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NAVIGATING MISSED VISITS IN HIV PRIMARY CARE: EXPLORING RISK 

FACTORS ASSOCIATED WITH MISSED VISITS  

 

JIAYING HAO 

 

BIOSTATISTICS 

 

ABSTRACT  

 

 The HIV care continuum is a public health model that outlines the steps or stages 

people with HIV go through from diagnosis to achieving and maintaining viral suppres-

sion. Retention in care, a key component of the HIV care continuum, is critical in achiev-

ing good health outcomes for people with HIV (PWH) and preventing HIV transmission. 

Consistent HIV care is essential for the health of PWH as a part of retention in care. De-

spite no standard measure for retention in care to PWH, the missed (no-show) vis-

its/appointments is one of the most commonly used methods for evaluating retention in 

HIV care. Reducing the risk of missed visits directly contributes to improving retention in 

care and overall health for PWH. 

This dissertation aims to investigate the risk factors associated with missed prima-

ry care visits among PWH. The first paper presents a systematic review summarizing re-

ported risk factors for missed HIV visits in studies conducted between 2000 and 2022. 

The second paper focuses on youth with HIV (YWH), a vulnerable subpopulation of 

PWH, exploring the specific risk factors associated with missed visits in this group. The 

final paper develops a predictive model using machine learning algorithms for new-to-

care patients, leveraging advanced statistical techniques to predict missed visits with lim-

ited patient information. 

Through a combination of methodologies, this dissertation provides a comprehen-

sive understanding of the risk factors associated with missed visits among PWH. The 



 

iv 

 

findings contribute to the existing knowledge base and offer insights into improving re-

tention in HIV care. By identifying and addressing the factors influencing missed visits, 

healthcare providers and policymakers can develop targeted interventions to enhance re-

tention in care and ultimately improve the health outcomes of PWH. 
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INTRODUCTION 

Background 

Approximately 37.7 million people were reported with HIV in 2020, globally. Of 

these, 36 million were adults and 1.7 million were children aged 0-14 years1. More than 

half (53%) were women and girls. At the end of 2019, an estimated 1,189,700 people 

aged 13 and older were living with HIV in the United States, including an estimated 

158,500 (13%) people whose infections had not been diagnosed2. Of diagnosed people 

living with HIV (PLWH), 81.3% were linked to care within one month of diagnosis, and 

65.5% of all diagnosed PLWH are virally suppressed (HIV viral load <200 copies/mL). 

The annual rate of diagnoses of HIV infection is 11.1 per 100,000 people2. According to 

the HIV surveillance supplemental report 2021, Gay, bisexual and other men who have 

sex with men (MSM) accounted for 69.0% of new diagnoses; Blacks/African Americans 

and Hispanics/Latinx represented 44.0% and 30.0% of new diagnoses, respectively; the 

number of new diagnoses was highest among people aged 25 to 29, followed by the 

group of aged 13-24 years old3.   

The state of Alabama had 635 newly diagnosed HIV infections, with a total of 

14,345 PLWH in 2019. The highest rates of new diagnoses appeared in young adults 

aged 20-29 years, followed by age 30-39 and 13-19 years. As the age at diagnosis 

continues to lower, the need for increased prevention efforts prioritizing the younger 

population increases4.  
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Clinicians providing HIV medical care and their clinic administrators face 

challenges when considering how best to evaluate retention in HIV medical care for their 

specific clinic population.  Retention in care is defined as a patient’s regular engagement 

with medical care at a health care facility after initial entry into the system. More formal 

definitions and measurements have utilized required follow-up at certain intervals to 

define retention in care; these definitions have typically conceptualized retention in care 

based on either appointments missed or medical visits attended at regularly defined 

intervals5. By 2019, only 50.1% of PLWH in the US were retained in care.  

Currently, multiple methods exist for estimating retention in care: For reporting 

purposes, the Centers for Disease Control and Prevention (CDC) defines retention in HIV 

medical care as documentation of at least two laboratory tests (CD4 cell counts or viral 

load tests) performed at least 3 months apart during the year of evaluation6. The CDC 

also refers to this as continuous HIV medical care6. Health Resources and Services 

Administration (HRSA) has defined retention in HIV medical care as: persons with 

diagnosed HIV who had at least two attended medical visit that were at least 90 days 

apart in the measurement year.7,8 The most recent publication of 2017 summary data from 

Ryan White HIV/AIDS Program modified this definition and defined retention in care as 

persons with diagnosed HIV who attended at least one outpatient ambulatory health 

services visit by September 1st of the measurement year, with a second visit at least 90 

days after.8 The Institute of Medicine (IOM) has defined retention in HIV medical care as 

at least two medical visits every 12 months, with a minimum of 90 days between visits.9 

These indicators have largely been used for surveillance and quality reporting purposes 
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and do not incorporate all scheduled HIV medical care visits, nor incorporate the nuance 

around the time interval and disposition of visits. 

In addition to the methods and criteria listed above for evaluating retention in 

HIV medical care, missed visits and appointment adherence are typically used as a 

measure of retention in care for research and clinic-level quality improvement purposes10. 

The purpose of the missed visit measure is to capture the number of missed appointments 

(no-shows) during an observation period. This quantity is easy to measure, summarize, 

and analyze, making it a commonly used method for evaluating retention in HIV medical 

care11. Research shows that 61% of new HIV cases are transmitted from PLWH who are 

not currently engaged in medical care12. By finding ways to identify patients at risk for 

missing future visits and dedicating special efforts to keep them in care, researchers say 

providers can prevent harmful individual health outcomes for PLWH and lower the 

likelihood of future virus transmission.12 Therefore, this study will be focusing on missed 

HIV primary visits.  

Public Health Relevance 

The HIV Care Continuum is a public health model that outlines the steps or stages 

people with HIV go through from diagnosis to achieving and maintaining viral 

suppression (a very low or undetectable amount of HIV in the blood). The steps include 

diagnosis of HIV infection, linkage, receipt and retention in HIV medical care, and 

achievement and maintenance of viral suppression13.  PLWH who receive regular 

medical care according to the definition defined by CDC, HRSA or the IOM are 

considered ‘retained in care.’14 Consistent medical care is essential for the health of 
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people living with HIV. PLWH who receive regular medical care are more likely to 

receive antiretroviral therapy, less likely to develop Acquired Immune Deficiency 

Syndrome (AIDS), and have improved survival rates compared to HIV-positive 

individuals who do not receive regular medical care15-17.  According to the CDC’s report 

published in May 2021, in 2019, approximately 1.2 million people in the U.S. were living 

with HIV18. An estimated 87% were diagnosed with HIV with only 81% of those 

diagnosed linked to care. Approximately 65.9% received some HIV care, 50.1% were 

retained in care, and 56.8% were virally suppressed18. Barriers to retention in care include 

sociodemographic factors, mental illness, substance use, poverty, stigma, as well as lack 

of access to healthcare19-28.  

