Figure 4.12. Age group 35-44 years have the highest number of pills
dispensed for PrEP from 2013 to 2015. From 2016 to 2019 the age group 25—34 years
has the highest number of PrEP pills dispensed. The PnR bounds for all age groups
from 2013 to 2019 is shown in Figure 4.13, where we see an annual rise in both the

upper and lower bound in all the age groups throughout the study period.
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Figure 4.7: PrEP-to-need ratio bounds in Mecklenburg County from 2013 to 2019

4.3.5  Annual PrEP use by ZIP code groups

The population-adjusted PrEP patients per 100,000 people across different geo-
graphic areas (13 ZIP code groups) across the county is shown in Table 4.2. The
annual trend in the population-adjusted PrEP patients increased in all the ZIP code
groups throughout 2013 to 2019. ZIP code groups 5, 6, and 11 are the top three
groups with the highest PrEP patients per 100,000 people in 2019 at 276.33, 717.07,
and 257.93, respectively. ZIP code groups 7, 9, and 12 are the last three in population-
adjusted PrEP patients in 2019 at 49.62, 48.53, and 52.99, respectively.

The number of PrEP pills dispensed every year from 2013 to 2019 in all 13 ZIP
code groups is shown in Table 4.3. Zipcode group 3 has the highest number of pills
filled in 2019 at 46,133, and ZIP code group 1 has the least number of pills dispensed
at 5,835 pills in 2019.

The PnR (i.e., the upper bound) for all 13 ZIP code groups is shown in Table 4.4.
ZIP code group 6 has the highest PnR in 2019 at 22.67, and ZIP code group 8 has
the least PnR in 2019 at 1.74. The daPnR (i.e., the lower bound) for all ZIP code
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Figure 4.8: Population-adjusted PrEP patients per 100,000 by sex in Mecklenburg
County from 2013 to 2019

groups, is shown in Table 4.5. Here again, ZIP code group 6 has the highest daPnR
of 10.236, and ZIP code group 8 has the least daPnR of 0.546 in 2019.
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Figure 4.9: PrEP pills dispensed in Mecklenburg County from 2013 to 2019 by sex

4.4  Conclusion

We analyzed trends in PrEP use within Mecklenburg County, NC, for the first
time using pharmacy claims data for TDF+FTC and TAF+FTC. This quantifies the
PrEP use within the county from 2013 to 2019, allowing public health planners to see
changes in trends in PrEP usage over the years in the county. The analyses conducted
in different demographic (sex and age) and geographic (ZIP code groups) groups
allow Mecklenburg County Public Health Department to devise demographically and
geographically targeted interventions to increase PrEP usage in underserved groups.

We see the contrast between PrEP patients and PrEP pills in some of the groups.
For example, we see that PrEP patients are highest in the 25-34 years group, but the
group greater than 45 years uses the most PrEP pills. This could indicate stricter

adherence to medication by age group greater than 45 years compared to the 25-34

PrEP pills

PrEP patients ratio.

years group, which could be further examined by looking at the
PrEP usage is analyzed via metrics, such as the PrEP prevalence (i.e., population-
adjusted PrEP patients) and PrEP-to-need bounds, which can be used to contrast

PrEP coverage with respect to their metric differences, such as population and new
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Figure 4.10: PrEP-to-need ratio bounds in Mecklenburg County from 2013 to 2019
by sex

HIV incidences, respectively. For example, ZIP code group 5 had high PrEP preva-
lence but mediocre PnR bounds; this indicates that this group had a relatively higher
number of PrEP patients with respect to their population than most other groups,
however the PrEP patients compared to the need is middling among all groups. This
implies that the population-adjusted need is relatively higher than its population-
adjusted PrEP patients. Conversely, ZIP code group 0 had a relatively low PrEP
prevalence but high PnR bounds; this indicates ZIP code group 0, even with low
PrEP prevalence, is outperforming most other groups in terms of PrEP-to-need.

We see considerably high number of population-adjusted PrEP users, PrEP pills
dispensed, and PnR bounds in ZIP code group 6. We suspect this high number to
be caused by the presence of two hospitals, one pharmacy, and less residents in the

ZIP code group. Since, we use pharmacy ZIP codes and not the patient’s residential
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Figure 4.11: Population-adjusted PrEP patients in Mecklenburg County from 2013
to 2019 by age group

ZIP codes (not captured in the data), we cannot determine if these high counts in the
group is due to the high number of pharmacies or PrEP users in the group. However,
pharmacy ZIP codes is a reasonable approximation of residence as most people fill
prescriptions close to their homes.