Despite the importance of retention in care to PLWH, there is no recognized gold 

standard measure with many different indicators linked to health outcomes 29. A common 

quality indicator for retention in care is missed clinic visits, which are measured as no-

show or missed visits that were not canceled in advance of scheduled appointments29.  

Reducing the risk of missed visits would directly lead to improving retention in care. This 

study has the potential to provide a more comprehensive understanding of missed HIV 

visits, provide strategies to measure and predict the HIV retention in care, thereby 

improving the treatment outcome and overall health status of PLWH. Enhancing the 

retention in care can lead to increased viral suppression rates, which, in turn, will reduce 

the transmission of HIV. This not only elevates public health outcomes overall but also 

lessens the strain on the public health system, both in terms of financial cost and 

systematic burden. 
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Research Aims 

This dissertation aims to explore and reveal the risk factors associated with HIV 

missed visits. I conducted a systematic review to have a better understanding of research 

focused on missed visits, risk factors that have been established, and the relationship 

between the risk factors and missed visits. Missed visits were determined to be the next 

study aim. The youth living with HIV (YLWH) were underrepresented in the results of 

Aim 1, thus I examined factors associated with YLWH missing visits at UAB’s family 

clinic. Finally, a machine learning algorithm will be applied to generate a predictive 

model using data from newly diagnosed PLWH enrolled in an intervention study focused 

on engaged HIV care.  

Objectives 

1: To identify risk factors associated with missed HIV clinic visits in studies 

published between 2000 to 2022 by a systematic review.  

2: To determine the risk factors associated with missed HIV clinic visits among 

Youth living with HIV in the UAB Family clinic. 

3: To develop a model for predicting missed HIV visits among new patients in the 

Integrating ENGagement and Adherence Goals upon Entry (iENGAGE) study using 

machine learning algorithms, including the accelerated oblique random survival forest 

(aorsf) technique.    
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Introduction 

According to the HIV Surveillance report 2022, an estimated 1.2 million people in 

the U.S. have HIV, and 30,635 people were newly diagnosis in 20201. Although 

antiretroviral therapy has substantially reduced HIV-related morbidity and mortality2, full 

benefit of treatment depends on consistent access to HIV care3. 

Continuous HIV medical care is essential for improving health outcomes for 

people living with HIV and reducing the spread of HIV4, 5. It is a critical component of 

the HIV care continuum and an essential goal for public health efforts to end the HIV 

epidemic.  

Missing a scheduled HIV care appointment without prior notification to the 

healthcare provider is an important measure of HIV retention in care6 because they 

provide insight into the level of engagement of patients in their HIV care. Missed visits 

may indicate inconsistency in engagement in HIV-related medical care7, which could 

lead to poor health outcomes, such as disease progression, increased morbidity, and 

mortality8-13. Furthermore, missed HIV visits are a particularly important indicator as 

they can occur at any point along the HIV care continuum. Patients who miss a scheduled 

medical appointment may not receive necessary laboratory tests, medication adjustments, 

prescription refills, or other interventions that are essential for effective HIV treatment14. 

Studying the risk factors of missed HIV visits is crucial for improving HIV care 

retention and ultimately reducing the transmission of HIV. By identifying the factors that 

contribute to missed visits, healthcare providers and researchers can develop targeted 

interventions to address these risk factors and improve retention in care15. Additionally, 
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healthcare providers can use these data to monitor and assess patient engagement in HIV 

care, identify patients who may be at risk of discontinuing care and provide appropriate 

interventions to improve retention. 

There is a growing body of research focused on understanding the risk factors 

associated with missed HIV visits and developing interventions to improve HIV care 

retention. Many studies have identified demographic, clinical, behavioral, and social 

factors that contribute to missed visits, including younger age, substance use, depression, 

and lack of social support16-19. Moreover, there is increasing recognition of the 

importance of missed HIV visits as a critical measure of HIV care retention. The use of 

missed visits as an outcome measure in HIV care research has increased recently, and 

many studies are now incorporating missed visit data to assess patient engagement and 

develop targeted interventions to improve retention20. 

However, there is a gap between the current study of risk factors for missed HIV 

visits and the actual needs of people living with HIV (PLWH). Many studies focus on 

specific risk factors, such as socio-economic status, substance abuse, or mental health 

issues. As a result, they may not provide a comprehensive understanding of all factors 

that contribute to missed HIV visits. Also, PLWH come from various backgrounds, 

cultures, and regions. Research findings from one population may not necessarily apply 

to others, making it challenging to generalize results and provide tailored interventions. 

Additionally, many studies focus on specific time points or short periods, which may not 

capture the complex and dynamic nature of the risk factors for missed HIV visits. While 

the topic of retention in care has been extensively studied and reviewed 21, there lacks a 

synthesis of literature to date to assist researchers and clinicians to summarize and 



 
 

 

9 
 

understand the key risk factors of missed visits. This review’s aim is to identify, evaluate 

studies reporting risk factors of missed HIV visits, and summarize the findings based on 

selected studies.  

Methods 

This review is reported using PRISMA reporting guidelines22 and follows many 

of the recommendations in the Cochrane Handbook23. The protocol has been registered in 

PROSPERO, the International Prospective Register of Systematic Review (registration 

number: CRD42022309761). The review question was “what are the risk factors of 

missed HIV primary care visits among patients in the United States?” To explore the 

relationship between the risk factors and missed visits, a PEO question framework24 was 

used: 

Population: All aged HIV patients who initiated HIV care.  

Exposure: Risk factors associated with missed visits.  

Outcome: Missed HIV primary (routine, clinic) visits. The missed visit is defined 

as missing (no-show) a given scheduled HIV primary care appointment or being 

rescheduled for 30 days later. Lost to follow-up is not defined as a missed visit. 

Criteria for Inclusion and Exclusion: 

This review aimed to explore missed HIV visits in the United States, therefore 

only longitudinal studies focused on HIV routine visits (for example HIV primary care 

visits, HIV clinic visits, HIV outpatient visits) conducted in the United States among 

PLWH of US residency, published between 2000 and 2022 were included. Any study not 
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focused on the US PLWH; without using missed HIV visits as the study outcome; did not 

report risk factors associated with missed visits; or reporting cross-sectional analyses or 

less than a 6-month observational period were excluded. Posters or conference abstracts 

were not included.  

Data Sources and Search Strategies: 

To identify studies, four bibliographic search platforms were used: PubMed, 

Embase, Scopus and the Cochrane library. Example search terms and steps are 

summarized below: 

#1 Search: “HIV” in Title/Abstract, 

#2 Search: “missed visit” OR “missed visits” OR “attendance” OR “appointment” 

OR “appointments” in Title/Abstract, 

#3 Search: “risk factors” OR “risk factors” OR “predictive model” OR 

“prediction” in Full text, 

#4 Search: #1 and #2 and #3. 

The results were exported to EndNote reference management software.  