The PnR bounds established here can be used as a more comprehensive metric to
monitor PrEP coverage. The PnR bounds can account for discontinuing prescriptions
of PrEP and provides a range for PrEP needed to sufficiently protect individuals
annually. This bound provides a sensitivity analysis of PrEP coverage in the county

over a single metrics, such as PrEP prevalence and PnR.
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Table 4.2: Population-adjusted PrEP patients by ZIP code groups
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| 2013 | 2014 [ 2015 | 2016 | 2017 | 2018 | 2019 |
ZIP code group 0 4.94 9.65 9.44 23.12 32.71 61.73 87.02
ZIP code group 1 1.49 8.85 14.54 28.64 26.76 52.62 67.59
ZIP code group 2 9.77 8.69 19.59 | 33.47 | 39.55 | 44.72 | 58.49
ZIP code group 3 4.08 5.33 15.66 44.1 84.55 122.12 | 163.08
ZIP code group 4 11.32 8.82 10.75 37.77 47.18 96.37 | 144.64
Z1IP code group 5 11.86 34.39 81.23 131.97 | 199.81 | 229.56 | 276.33
ZIP code group 6 32.96 12.79 37.15 | 167.48 | 213.43 | 427.71 | 717.07
ZIP code group 7 0 4.22 11.39 23.42 29.08 39.56 49.62
ZIP code group 8 1.74 5.04 6.5 9.42 18.19 46.82 75.36
ZIP code group 9 0 7.52 10.19 23.75 26.09 34.54 48.53
ZIP code group 10 4.59 4.5 6.61 32.48 40.49 38.86 55.79
ZIP code group 11 | 26.67 30.33 74.05 138.02 | 186.40 | 186.91 | 257.93
ZIP code group 12 4.16 6.13 3.01 25.6 42.56 43.74 52.99
Table 4.3: PrEP pills dispensed by ZIP code groups
| 2013 | 2014 [ 2015 | 2016 | 2017 | 2018 | 2019 |
ZIP code group 0 217 1032 1808 3310 5008 9196 15687
Z1IP code group 1 30 553 953 2415 2140 3106 5835
ZIP code group 2 873 1220 2272 5140 6741 7430 9490
ZIP code group 3 553 649 2577 8001 17966 | 30699 | 46133
ZIP code group 4 249 346 528 1522 2599 6977 11829
ZIP code group 5 136 783 2880 5745 9759 10590 14012
ZIP code group 6 201 150 391 3231 4739 9170 22417
ZIP code group 7 0 377 1687 2915 4049 5565 7871
ZIP code group 8 26 278 322 1083 1381 3267 6175
ZIP code group 9 0 497 579 2368 4062 5532 8884
ZIP code group 10 153 150 274 3389 5236 6131 8204
ZIP code group 11 796 951 3056 9946 11217 | 15080 | 20139
ZIP code group 12 375 991 477 1649 4580 7551 10374




Table 4.4: PrEP-to-need ratio by ZIP code groups

| 2013 | 2014 | 2015 | 2016 | 2017 | 2018 | 2019 |
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ZIP code group 0 0.83 1.25 5 4.17 6 9.86 19.8
ZIP code group 1 0.06 0.32 0.5 1.05 1.12 2.7 2.27
ZIP code group 2 0.65 0.43 0.88 3.08 1.45 2.39 3.17
ZIP code group 3 0.14 0.27 0.46 2.3 2.93 4.52 6.35
ZIP code group 4 0.71 0.4 0.56 3 2.88 4 6.17
ZIP code group 5 0.6 1 1.83 1.85 5.8 7.67 5.8
ZIP code group 6 2.5 0.67 2 9.33 18.5 19.25 | 22.67
ZIP code group 7 0 2 2.2 7.67 5.8 10 3.64
ZIP code group 8 0.05 0.09 0.16 0.24 0.67 1.23 1.74
ZIP code group 9 0 0.38 0.73 2.36 2.23 4.33 2.67
ZIP code group 10 0.29 0.15 0.25 1.36 1.52 1.54 2.08
ZIP code group 11 1.57 1.3 2.75 3.37 10 7.83 | 17.13
ZIP code group 12 0.24 0.55 0.21 2 3.38 3.54 3.56
Table 4.5: Dose-adjusted PrEP-to-need ratio by ZIP code groups
| 2013 | 2014 | 2015 | 2016 | 2017 | 2018 | 2019 |
ZIP code group 0 0.099 | 0.353 | 2.477 | 1.507 | 2.287 | 3.599 | 8.596
ZIP code group 1 0.005 | 0.08 | 0.131 | 0.347 | 0.345 | 0.608 | 0.727
ZIP code group 2 0.141 | 0.145 | 0.239 | 1.08 0.56 | 0.885 | 1.13
ZIP code group 3 0.036 | 0.059 | 0.136 | 0.729 | 1.07 | 1.912 | 2.939
ZIP code group 4 0.097 | 0.095 | 0.161 | 0.693 | 0.89 | 1.593 | 2.701
ZIP code group 5 0.075 | 0.238 | 0.658 | 0.785 | 2.674 | 3.224 2.56
ZIP code group 6 0.275 | 0.137 | 0.357 | 2.943 | 6.492 | 6.281 | 10.236
ZIP code group 7 0 0.516 | 0.924 | 2.655 | 2.219 | 3.812 1.54
ZIP code group 8 0.004 | 0.022 | 0.035 | 0.118 | 0.21 | 0.344 | 0.546
ZIP code group 9 0 0.065 | 0.106 | 0.588 | 0.856 | 1.684 | 1.159
ZIP code group 10 0.03 0.016 | 0.031 | 0.421 | 0.574 0.7 0.864
ZIP code group 11 0.312 | 0.261 | 0.698 | 1.43 | 3.415 | 3.443 | 6.897
ZIP code group 12 0.06 | 0.147 | 0.093 | 0.347 | 0.965 | 1.591 | 1.776




CHAPTER 5: SEGMENTED REGRESSION ANALYSIS

5.1  Introduction

The most commonly considered approach to assess and measure the effectiveness
of an intervention is randomized controlled trials (RCTs) [56, 57, 58|. However, con-
ducting RCTs for all interventions may not be feasible [56]. RCTs can sometimes be
prohibitively expensive to set up, and in addition, are susceptible to systematic error
when generalizing results to “real world” settings leading to biased estimates [56]. In
contrast, observational studies can address these shortcomings, however, the difficulty
in establishing causation and the lack of control over confounding variables may lead
to weaker insights [59].

Quasi-experimental study designs are proven to estimate the causal effects of an
intervention using observational approaches. The quasi-experimental study designs
are beneficial for analyzing observational data where full randomization, or a case-
control design [60], is not affordable or possible. These designs make full use of the
longitudinal nature of the data. Interrupted time series (ITS) analysis is one of the
useful quasi-experimental designs to evaluate the longitudinal effects of interventions
using regression modeling. Segmented regression analysis of interrupted time series
data has proven to be able to quantify the effect of an intervention in statistical terms.
This analysis also allows measuring the change in the outcome of interest due to an
intervention immediately or over time [61].

In this chapter, we quantify the effect of the G2Z—MC intervention introduced in
July 2018 on the number of unique PrEP patients in a month. The number of unique
patients on PrEP in a month is defined as anyone with a prescription for PrEP as

identified in Chapter 4 in that month. The plot of monthly PrEP patients from 2013
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to 2020 is shown in Figure 5.1.
We analyze three interruption breakpoints in the monthly PrEP patients time

series, namely:

1. ramp-up interruption: The first interruption breakpoint is in January 2016,
referred to as the Ramp-up interruption. We see a slow rise in PrEP patients
at the start from January 2013 to December 2015, which we suspect to be the
initial ramp-up phase of users seen in most medications when first introduced

into the marketplace.

2. G2Z: The second interruption breakpoint of interest in the time series is the
Getting-to-Zero-MC (G2Z) intervention introduced in July 2018. The major
objective of G2Z-MC is to increase PrEP usage in the county, and this point of
interruption in the time series helps us determine the immediate and gradual

effects caused by G27Z on PrEP usage in the county.

3. COVID-19: The third interruption breakpoint of interest is the restrictions in-
troduced because of the COVID-19 epidemic in the county. We consider March
2020 as the interruption breakpoint since the COVID-19 cases were first recog-
nized and Public Health Interventions (PHIs) were first introduced in Mecklen-
burg County beginning in March 2020. We see the trend in PrEP users decrease
around and after the onset of the COVID-19 epidemic on visual inspection of the
monthly PrEP patients plot in Figure 5.1. Moreover, studies have found that
the COVID-19 pandemic disrupted access to and delivery of healthcare services,
including HIV prevention [62, 63]. Hence, we use this interruption breakpoint
to not have the effect of decreasing PrEP patients caused by an external factor

like the COVID-19 pandemic impact our results quantifying the impact of G2Z.

In this chapter, we first conduct segmented regression analysis on the number of

monthly PrEP patients in the county from 2013 to 2020 using a single segmented
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Figure 5.1: Monthly PrEP patients in Mecklenburg County from 2013 to 2020 with
three interruption breakpoints points

regression model (Single model). The Single model is used to compute the immediate
and gradual effects caused by the above three interruption breakpoints on the PrEP
patient counts using just one model. We then use three pairwise segmented regression
models to do the same in pairs of pre-interruption and post-interruption periods. We
empirically show that both methods yield similar results. We then use the Single
model to analyze the immediate and gradual effects of G2Z-MC to provide actionable

nsights on its impact on PrEP usage in the county.
5.2 Methods

5.2.1  Segmented linear regression using a single model

5.2.1.1  Model formulation

The formulation for the full single segmented regression model with three interrup-

tion breakpoints and four segments can be written as shown in Equation (5.1).
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Y; =0 + (1 * (months since 2013)

+ B * ramp-up + f3 * (months since ramp-up) * ramp-up

(5.1)

+ B4 % G2Z + P35 * (months since G27Z) x G2Z

+ B¢ * COVID-19 + B7 * (months since COVID-19) * COVID-19

where,

Y;:
months since 2013:

ramp-up:

months since ramp-up:

G27Z:

months since G2Z:

COVID-19:

months since COVID-19:
Bo:
Ba:
Ba:
Bs:
Ba:
Bs:
Be:
Br:

is the predicted number of monthly PrEP patients

is the number of months since the start of the study
is the indicator variable which is 0 before and 1

after ramp-up

is the number of months since the ramp-up

is the indicator variable which is 0 before and 1 after
G2Z

is the number of months since the G27

is the indicator variable which is 0 before and 1 after
COVID-19

is the number of months since the COVID-19

is the baseline intercept (at January 2013)

is the baseline slope

is the change in intercept at ramp-up

is the change in slope after ramp-up

is the change in intercept at G2Z

is the change in slope after G27

is the change in intercept at COVID-19

is the change in slope after COVID-19.
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Figure 5.2: Illustration of the intercept and slope interpretation at three interruption
breakpoints and four segments (periods) using a single segmented regression model