Screening and selection: 

After combining results from four databases, duplicates were removed and two 

reviewers (JH and JC) reviewed articles by title and abstract independently, determining 

if the article is eligible for full-text reviewing based on the inclusion and exclusion 

criteria. Full-text articles were reviewed to confirm eligibility. If disagreement occurred, 

articles were discussed until consensus was reached.  
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Data Extraction: 

All studies that meet our inclusion criteria were listed in Table 1. A standardized 

data collection form was be used for data extraction. For each study, data were extracted 

on first author, year of publication, journal name, study population, study location, 

sample size, study/observational period, definition of missed visits, statistical method, 

proportion of missed visits, and definitions of risk factors.  

Quality Assessment: 

The Newcastle-Ottawa Scale (NOS) for assessing the quality of nonrandomized 

studies in meta-analyses for observational studies was used for quality assessment 25.  

Data Synthesis: 

Table 1 summarizes the information on studies included in this review. Table 2 

shows the frequency of each reported risk factor and the study to in which it was 

reported. Missed visits proportion/rate, relative risk, hazard ratios, odds ratios, and 

coefficients were compared to check the consistency of the effect of each risk factor. Due 

to the heterogeneity of studies, a meta-analysis was not performed and narrative synthesis 

of the included papers was conducted. The study selection process is described in the 

PRISMA flowchart (Figure 1).  

Ethics Statement: 

This work did not require an ethics review as it is using secondary data from 

published studies. 
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Results 

A total of 1,473 studies were identified through PubMed, Embase, Scopus 

database, and the Cochrane Library, of which, 358 duplicates and 86 ineligible by 

published years were excluded. 862 records were excluded by screening the title and 

abstract. Nineteen studies were excluded due to full-text being inaccessible. Among the 

remaining 148 studies, five did not focus on PLWH populations, 55 did not study missed 

HIV care visits, 10 did not use missed visits as the study outcome, 14 did not report risk 

factors, 29 were international studies with non-US populations, and three studies had 

observational period less than 6 months. Consequently, we ended up with 32 studies that 

satisfied all the eligibility criteria (Figure 1).  

Quality and Characteristics of Included Studies: 

Table 1 presents a systematic summary of all the selected studies. Two articles 

were published in 2009 (5,47), six were published between 2011-2015(35,48, 3, 11, 49, 50), 16 

were published between 2016-2020 (51,26,52,37,31,44,53,36,54,27,29,30, 55, 56, 57, 58), and eight were 

published in 2021 and 2022 (59, 60, 61, 62, 63, 28, 43, 64). Among 32 studies, three included 

patients under 18 years old (26,37, 36), four focused on Men have sex with Men (MSM) 

(3,49,52,59), six focused on female patients (48, 31, 44,55, 57,60), and one focused on transgender 

patients (37).  

Different measures were found in these studies: 22 studies categorized the 

outcome as any missed visits using yes versus no (missed vs. not missed). Nine studies 

(49,50, 37, 31, 44, 36, 54, 27, 28) categorized missed visits using self-defined cut-offs or multiple 

groups. Four studies (5, 35, 56, 58) calculated ratios or rates of missed visits or attended visits 
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as the outcome variable. One study (56) used number of missed visits as a continuous 

outcome. Three studies (56, 28, 43) used more than one method to measure the outcome. 

Multiple statistical methods have been applied among the included studies. The majority 

of the studies (29, 91%) chose logistic regression or multinomial logistic regression, with 

odds ratios/risk ratios reported in the results section (Table 1). Twenty-eight studies 

reported the percentage of missed visits based on the sample of participants, the range 

variates from 15% to 90%. One study (53) reported the person-year of missed visits.  

Table 2 presents the quality assessment results using the NOS tool. The tool has 

eight questions based on three domains: Selection, comparability, and outcome. Based on 

the Thresholds for converting the Newcastle-Ottawa scales to AHRQ standards25, 18 

studies were rated as good quality, 11 were fair quality and two were poor quality. The 

main reasons for not being rated as good quality are: 1. Samples are not likely to be 

representative of the general population of PLWH; 2. Study used a retrospective dataset, 

which means the outcome was established at the start of the study; 3. Study used self-

report records instead of medical records to confirm the outcome.  

Risk Factors Associated with Missed Visits: 

In eligible studies, 45 different risk factors were identified to have significant 

associations with missed HIV visits. The risk factors cover aspects from demographic, 

socioeconomic, behavioral, health-related (HIV-related, clinic, psychiatric and other – 

see Table 3). The ten most common risk factors reported are age, race/ethnicity, 

substance use, HIV risk factor (known as HIV transmission mode), gender, income, 

education, insurance type, depression, and experiences of stigma.  
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Demographic Risk Factors: 

Demographic risk factors, age, race/ethnicity, gender, education, gender identity 

(heterosexual), clinic site, youth HIV prevalence, partnership, and language have been 

demonstrated significant associations with missed HIV visits. The effects of the 

following risk factors are quite consistent: 15 studies found that being white race or non-

Hispanic was associated with better visit adherence compared to other races or ethnicities; 

8 studies reported that being male was associated with better visit adherence compared to 

female or patients classified as gender minorities; being homosexual, living in an area 

with youth HIV prevalence lower than 13%, having partnership/married, and being a 

Spanish speaker are more likely to have better visit adherence. Twenty studies pointed 

out that age is a risk factor associated with missed visits, and most of them (18, 90%) 

have reflect that the younger age groups are more likely to have missed visits. However, 

Kahana et al.26, Kay et al.27 and Lesko et al.28 presented some different results 

contradicting the overall trend. In Kahana et al.26, the likelihood of missed appointments 

was greater among older youth (OR: 1.85, CI: 1.29-2.66, p<0.001). In Kay et al.27, the 

bivariate analysis comparing missing 3+ versus 0 visits indicated that older age is more 

likely to have 3+ missed visits (RR: 1.04, CI: 1.02-1.06, p-value<0.001). This is not 

consistent with the result in their multivariable analysis (RR: 0.96, CI: 0.94-0.97, 

p<0.001) and results of other studies included in this review. Also, Lesko et al.28 used 

different measures defining the study outcome: attended >=75% of scheduled visits, not 

retained by kept-visit measure, and retained by kept-visit measure, missed >25% of 

scheduled visits. The directions of the associations between age groups 18-34 years 

versus 35-49 years and >=50 years versus 35-49 years are incompatible among the two 
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measures: attended>=75% measurement indicated older age groups are more likely to 

maintain scheduled visits (OR: 1.20, CI: 1.12-1.30; OR: 0.75, CI: 0.71-0.80, 

respectively). The missed >25% cutoff showed a trend that older age groups are more 

likely to miss visits (OR: 1.41. CI:1.31-1.50; OR: 0.65, CI: 0.62-0.69, respectively). 

Inconsistences were also found in education. Six out of seven studies pointed out that 

lower education levels have higher risk of missing HIV visits, but Kay et al.27 again had a 

differing result in the bivariate model: 3+ versus 0 missed visits when comparing some 

college and >=college to < high school (RR: 3.15, CI: 1.31-7.57; RR: 4.73, CI: 1.38-

16.20, respectively).  