Ramp-up segment (period)
At the ramp-up period (January 2013 to December 2015), the indicator variables,

ramp-up, G2Z, and COVID-19, are equal to zero. Hence Equation (5.1) will take the

form of:

Y; = Bo + 1 * (months since 2013), (5.2)

where (3, is the baseline intercept, and [, is the baseline slope in the ramp-up period.
Hence, we can calculate the endpoint of the ramp-up line as Sy + (1 *36), where 36 is
the number of months in the ramp-up period. This endpoint gives the level of PrEP
patients right before the ramp-up interruption (i.e., the intercept of the ramp-up

regression line at the ramp-up interruption).
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Pre-G2Z segment (period)

At the Pre-G2Z period, which is from January 2016 to June 2018, the indicator
variable ramp-up is set to one, and the G2Z and COVID-19 variables are set to zero.

Hence the regression Equation (5.1) takes the form of:

Y; =y + 51 * (months since 2013) 53
5.3

+ P * ramp-up + (3 * (months since ramp-up) * ramp-up.

The jump in the intercept at the ramp-up interruption (i.e., the immediate effect of
the ramp-up interruption) will be given by f. Thus, this intercept can be calculated
as Bo + (61 * 36) + B2, where 5y + (1 * 36) is the endpoint of the ramp-up period.
B3 gives the change in slope after the ramp-up interruption, and 3; gives the slope
in the ramp-up period. Therefore, we can calculate the total slope in the pre-G2Z
period as (1 + 3. The endpoint of the pre-G2Z period can be calculated as Sy + (; *
36) + B2 + (B1 + P3) * 30, where 30 is the number of months in the pre-G2Z period.
This endpoint is the level of PrEP patients right before the G2Z interruption (i.e.,

the intercept of the pre-G2Z regression line at the G2Z interruption).
G2Z segment (period)

At the G2Z period which starts from July 2018 and ends in February 2020. The
indicator variables ramp-up and G2Z are both equal to one and COVID-19 is set to

zero. Thus, the regression Equation (5.1) becomes:

Y; =0 + (1 * (months since 2013)
+ [ x ramp-up + (3 * (months since ramp-up) * ramp-up (5.4)

+ B4 * G2Z + P5 * (months since G27Z) x G2Z

B4 is the jump in the intercept or the immediate effect at the G2Z interruption.

The level at G2Z after the jump can be calculated as the sum of the endpoint of the
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pre-G2Z period and (4, as By + (81 * 36) + B2 + (81 + B3) * 30 + B4. 5 gives the
change in slope due to G2Z interruption and the total slope for the G2Z period is
B1 + B3 + Bs. The endpoint of the G2Z period can be calculated as Sy + (1 * 36) +
Ba+ (B1 + B3) * 30 + B4 + (B1 + Bs + B5) * 20, where 20 is the number of months in
the G2Z period.

COVID-19 segment (period)

All the indicator variables (i.e., ramp-up, G2Z, and COVID-19) are equal to one.

Therefore the regression Equation (5.1) takes the form of:

Y; =0y + (1 * (months since 2013)

+ [ x ramp-up + (3 * (months since ramp-up) * ramp-up
(5.5)

+ B4 x G2Z + P5 * (months since G27Z) x G27Z

+ B¢ x* COVID-19 + f7 % (months since COVID-19) * COVID-19

Be gives the immediate effect of the COVID-19 interruption. Hence, the absolute
intercept after accounting the immediate effect of COVID-19 is given by Sy + (51 *
36) + Po + (61 + P3) * 30 + B4 + (61 + Ps + B5) * 20 + Fg, where 20 is the duration of
the COVID-19 period. [; gives the change in slope due to COVID-19 interruption.

Hence we can compute the total slope in the COVID-19 period as 1 + B3 + S5 + B7.
5.2.2  Pairwise linear regression

The Pairwise Segmented Linear Regression analysis is conducted by looking at the
three interruptions one at a time and building three separate models to compute
the effects of the above three interruptions. These three model takes the form of

Equation (5.6) for each interruption.

Y; = Bo + f1 * x + (o * interruption + (33 * (time since interruption), (5.6)
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where, interruption is the indicator variable (which is set to zero before and one after
the interruption).

For example, at the ramp-up interruption Equation (5.6) takes the form as:

Y; =fy + [1 * months since 2013 + (3 * ramp-up
(5.7)

+ B4 * (months since ramp-up) * ramp-up

5.2.2.1  Computing intercept and slope

From Equation (5.6), 5y gives the baseline intercept at the beginning of the pre-
interruption period. [, is the slope of the pre-interruption period. The change in
the intercept or the immediate effect of the interruption is given by S3 and the
change in slope after the interruption is given by (4. Hence, similar to the Sin-
gle model, we can compute the endpoint of the pre-interruption period as [ *
months in the pre-intervention period, and the total slope in the post-interruption
period is 31 + B3. The same analyses can be repeated at the three different interrup-

tion breakpoints using three different models.
5.3 Results
5.3.1  Segmented linear regression using a single model

The plot from the full single segmented regression model is shown in Figure 5.3 and
the coefficients are shown in Table 5.2.

From Table 5.2 we see that two coefficients: “Baseline intercept” and “G2Z,” are
not statistically significant in the first Single model. We perform backward selection
and eliminate these statistically not significant variables one by one. The “Baseline
intercept” having the highest p-value of 0.921 is eliminated first, and the resulting
model is shown in Equation (5.8).

The plot and coefficients after eliminating the “Baseline intercept” variable are

shown in Figure 5.4 and Table 5.3 respectively.
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Figure 5.3: Full segmented regression model plot
Y; =1 * months since 2013
+ [ *x ramp-up + f3 * (months since ramp-up) * ramp-up
(5.8)

+ B4 x G2Z + 5 * (months since G27Z) x G2Z

+ B x* COVID-19 + 7 * (months since ramp-up) * COVID-19.

From Table 5.3, we can see that the coefficient for “G27” is not statistically sig-
nificant with a p-value of 0.193 and is eliminated next. The resulting model after

eliminating “G2Z” is shown in Equation (5.9).
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Table 5.2: Full segmented regression model table

coefficient standard t-statistics p-value [0.025  0.975]
error
Baseline intercept 0.6952 6.955 0.1 0.921 -13.126  14.517
months since 2013 1.8825 0.342 5.508 0.000 1.203 2.562
ramp-up 52.6403 10.495 5.016 0.000 31.783  73.497
months since ramp-up 6.5976 0.565 11.687 0.000 5.476 7.719
G27Z 15.8491 12.161 1.303 0.196 -8.319 40.017
months since G2Z 9.456 0.94 10.056 0.000 7.587  11.325
COVID-19 37.012 15.958 2.319 0.023 5.299  68.725
months since COVID-19 | -28.7785 2.486 -11.574 0.000 -33.72  -23.837

Table 5.3: Single Model with “Baseline intercept” eliminated

coefficient standard t-statistics p-value [0.025  0.975]
error

months since 2013 1.9119 0.173 11.021 0.000 1.567 2.257
ramp-up 52.2780 9.794 5.337 0.000 32.817  71.739
months since ramp-up 6.5682 0.479 13.704 0.000 5.616 7.521
G2Z 15.8491 12.093 1.311 0.193 -8.180  39.878

months since G27Z 9.456 0.935 10.113 0.000 7.598 11.314
COVID-19 37.012 15.869 2.332 0.022 5481  68.543
months since COVID-19 | -28.7785 2.473 -11.639 0.000  -33.691 -23.866

Y; =/ * (months since 2013)
+ B * ramp-up + f3 * (months since ramp-up) * ramp-up
+ 5 * (months since G2Z) x G2Z

+ B¢ * COVID-19 + f7 * (months since COVID-19) * COVID-19.

The plot and coefficients after eliminating both “Baseline intercept” and “G2Z” are
shown in Figure 5.5 and Table 5.4 respectively.

From Table 5.4, we can see that all the coefficients in the above model are sta-
tistically significant. The number of monthly PrEP users kept increasing at a rate
of #; = 1.9119 PrEP patients per month in the ramp-up period. The duration

of the ramp-up period is for 36 months. Hence, we can calculate the endpoint or
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Figure 5.4: Segmented regression model plot with “Baseline intercept” eliminated

the baseline level of the ramp-up period as 1.9119 x 36 = 68.8284 monthly PrEP
patients. The immediate effect or the change in level due to the ramp-up inter-
ruption is given by [y = 49.0363 PrEP patients. Therefore, the absolute inter-
cept after accounting the jump caused by the ramp-up interruption is given by;
(1.9119 % 36) + 49.0363 = 117.8647.

The gradual effect of the ramp-up interruption or the slope after the ramp-up
interruption increased by 83 = 6.9036 PrEP patients per month. Therefore, the slope
in the pre-G2Z period is given by the sum of the slope in the ramp-up period and the
change in slope due to the ramp-up interruption, 5, + 83 = 1.9119+46.9036 = 8.8155.

In the pre-G2Z period, the number of PrEP patients kept increasing at this rate of
8.8155 PrEP patients per month. The duration of the pre-G2Z period is 30 months.
Hence, the endpoint of the pre-G2Z period is 117.8647+ (8.8155%30) = 382.3297. The

immediate effect or the level change at G2Z interruption is not statistically significant

and is eliminated. Hence, the level after the immediate effect of G2Z interruption is
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Figure 5.5: Segmented regression plot with “Baseline intercept” and “G27” eliminated

382.3297+0 = 382.3297. The change in slope or the gradual effect of G2Z interruption
is 05 = 9.8153 and the slope in the G2Z period is 51 + 3 + B5 = 1.9119 + 6.9036 +
9.8153 = 18.6308. This implies that the number of monthly PrEP patients increased
at a rate of 18.6308 for a duration of 20 months until the COVID-19 interruption.
Therefore, the endpoint in the G2Z period is 382.3297 + (18.6308 * 20) = 754.9457.
The immediate effect or level change due to the COVID-19 interruption is given by
B = 32.1494 PrEP patients and the level of PrEP patients after the immediate effect
of COVID-19 interruption is 754.9457 + 32.1494 = 787.0951. The slope change or
the gradual effect of COVID-19 interruption is —29.4732 PrEP patients per month.
Hence the total slope in the COVID-19 period is 18.6308 — 29.4732 = —10.8424, i.e.,
the number of PrEP patients kept reducing at a rate of -10.8424 PrEP patients every
month after the COVID-19 interruption.