Socioeconomic Risk Factors:  

Among 32 studies, income, insurance type/status, social support, unemployment 

or disabled, homeless, health literacy, number of moving, HIV-knowledge, Ryan White 

HIV/AIDS Program (RWHAP) support service, and need transportation help have been 

proven with significant associations with missed visits. The insurance type/status didn’t 

show a consistent relationship with the likelihood of missing HIV visits among seven 

studies: Again, Kay et al.27, had conflicting results with the trend in bivariate, 3+ versus 0 

missed model. The private insurance type were almost 3 times the risk to have 3+ missed 

visits compared with uninsured patients (RR: 2.74, CI: 1.27-5.91, p=0.01). Other studies 

all reported that patients with private-paid insurance have higher visit adherence, and 

patients who have insurance coverage have higher visit adherence. Other than this, 

patients with lower income/below FPL, unemployment or disabled, not or less receiving 

social support, with unstable housing status, frequently moved, have poor health literacy 
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or HIV knowledge, and need help in transportation were reported with higher risk of 

missing HIV visits.  

Behavioral Risk Factors: 

Substance use was reported in 10 articles with the result that any type of 

substance use is associated with higher risk of missed visits. Four articles reported that 

alcohol use is associated with higher risk of missed visits. Involvement with the legal 

system, unprotected sex practices, and low appointment expectancy were also found to be 

associated with higher risk of missed visits.   

Health-Related Risk Factors: 

Health-related risk factors include four components: HIV-related risk factors, 

clinical risk factors, psychiatric risk factors and other health-related risk factors.  

HIV risk factors/HIV transmission mode have been reported in nine articles. 

Among these studies, MSM has higher visit adherence compared to heterosexual and 

patients who were injection drug users (IDU), while the latter has the lowest visit 

adherence. Year of treatment enrollment is also an important risk factor which was 

reported in five articles and had a conclusion that longer time of enrollment in HIV care 

is associated with higher risk of missing visits. Furthermore, PLWH who had missed 

visits before, larger number of scheduled visits, not on ART, prior AIDS diagnosis, and 

had HIV disclosure are also associated with lower visit adherence.  

Viral load record, baseline CD4 and most recent CD4 are found to be associated 

with visit adherence. Mannes et al.29 and Lesko et al.28 both used the concept of durable 

viral suppression, defined as all HIV viral suppressed in the study period. Pence et al.30 
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used the most recent VL record, and Safo et al.31 didn’t give a clear description of which 

record they used. Lesko et al.28 had differing results with different outcome measures. 

This study tested both durable viral suppression and most recent viral suppression, in the 

attended>=75% outcome, viral suppressed patients were less likely to retain in care in 

both viral suppression outcome (OR:0.79, CI:0.73-0.85; OR: 0.97, CI: 0.96-0.98, 

respectively). Regardless of this discrepancy, all other studies had the same conclusion 

that patients with lower VL were more likely to attend scheduled visits. Both baseline 

CD4 and most recent CD4 records are important: patients with lower CD4 counts are 

more likely to have higher visit adherence.  

Psychiatric factors such as depression, stigma, anxiety, mental health conditions 

were found to be associated with lower visit adherence. Other health-related factors such 

as experienced Intimate Partner Violence (IPV), ER visit, cognitive function issue, life 

chaos, gender affirmation and poor general health are all found to be associated with 

lower visit adherence5. 

Discussion 

The 32 selected studies in this systematic review highlight the complexity of the 

issues surrounding the topic of HIV retention in care measured by missed visits. This 

systematic review collated and synthesized findings from these 32 studies, providing a 

more comprehensive synthesis of the available evidence on factors associated with 

missed HIV visits in PLWH in the United States by identifying consistent patterns and 

significant associations across studies. 
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This review indicates that demographic and socioeconomic risk factors, such as 

age, gender, race, education level, income level, insurance type, etc., are important risk 

factors that have significant effects on missed visits. By examining these factors, 

researchers can identify disparities and inequalities in healthcare access, utilization, and 

outcomes among different population groups, allowing for prioritization and tailoring of 

interventions.  

Younger PLWH was identified as “high risk” group regarding of HIV retention 

and ART adherence32-34 in prior research. The primary predictor of missing HIV visits in 

this review is age, specifically younger PLWH. Younger HIV patients might miss 

appointments due to multiple reasons: being less symptomatic35, having less stable living 

situations36, fewer financial resources, irregular schedules16, and psychological factors 

like denial, fear, or experiences of stigma. However, in this review, only Kahana et al.26, 

Reisner et al.37 and Tarantino et al.36 addressed the study on the youth population. 

Considering the fact that retaining younger HIV-infected persons in care would improve 

their overall health and reduce HIV transmission38, more studies are needed on this 

population, and the need to create youth-friendly environments is urgent39.  

People classified as non-white race, especially African Americans (AA) are less 

likely to keep their scheduled visits. Although the AA comprise less than 14% in the U.S. 

population, the proportion of AA in US among PLWH is 42%40, 41. Racial/ethnic 

disparities in HIV care retention are complex and multifaceted. Racial and ethnic 

minority groups are facing greater challenges related to social determinants of health, 

such as housing instability, limited access to healthcare facilities, lower healthy literacy42, 

and experiences of systemic racism and discrimination, which are associated with missed 
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HIV visits. Therefore, the risks associated with missed visits cannot be solely explained 

by racial/ethnic status. Mugavero, et al.5 raised the point that pathways mediating 

racial/ethnic healthcare disparities are likely to involve a complex interplay of healthcare, 

public health, and social factors, and much work needs to be done to explore the intricate 

processes mediating healthcare disparities. We suggest considering the relationship 

between racial/ethnic and other socioeconomic factors systemic racism, to design policies 

and interventions to improve access to quality healthcare service, reduce stigma and 

mistrust among racial and ethnic minority population, and to reduce the disparities in 

HIV care retention.  

Sohail et al.43 found that married individuals had better visit constancy in 

cisgender heterosexual populations. Anderson et al.44 stated that married PLWH had 

lower percent visit adherence compared to single or never married PLWH, among 

persons with less than 100% visit adherence. Waldrop-Valverde et al.15 similarly found a 

lower percent visit adherence among PLWH who were married. This disagreement might 

be attributed to the different sexual orientations in these studies. According to Sohail et 

al.43, no other US-based studies focused on heterosexual partnership and retention in care 

among newly diagnosed PLWH was noticed before, and only a few studies included 

partnership/marital status as a covariate when assessing associations of other exposures 

with retention in care. Therefore, sexual orientation may be an important covariance to 

considerate when estimating the association between missed visits and marital status.  

Conflicts between adjusted and unadjusted models were found in multiple studies. 