The immediate effect (jump in the intercept at interruption breakpoints) and the

gradual effect (change in the slope after interruption breakpoints) for all the three
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Table 5.4: Single Model with “Baseline intercept” and “G27” eliminated

coefficient standard t-statistics p-value [0.025  0.975]
error

months since 2013 1.9119 0.174 10.977 0.000 1.566 2.258
ramp-up 49.0363 9.515 5.154 0.000 30.134  67.939
months since ramp-up 6.9036 0.407 16.966 0.000 6.095 7.712
months since G2Z 9.8153 0.898 10.936 0.000 8.032 11.598
COVID-19 32.1494 15.491 2.075 0.041 1.375 62.924
months since COVID-19 -29.4732 2.425 -12.156 0.000 -34.290 -24.656

interruption breakpoints are shown in Table 5.5 and Table 5.6, respectively.

Table 5.5: Change in intercept (pre-interruption vs. post-interruption)

Period Pre-interruption | Jump in | Post-interruption
intercept intercept intercept
ramp-up 68.8284 49.0363 117.8647
G27 382.3297 0 382.3297
COVID-19 754.9457 32.1494 787.0951

Table 5.6: Change in slope (pre-interruption vs. post-interruption)

5.3.2.1

Era Pre-interruption | Change in | Post-interruption
slope slope slope
ramp-up 1.9119 6.9036 8.8155
G27Z 8.8155 9.8153 18.6308
COVID-19 18.6308 -29.4732 10.8424
5.3.2  Pairwise linear regression

Ramp-up vs. pre-G2Z period

From Table 5.7, we see that the “Intercept” is not statistically significant with a
p-value of 0.862 and is eliminated.

Figure 5.7 and Table 5.8 is the plot and summary table after eliminating the “Inter-
cept”. The monthly PrEP patients increased at the rate of 1.9119 PrEP patients per
month in the ramp-up period of 36 months. Therefore, the endpoint of the ramp-up
period is 1.9119%36 = 68.8284. The immediate effect of the ramp-up is 52.2780, PrEP
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Figure 5.6: Full pairwise regression plot (pre-ramp-up vs. post-ramp-up)

Table 5.7: Full pairwise regression table (ramp-up vs. pre-G27)

coefficient standard t-statistics p-value [0.025 0.975]

error
Intercept 0.6952 3.987 0.174 0.862  -7.275  8.666
months since 2013 1.8825 0.196 9.608 0.000 1.491 2.274
ramp-up 52.6403 6.017 8.749 0.000  40.613 64.668
months since ramp-up 6.5976 0.324 20.385 0.000 5.951 7.245

patients. The gradual effect or the change in slope after the ramp-up interruption is

6.5682, and the total slope in the pre-G2Z period is 1.9119 + 6.5682 = 8.4801.

The coefficients in Table 5.8 are exactly the same as the coefficients from the single

model shown in Table 5.4.

5.3.2.2

Pre-G2Z vs. G2Z period

The plot and summary table for the pre-G2Z vs. G2Z period are shown in Figure 5.8

and Table 5.9. We see the coefficient for “G27” is not statistically significant with a

p-value of 0.274 and is eliminated from the next model.
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Figure 5.7: Pairwise regression plot (ramp-up vs. pre-G2Z) with “Intercept” elimi-
nated

Table 5.8: Pairwise regression table (ramp-up vs. pre-G2Z) with “Intercept” elimi-
nated

coefficient standard t-statistics p-value [0.025 0.975]
error
months since 2013 1.9119 0.099 19.265 0.000 1.714 2.11
ramp-up 52.2780 5.603 9.33 0.000 41.081 63.475
months since ramp-up 6.5682 0.274 23.954 0.000 6.02 7.116

Figure 5.9 and Table 5.10 show the plots and the summary table for the pre-G2Z vs.
G2Z period after eliminating “G27”. We see all coefficients are significant here. The
baseline intercept is 117.8637 PrEP patients which is the endpoint of the ramp-up
period in the single model as shown in Table 5.4.

The endpoint of pre-G2Z period is 117.8637+ (8.8154%30) = 382.3257, which is the
same as the endpoint computed in the single model from Table 5.4 ((1.9119 % 36) +
49.0363 + (1.9119+6.9036) * 30). There is no statistically significant immediate effect

of G2Z interruption on monthly PrEP patients. However, the gradual effect or rate
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Figure 5.8: Full pairwise regression plot (pre-G2Z vs. G2Z)
Table 5.9: Full pairwise regression table (pre-G2Z vs. G2Z)
coefficient standard t-statistics p-value [0.025  0.975]
error
ramp-up 121.1054 8.926 13.567 0.000 103.138 139.073
months since ramp-up 8.4801 0.529 16.043 0.000 7.416 9.544
G2Z 15.8491 14.307 1.108 0.274 -12.949  44.647
months since G2Z 9.456 1.106 8.548 0.000 7.229 11.683

Full pairwise regression table (pre-G2Z vs. G2Z)

of increase in PrEP patients per month in the G2Z period is 9.8153. Hence, the total

slope after G2Z interruption is 8.8154 + 9.8153 = 18.6307, which is equal to the total

slope computed by the Single model shown in Table 5.4 (1.9119 + 6.9036 + 9.815 =

18.6305).

5.3.2.3 G2Z vs. COVID-19 period

The plot and summary table for the G2Z vs. COVID-19 period is shown in Fig-

ure 5.10 and Table 5.11 respectively. From the Table 5.11, we see that the coefficient

for “COVID-19” is not statistically significant (p-value = 0.162) and is eliminated in
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Figure 5.9: Pairwise regression plot (pre-G2Z vs. G2Z) with “G2Z” eliminated

Table 5.10: Pairwise regression table (pre-G2Z vs. post-G2Z) with “G27Z” eliminated

coefficient standard t-statistics p-value [0.025 0.975]

error
ramp-up 117.8637 8.453 13.943 0.000 100.858  134.87
months since ramp-up 8.8154 0.434 20.294 0.000 7.942 9.689
months since G2Z 9.8153 1.060 9.258 0.000 7.683  11.948

the next model.

The baseline intercept in the G27Z period is 384.7625. The rate of PrEP patients

increases at 18.9773 patients per month in the G2Z period. There was no significant

level change due to COVID-19 interruption. But, there was a gradual negative impact

with the change in the trend of -26.227 PrEP patients every month. The level at

COVID-19 interruption can be calculated as 384.7625 + (18.9773 % 20) = 764.3085.

The total slope in the COVID-19 period can be calculated as 18.9773 + (—26.2227) =

—7.2454. Since this pairwise analysis was not started from time 0 (January 2013), the

intercepts and slopes do not match with the Single model, where intercept at the G2Z
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Figure 5.10: Full pairwise regression plot (G2Z vs. COVID-19 period)
Table 5.11: Full pairwise regression table (G2Z vs. COVID-19 period)
coefficient standard t-statistics p-value [0.025  0.975]
€error
G27Z 391.3571 14.804 26.436 0.000 360.927 421.787
months since G27 17.9361 1.332 13.464 0.000 15.198 20.674
COVID-19 37.012 25.736 1.438 0.162 -15.888  89.912
months since COVID-19 -28.7785 4.01 -7.177 0.000 -37.021  -20.536

interruption breakpoint is offset by 382.3257 patients. (The endpoint of the pre-G27Z
period and the starting point of the G2Z period coincide as the jump at the G2Z
interruption breakpoint is not significant). Removing the non-significant variable
“COVID-19” influences the slopes in the COVID-19 period. Since the intercept at
“COVID-19” was significant in the single model and due to the offset in the baseline
intercept, we see differences in the significance of “COVID-19” from the single model.
However, these differences in the coefficients are not statistically significant from the

ones computed in the Single model.



66

...... COVID (March, 2020) K
750 P ’

700

PrEP patients
9] (o)) (=)}
wu (=] [
o o (@]

U
o
o

450

400

0 5 10 15 20 25 30
month number

Figure 5.11: Pairwise regression plot (pre-COVID-19 vs. post-COVID-19) with
“COVID-19” eliminated

Table 5.12: Pairwise regression table (G2Z vs. COVID-19 period) with “COVID-19”
eliminated

coefficient standard t-statistics p-value [0.025  0.975]
error
G2Z 384.7625 14.352 26.809 0.000 355.315  414.210
months since G27Z 18.9773 1.140 16.645 0.000 16.638  21.317
months since COVID-19 | -26.2227 3.665 -7.155 0.000 -33.743  -18.703

5.4  Conclusion

Segmented regression analysis of interrupted time series data can quantify the
immediate and gradual effects of the interruptions on the outcome of interest [61].
We show that the segmented regression using a single model and pairwise models
empirically yields similar results. We also show that the single-segmented analysis
provides better insight into the entire time series than pairwise models, where the
information from the entire time series is not considered at all times.

We show a slow rise in the patients using PrEP in the ramp-up era from January
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2013 to December 2015. This can be attributed to the slow ramp-up in patients using
PrEP in Mecklenburg County in the early days of its introduction. We also show an
immediate jump in the monthly PrEP patients at the ramp-up interruption and a
significant gradual effect or increasing trend in the pre-G2Z period. We show that
the G2Z-MC intervention had no significant immediate effect on the number of PrEP
patients. G2Z-MC did have a significant gradual effect on the number of patients
using PrEP in a month in the G2Z period. The G2Z-MC intervention increased the
number of monthly PrEP patients by 8.8153 since its inception. We show that the
COVID-19 pandemic interruption in heath care delivery had an immediate effect and
reversed the upward trend in PrEP patients. However this trend was gradual with a
slope in patient loss less severe than patient gain in the COVID-19 period.