Researchers should be cautious with how to report and explain the results of these 

conflicts. One possible reason for different results is confounding. If there are 
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confounding factors that significantly influence the relationship between the independent 

and dependent variables, the unadjusted model may overestimate or underestimate the 

true association, whereas the adjusted model provides a more accurate estimate by 

controlling for these factors, or adjusting for incorrect variables, called colliders, may 

provide biased adjusted estimates. To address the conflict between adjusted and 

unadjusted models, it is essential to carefully consider which variables to include in the 

model and to ensure the model is specified correctly. Researchers should also assess the 

sensitivity of their results to the choice of adjustment variables and report both 

unadjusted and adjusted estimates to provide a more comprehensive understanding of the 

relationships between variables. 

This review only included studies published between 2000 to 2022. The landscape 

of HIV treatment and care has undergone significant changes since the advent of the 

HIV/AIDS pandemic in the early 1980s. The year 2000 marks an important turning point 

in the history of HIV care and treatment, primarily due to the introduction and 

widespread use of highly active antiretroviral therapy (HAART) in 1996. The widespread 

use of HAART led to significant reductions in HIV/AIDS-related morbidity and 

mortality. HIV became a manageable chronic condition, and life expectancy for people 

living with HIV increased substantially. The Affordable Care Act (ACA) enacted in 

2010, had a significant impact on HIV care by expanding access to health insurance for 

millions of Americans, including those living with HIV. The ACA allowed states to 

expand their Medicaid programs to cover more low-income individuals, which has led to 

increased access to healthcare for people living with HIV.  
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This systematic review has some limitations. First, there are limitations inherent 

to the observational and retrospective nature, which means that the investigators have to 

depend on the availability and accuracy of these records. Some key statistics cannot be 

measured and significant biases may affect the results of this review. Also, temporal 

relationships are difficult to assess due to the different observational periods among these 

studies45.  Different outcomes and risk factor definitions were used in studies may bias 

the interpretation across the included studies.  

Many of the included studies used self-reported data to evaluate missed visit 

outcomes, including asking participants how many missed visits in the last year. Self-

report bias is a type of measurement error that can occur in any context where random or 

systematic misreporting is conceivable. The bias is ubiquitous in survey data where 

cognitive processes, social desirability, and survey conditions can alter interviewee’s 

responses 46. We also recommend that HIV service providers use electronic medical 

system to track of missed visits.  
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Table 1. Characteristics of included articles (n=32) 

Author, article # 
Location (Cohort) and 

criteria 

Sample 

size 

Study 

period 

Missed visits 

measure 

Statistical 

method 

% of missed 

visits 

Mugavero et al.5 

UAB 1917 clinic 

cohort, >=4 scheduled 

visits over 6+ months 

1221 >=6 mon 
ratio: no 

show/scheduled 

GEE with 

auto-

regressive 

correlation 

structure 

40% 

Mugavero et al.47 

UAB 1917 clinic cohort, 

initial between 2000-2005, 

no prior outpatient HIV 

treatment 

543 365 days 
dichotomous: missed 

vs no missed 

Chi-square 

and logistic 

regression 

60% 

Bofill et al.35 

JMH FL, outpatient adult 

HIV/AIDS clinic, not on 

ARV for 3 months prior or 

treatment naïve 

178 12 mon 
rate: 

missed/scheduled 

hierarchical 

multiple 

linear 

regression 

90% 

Sarnquist et al.48 

California (11 facilities), 

female patients, living in 

rural areas  

64 12 mon 
dichotomous: missed 

vs no missed 

Chi-square 

tests 
38% 

Traeger et al.3 

Fenway Health New 

England, adults, MSM, 

HIV+ >=3 mon 

503 12 mon 
dichotomous: missed 

vs no missed 

logistic 

regression 
31% 

Horberg et al.11 

Kaiser Permanente 

Northern California 

(KPNC), adults, newly 

diagnosed between 1997-

2007 

2811 12 mon 
dichotomous: missed 

vs no missed 

logistic 

regression 
66% 
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Author, article # 
Location (Cohort) and 

criteria 

Sample 

size 

Study 

period 

Missed visits 

measure 

Statistical 

method 

% of missed 

visits 

Horvath et al.49 
Adults, English speaking, 

MSM, US residence 
276 12 mon 

Categorical: no 

missed (ref), missed 

and not in care.  

multinomial 

regression 
31% 

Jones et al.50 

Jackson Memorial Hospital 

(Miami, FL), adults, in 

care, English speaking, no 

psychotic disorder or head 

trauma 

206 7 mon 

dichotomous: >=75% 

adherence vs <75% 

adherence.  

Chi-square 

and logistic 

regression 

62% 

Cohen et al.51 San Francisco, adults 469 12 mon 
dichotomous: missed 

vs no missed 

logistic 

regression 
45% 

Kahana et al.26  

ATN cohort, 12-26 yrs, 

aware HIV infected, 

English or Spanish 

speaking 

1891 12 mon 
dichotomous: missed 

vs no missed 

means as 

intercept 

model with 

Bernoulli 

distribution* 

50% 

Hightow-Weidman et 

al.52 

North Carolina, 18-30 yrs, 

Biological male, black, 

reside in North Carolina, 

have access to mobile 

device, MSM 

193 12 mon 
dichotomous: no 

missed vs missed 

logistic 

regression 
48% 

Reisner et al.37 

14 AMTU sites, 

Transgender, 16-24 years, 

understand English 

56 6 mon 

2 dichotomous: 

missed 2+ vs no 

missed, missed vs no 

missed 

logistic 

regression 
34% 

Safo et al.31 

9 HRSA demonstration 

sites, adults, women of 

color 

862 12 mon 
dichotomous: >1 vs 

<=1 missed 

Chi-square 

test, logistic 

regression 

45% 
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Author, article # 
Location (Cohort) and 

criteria 

Sample 

size 

Study 

period 

Missed visits 

measure 

Statistical 

method 

% of missed 

visits 

Anderson et al.44 

Johns Hopkins, adult, 

women, English speaking, 

in clinic 1+ year, with 

intimate relationship 

232 12 mon 

dichotomous: 

missed>33% vs 

missed <=33%  

logistic 

regression 
36% 

Pence et al.53 
CNICS cohort, adults, 2+ 

PHQ measures completed  
5927 12 mon 

dichotomous: missed 

vs no missed 

poisson 

regression 
18.8* 

Tarantino et al.36 

ATN cohort, 12-24 yrs, 

understand English or 

Spanish 

2125 12 mon 

dichotomous: >=2 

missed vs <=1 

missed 

logistic 

regression 

64% (36% 

2+) 