The monthly HIV incidences in the county displayed considerable variability and
did not follow a linear trend from 2013 to 2019. We do not have access to actual
monthly population in the county and since any interpolated value for monthly pop-
ulation follows the interpolation function and is redundant to use as a denominator in
a regression analysis. Hence, we conducted segmented and pairwise regression analy-
sis only on the actual monthly PrEP patient counts and not on population-adjusted
PrEP patients or PrEP-to-need ratio (PnR). This method establishes a framework
to evaluate any other new Public Health Intervention (PHI) efforts carried out by

MCPH to quantify its effects on PrEP use in the county.



CHAPTER 6: DISCUSSIONS

6.1  Implications of results

Living with HIV comes with a huge economic and social burden on patients and
society. The “Ending the HIV epidemic” started in 2019 calls to end the HIV epidemic
in the US by 2030, with major emphasis on PrEP usage. The major objective of
G2Z-MC drafted by MCPH as a part of the EHE plan is to increase PrEP use within
Mecklenburg County, NC. Lack of previous studies monitoring PrEP use within the
county poses a challenge for MCPH to make informed decisions to allocate resources
in the county. Our study quantifies and monitors PrEP use within the county from
2013 to 2019 in various demographic and geographic groups, providing MCPH with
the needed insights to plan future intervention efforts to increase PrEP coverage. We
showed the annual trends in population-adjusted PrEP users, PrEP pills dispensed,
and PnR bounds annually from 2013 to 2019. The effectiveness of G2Z-MC, both
immediate and gradual effects, was quantified, which provides actionable insights on

the intervention’s impact in increasing PrEP usage in the county.
6.2  Impact of the study

Monitoring PrEP coverage using traditional metrics like population-adjusted PrEP
patients, PrEP pills, PnR ratio, along with the novel metric daPnR in the study, can
be used to confidently identify PrEP coverage corresponding to its need in various
other similar counties. This study provides a framework to monitor PrEP use in
geographically smaller subgroups, which was impossible due to the low number of
PrEP users and risk of patient privacy. Geographically granular insights can warn

county public health officials at an early stage about an outbreak or unusual patterns
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in PrEP usage before it spreads to the entire county, decreasing the response time by
the county public health department.

The study highlights the differences in PrEP use in different demographic and
geographic groups, which can address disparities in underserved subgroups. This
would mean that more PrEP is given to where there is a disparity, which reduces new
infection as people with the most risk are getting PrEP. The study can be used to
continuously monitor PrEP use and intervention effects in the future within a county
acting as an alternative framework for informed policy-making and evaluation.

The framework established in this study can be used to monitor and evaluate
prevention-to-need in other infectious diseases. This enables to devise demographi-
cally and geographically targeted interventions like vaccine boosters in groups with
the highest need. The study can also evaluate the impact of other public health inter-
ventions like mandated shelter in place and face coverings in terms of new incidences

reduced, viral load or trends in vaccine use.
6.3  Limitations

We used pharmacy claims data to quantify PrEP use which is not a direct but
an indirect indicator of PrEP use. Since we did not use diagnostic codes (to use
a more comprehensive dataset) but used a rule-based algorithm to identify PrEP
episodes, this may have misidentified some episodes as for PrEP. On the other hand,
the elimination of the requirement of medical coding for cross-validation avoided the
exclusion of patients from analyses because of lack of available medical diagnosis
coding. Also, our rule-based algorithm was developed based on clinically rational
PrEP and ARV use scenarios in thousands of patient and drug regimens.

We use ZIP code of the pharmacy’s location instead of patient’s residence to de-
rive geographic insights. Even though this allowed us to use a more comprehensive
dataset (around 92% coverage), further research calls for a sensitivity analysis using

the patient’s residence ZIP code.
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6.4  Future work

The study can be extended to continuously monitor PrEP use in the future within
the county. Focusing on providing PrEP to demographically and geographically un-
derserved groups needs to be emphasised to realize the goals of EHE and G2Z-MC
programs. More research is needed to study the influence of socio-economic factors on
PrEP use in underserved demographic and geographic groups. Further investigation
is needed to identify and evaluate any other external factors that may have influenced
PrEP use in the county other than G2Z-MC intervention such as national advertising
campaigns, federal government aid, and other national initiatives to increase PrEP
use.

Further research is needed to understand the PrEP prescription patterns in pa-
tients. Conducting survival analyses to quantify time to PrEP discontinuation or
HIV diagnosis in patients can provide deeper insights in PrEP prescription and risk
patterns. For example, quantifying time to discontinue PrEP in different demograhic,
geographic, or socio-economic groups can enable us to understand which groups tend
to stay on PrEP as opposed to others. Similarly quantifying time to HIV diagnosis in
PrEP patients can quantify risk in not having a strict adherence to PrEP in at-risk
patients. Conducting similar analyses between various subgroups can also quantify
the effects of external factors like household income, insurance type, etc on adherence

to PrEP and risk of HIV acquisition.
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