Christopoulos et al.54 CNICS cohort, adults 4214 2*6mon 

dichotomous: >=2 

missed vs <=1 

missed 

logistic 

regression 
24% 

Kay et al.27  
Southeastern US clinic, 

adults 
1159 12 mon 

3 categories: 0 

missed, 1-2 missed, 

3+ missed  

multinomial 

logistic 

regression 

40% 

Mannes et al.29 Florida, adults 801 6 mon 
dichotomous: missed 

vs no missed 

logistic 

regression 
25% 

Pence et al.30 
CNICS cohort, adults, HIV 

2+ visits in 2002-2015 
10374 12 mon 

dichotomous: missed 

vs no missed 

logistic 

regression 
53% 

Turan et al.55 4 WIHS sites, adult women 453 24 mon 
dichotomous: missed 

vs no missed 

logistic 

regression 
30% 

Batey et al.56 

6 academically-affiliated 

HIV clinics, HIV, +1 visit, 

1+ scheduled visit 

10053 12 mon 

3 measures: 

continuous (missed 

in count), 

dichotomous (missed 

vs no missed), ratio 

(visited/scheduled) 

poission, 

logistic, 

linear 

regression 

na 
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Author, article # 
Location (Cohort) and 

criteria 

Sample 

size 

Study 

period 

Missed visits 

measure 

Statistical 

method 

% of missed 

visits 

Cressman et al.57 WIHS cohort, adult women 1578 6 mon 
dichotomous: missed 

vs no missed 
log binomial 15% 

Fazeli et al.58 

Southeastern US urban 

clinic, HIV+ for 1+ year, 

40+ yrs, no comorbidities 

95 24 mon 
ratio: 

missed/scheduled 

Pearson’s 

correlation/t 

test, 

hierarchical 

linear 

regression 

na 

Batchelder et al.59 

INSIGHT cohort, adults, 

MSM, substance use, 

reside in Massachusetts 

202 6 mon 
dichotomous: missed 

vs no missed 

logistic 

regression 
63% 

Kay et al.60 WIHS cohort, adult women 1366 6 mon 
dichotomous: no 

missed vs missed 

logistic 

regression 
na 

Menza et al.61 MMP cohort, adults 15964 12 mon 
dichotomous: missed 

vs no missed 

logistic 

regression 
24% 

Pearson et al.62 
CNICS cohort, adults, 

PRO survey completed 
5825 12 mon 

dichotomous: no 

missed vs missed 

logistic 

regression 
44% 

Judd et al.63 

Urban clinic, AA 

community, adults, 1+ 

prior appointment 

105 13 mon 
dichotomous: no 

missed vs missed 

logistic 

regression 
44% 

Lesko et al.28 

CNICS, adults, 1+ 

encounter, 1+ visit, 1+ visit  

in prior year, 1+ visit in 

study year 

21481 18-24mon 

2 dichotomous: 

attended >=75% vs 

attended <75%, 

missed>25% vs 

missed <=25% 

logistic 

regression 
42% 

Sohail et al.43 

UAB 1917 clinic cohort, 

cis-gender, adults, newly 

diagnosed, heterosexual 

152 24 mon 
2 dichotomous: 

attended vs no 

logistic 

regression 

33.8%, 

35.3% 
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Author, article # 
Location (Cohort) and 

criteria 

Sample 

size 

Study 

period 

Missed visits 

measure 

Statistical 

method 

% of missed 

visits 

attended, missed vs 

no missed 

Sohail et al.64 
Alabama D4C cohort, 

adults 
6410 24 mon 

dichotomous: no 

missed vs missed 

logistic 

regression 
28% 
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Table 2. Quality assessment using Newcastle-Ottowa Scale tool. 

Author, article # Selection Comparability Outcome 
Overall 

rating 

 
1. Representative-

ness of the 

Exposed Cohort 

2. Selection 

of the Non-

Exposed 

Cohort 

3. 

Ascertain

ment of 

Exposure 

4. Demonstration That 

Outcome of Interest Was 

Not Present at Start of 

Study 

1. Comparability of 

Cohorts on the Basis 

of the Design or 

Analysis 

1. 

Assessm

ent of 

Outcome 

2. Was Follow-Up 

Long Enough for 

Outcomes to Occur 

3. 

Adequac

y of 

Follow 

Up of 

Cohorts 

Good, 

fair or 

poor 

Mugavero et 

al.5 
1 1 1 0 1 1 1 1 Good  

Mugavero et 

al.47 
1 1 1 0 1 1 1 1 Good  

Bofill et al.35 1 1 1 0 1 1 1 1 Good  

Sarnquist et 

al.48 
0 1 1 0 1 0 1 0 Poor  

Traeger et al.3 0 1 1 0 1 1 1 1 Fair  

Horberg et 

al.11 
1 1 1 0 1 1 1 1 Good  

Horvath et 

al.49 
0 1 1 0 1 0 1 1 Fair  

Jones et al.50 1 1 1 0 1 1 1 1 Good  

Cohen et al.51 0 1 1 0 1 0 1 1 Fair  

Kahana et 

al.26  
0 1 1 0 1 0 1 1 Fair  

Hightow-

Weidman et 

al.52 

0 1 1 0 1 0 1 1 Fair  

Reisner#1237 0 1 1 0 1 0 1 1 Fair  

Safo et al.31 0 1 1 1 1 1 1 1 Good  

Anderson et 

al.44 
0 1 1 0 1 1 1 1 Good  

Pence et al.53 1 1 1 0 1 1 1 1 Good  

Tarantino et 

al.36 
0 1 1 0 1 0 1 1 Fair  
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Author, article # Selection Comparability Outcome 
Overall 

rating 

 
1. Representative-

ness of the 

Exposed Cohort 

2. Selection 

of the Non-

Exposed 

Cohort 

3. 

Ascertain

ment of 

Exposure 

4. Demonstration That 

Outcome of Interest Was 

Not Present at Start of 

Study 

1. Comparability of 

Cohorts on the Basis 

of the Design or 

Analysis 

1. 

Assessm

ent of 

Outcome 

2. Was Follow-Up 

Long Enough for 

Outcomes to Occur 

3. 

Adequac

y of 

Follow 

Up of 

Cohorts 

Good, 

fair or 

poor 

Christopoulos 

et al.54 
1 1 1 0 1 1 1 1 Good  

Kay et al.27  1 1 1 0 1 1 1 1 Good  

Mannes et 

al.29 
1 1 1 0 1 0 1 1 Good  

Pence et al.30 1 1 1 0 1 1 1 1 Good  

Turan et al.55 0 1 1 0 1 0 1 1 Fair  

Batey et al.56 1 1 1 0 1 1 1 1 Good  

Cressman et 

al.57 
0 1 1 1 0 0 1 1 Poor  

Fazeli et al.58 0 1 1 0 1 1 1 1 Good  

Batchelder et 

al.59 
0 1 1 0 1 0 1 1 Fair  

Kay et al.60 0 1 1 0 1 0 1 1 Fair  

Menza et al.61 1 1 1 0 1 1 1 1 Good  

Pearson et 

al.62 
1 1 1 0 1 1 1 1 Good  

Judd# et al.63 0 1 1 1 1 1 1 1 Good  

Lesko et al.28 1 1 1 0 1 1 1 1 Good  

Sohail et al.43 0 1 1 0 0 1 1 1 Fair  

Sohail et al.64 1 1 1 0 1 1 1 1 Good  

 

 

  



 
 

 

 
 

3
5

 

Table 3. Summary of predictors of missed visits, and referred articles 

Risk 

factors of 

missed 

visits 

Number of 

articles in 

which risk 

factor(s) 

is/are cited 

    Articles (reference number) Category Overall relationship with missed 

visits 

consisten

cy 

Age 20 
5,47,35,3,11,51,26,31,36,54,27,29,30,55,56,58

,61,62,28,64 
Demographic 

Younger age is associated with 

missed visits18  
N 

Race 15 5, 47,3, 11 51,31,36,54,27,30,56,61,62,28,64 Demographic 

AA, Hispanic, mixed racial is 

associated with missed visits (White 

has better retention) 

Y 

Substance 10 5,47,51,26,52,44,36,30,58,63 Behavioral 
Any type of substance use is 

associated with missed visits 
Y 

HIV risk 

factor/HIV 

transmission 

mode 

9 47,11,51,36,30,56,61,28,64 HIV related 
IDU and Heterosexual are associated 

with missed visits compared to MSM  
PY 

Gender 8 5,47,36,54,30,61,62,64 Demographic 
Transgender/female is associated 

with missed visits 
Y 

Income 8 3,51,52,31,27,61,63 Socioeconomic 
Lower-income/below FPL is 

associated with missed visits 
Y 

Education 7 3,49,52,36,27,58,61 Demographic 
Less education is associated with 

missed visits, not in 18  
N 

Insurance 7 5,47,3,27,30,60,61 Socioeconomic 
Public or uninsured is associated with 

missed visits  
N 

Depression 6 3,50,53,30,58,63 Psychiatric 
Depression is associated with missed 

visits 
Y 

Stigma 6 52, 37,54,57,59,62 Psychiatric 
Stigma/discrimination is associated 

with missed visits 
Y 

Year of 

enrollment 
5 11,26,30,62,28 HIV related 

Long time of 

enrollment/treatment/diagnosis is 

associated with missed visits 

Y 

Durable VL 4 31,29,30,28 Clinic 
Lower VL is associated with missed 

visits, not in 30. 
N 
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Risk 

factors of 

missed 

visits 

Number of 

articles in 

which risk 

factor(s) 

is/are cited 

    Articles (reference number) Category Overall relationship with missed 

visits 

consisten

cy 

Anxiety 4 29,30,55,63 Psychiatric 
Anxiety is associated with missed 

visits 
Y 

Alcohol 4 5,50,44,30 Behavioral 
Alcohol abuse is associated with 

missed visits 
Y 

Social 

support 
4 25,52,36,55 Socioeconomic 

No/less social support is associated 

with missed visits 
Y 

Unemploym

ent or 

disabled 

3 31,36, 63 Socioeconomic 
Unemployment or disabled is 

associated with missed visits 
Y 

Homeless 3 52,61,64 Socioeconomic 
Unstable housing/being homeless is 

associated with missed visits 
Y 

Baseline 

CD4 
3 5, 47, 11 Clinic 

Lower baseline CD4 counts is 

associated with missed visits 
Y 

Previous 

missed 

visits 

2 30,63 HIV related 
Poor previous retention is associated 

with missed visits 
Y 

Number 

scheduled 
2 31,62 HIV related 

More scheduled visit is associated 

with missed visits 
Y 

Heterosexua

l (gender 

identity) 

2 31,62 Demographic 
Heterosexual is associated with 

missed visits 
Y 

Site 2 51,64 Demographic Na NA 

Legal 

involvement 
2 36,61 Behavioral 

Legal involvement is associated with 

missed visits 
Y 

Health 

literacy 
2 58,61 Socioeconomic 

Poor health literacy is associated with 

missed visits 
Y 

Art 2 31,30 HIV related 
Not on ART is associated with 

missed visits 
Y 

Mental 

health 
2 26,36 Psychiatric 

Poor mental health or having mental 

health symptoms is associated with 

missed visits 

Y 
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Risk 

factors of 

missed 

visits 

Number of 

articles in 

which risk 

factor(s) 

is/are cited 

    Articles (reference number) Category Overall relationship with missed 

visits 

consisten

cy 

Ipv 1 61 Health-related 
History of IPV is associated with 

missed visits 
NA 

Youth HIV 

prevalence 
1 26 Demographic 

Youth HIV prevalence >13% is 

associated with missed visits 
NA 

Number 

moved 
1 36 Socioeconomic 

More number of moving is associated 

with missed visits miss visits 
NA 

Partnership 1 43 Demographic 
Not married is associated with missed 

visits.  
NA 

Language 1 48 Demographic 

English speaking is associated with 

missed visits (compared to Spanish 

speaking) 

NA 

Sex 

behavior 
1 36 Behavioral 

Unprotected sex more is associated 

with missed visits 
NA 

Cd4 1 30 Clinic 
Lower CD4 counts is associated with 

missed visits.  
NA 

Prior AIDS 

diagnosis 
1 28 HIV related 

Prior AIDS diagnosis is associated 

with missed visits 
NA 

Pain 1 31 Health-related 
Frequent pain is associated with 

missed visits 
NA 

ER visit 1 61 Health-related 
More ER visits is associated with 

missed visits 
NA 

Cognitive 

function 
1 58 Health-related 

Poor cognitive function is associated 

with missed visits 
NA 

Life chaos 1 49 Health-related 
Have life chaos is associated with 

missed visits 
NA 

Gender 

affirmation 
1 37 Health-related 

Have gender affirmation is associated 

with missed visits 
NA 

Disclosure 1 36 HIV related 
Had HIV disclosed  is associated with 

missed visits 
NA 
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Risk 

factors of 

missed 

visits 

Number of 

articles in 

which risk 

factor(s) 

is/are cited 

    Articles (reference number) Category Overall relationship with missed 

visits 

consisten

cy 

HIV 

appointment 

expectancy 

1 3 Behavioral 
Low appt expectancy is associated 

with missed visits 
NA 

HIV-

knowledge 
1 50 Socioeconomic 

Less HIV-knowledge is associated 

with missed visits 
NA 

RWHAP 

support 

service 

1 27 Socioeconomic 
Not receiving support is associated 

with missed visits  
NA 

Need 

transportatio

n 

1 61 Socioeconomic 
Needing transportation is associated 

with missed visits 
NA 

General 

health 
1 3 Health-related 

Fair/poor health is associated with 

missed visits (ref: good, very good 

and excellent health) 

NA 
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Figure 1. PRISMA-P flowchart of article selection 
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ABSTRACT 

Introduction: Missed visits are associated with poorer treatment and health outcomes 

among people with HIV (PWH). Studies have found that demographic factors and viral 

suppression are associated with missed visits. However, gaps in knowledge remain 

related to how missed visits may affect youth with HIV (YWH), a vulnerable 

subpopulation. 

Methods: In this exploratory study, the authors examined data from an Alabama 

academic Ryan White funded HIV clinic to assess correlations of missed visits among 

clients aged 16 to 24 years old. Ninety-six YWH seen between March 1, 2020 and 

August 31, 2021 were included. Chi-square test was used to establish the association 

between missed visits and treatment outcomes. Unadjusted binary logistic regression 

analysis was performed to estimate the factors associated with missed visits. 

Results: Fifty youth clients (46.88%) had at least one missed visit. Missed visits were 

associated with one negative treatment outcome: YWH with missed visits had more viral 

load rebound (p=0.04). The study also found that identifying as a cisgender male 

(OR=3.35, 95% CI: 1.10-10.20) and being virally suppressed at the index visit (OR=0.41, 

95% CI: 0.18-0.94) were associated with missed visits among YWH.  

Conclusion: Missed visits is an important indicator of retention in HIV care for youth. 

This study is one of the first to examine missed visits in YWH during the COVID-19 

pandemic.  More research is needed to elucidate risk factors associated with missed visits 

in YWH in order to better inform intervention development and improve retention in care 

for youth. 
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INTRODUCTION 

The southern United States has accounted for the majority of HIV incident cases 

across the country for decades secondary to both its large and geographically dispersed 

population and social and political determinates of health that impact health care access 

and outcomes. More specifically, the southern states accounted for 51% of new HIV 

diagnoses in the US in 20201. Similarly, 551,600 people with HIV (PWH) were estimated 

to live in southern states in 2019, which was almost half of the total number of PWH in 

the US2. For PWH, retention in care is a crucial factor for optimal clinical outcomes (e.g. 

undetectable VL).  Studies have demonstrated that clients retained in HIV care have 

better antiretroviral therapy (ART) adherence and better treatment outcomes3-5. However, 

only 50% of the diagnosed PWH are retained in HIV care6. Considering the greater 

proportion of new HIV diagnoses in the south, more attention is needed on keeping PWH 

retained in HIV care in the southern states.  

Several known measures of HIV retention in care have been used in studies. 

Among which the missed (“no show”) scheduled visits is important for all PWH. 

Significant associations between missed visits with treatment failure and mortality were 

found 3,7-10. Evidence suggests that clients with missed visits are more likely to have 

interruptions in ART, resulting in negative treatment outcomes, including lower CD4 

counts, virologic failure and coinfections with other sexually transmitted infections 8,10,11-

19. Identifying clients at greater risk of “missing HIV visits” could prompt healthcare 

providers to preemptively intervene and help these clients identify strategies for visit 

adherence and overall improvement in treatment outcomes.  
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Adolescents (13-19 years old) and young adults (20-24 years old) account for 

about 20% of new HIV infections in the United States consistently20. In 2019, the rate of 

new HIV infections among adolescents was 23.3 per 100,000, which was the 3rd highest 

age group in Alabama. The 2019 Alabama annual report states that new diagnoses are 

shifting towards younger age groups and calls for increased prevention efforts focusing 

on younger populations21. Tarantino et al. (2018) pointed out that youth with HIV (LWH) 

have lower rates of testing, diagnosis, treatment engagement, and viral suppression (VS) 

compared with adults with HIV. Zanoni et al. (2014) estimated only 6% of YWH have 

suppressed HIV viral loads. Associations between poor retention in care and higher risk 

of morbidity and mortality have also been identified among YWH22,23. Importantly, 

unique developmental, psychosocial, behavioral, and infrastructural factors affect this 

vulnerable age group24. Although studies have focused on PWH’s appointment 

attendance and risk factors for missed visits, including some that highlighted younger 

HIV clients being more likely to miss appointment visit than older counterparts; few 

studies have specifically examined YWH’s missed appointment visits10,25. Furthermore, 

the COVID-19 pandemic has significantly altered patients' visit patterns, which in turn 

has impacted the retention in care for individuals living with HIV. Therefore, this study 

was designed to explore the relationships between missed visits among YWH and their 

measurable HIV treatment outcomes (e.g., CD4 count and viral load) and which factors 

may be associated with missed visits among YWH.  
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Materials and Methods 

Study Setting and Participants: 

This cross-sectional study occurred within an Alabama academic center HIV 

clinic which provides HIV treatment and wrap-around services to mothers, perinatally-

infected infants, children, adolescents, young adults up to age 30, and adult women living 

with HIV26.   

YWH engaged in care at the clinic were included in this study based on the 

following eligibility criteria: 

1. Any clients who had established appointment records within CAREWare. 

2. Have complete demographic information available.  

3. Aged 16 to 24 at their first service during the study period.  

4. Have at least two laboratory records of viral load during the study period. 

The study opted to only include YWH 16 to 24 to reduce the effect parents may 

have on younger YWH who must rely on parents/guardians for transportation to visits, as 

the legal driving age in Alabama is 16.  

Data and Measures of Variables: 

Data were extracted from the Human Resources and Service Administration’s 

(HRSA) CAREWare system. CAREWare is an electronic health and social support 

services information system open to HRSA’s Ryan White HIV/AIDS Program recipients 

and providers27. The system began to track appointment status (show, rescheduled, no-
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show) on March 1st, 2020, during the early stages of the COVID-19 pandemic when 

many U.S.-based clinics began transitioning to telehealth appointments. This study 

included all appointment records regardless of in-person or telehealth. Client records 

from March 1st, 2020, to August 31st, 2021, were queried from CAREWare. 

This study’s primary outcomes were missed visits and standard HIV treatment 

outcomes. A missed visit was defined by 1) any ‘no-show’ visit without prior notice or 

rescheduling; or 2) any visit rescheduled for more than 30 days after the original 

scheduled visit. Standard HIV treatment outcomes include current CD4 count, viral load, 

and viral suppression. Viral suppression was defined as having less than 200 copies of 

HIV per milliliter of blood28. 

Missed visits were coded as a dichotomous variable (“missed” as 1 and “not 

missed” as 0). Treatment outcomes were measured by 1) any decrease of 50 or more in 

CD4 count; 2) any decrease in CD4 count; 3) any increase in HIV viral load; 4) VS in the 

last record. The first and last laboratory records among the 18-month study period were 

extracted from CAREWare. The term “index visit” represents the first record or first visit 

during the study period to avoid confusion with “initial visit” because in this study, most 

of these first visits are not initial visits to establish new care.  Decreases in CD4 count of 

50 or more is generally recognized as a clinically significant decrement and attributed to 

more than biological variation in the assay [8]. The authors calculated the change in CD4 

count from index visit to last visit by subtracting the last CD4 record from the index CD4 

record, coded as “1” for “≥50” and “0” for “<50”.  Also, any decrease in CD4 count is an 

indication of possible treatment failure29 and evidence that current treatment may be 
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unable to control HIV infection30. Therefore, a decrease in CD4 count during the study 

period was considered a negative outcome. The last recorded CD4 count was subtracted 

from the index and coded as “decrease” (>0) and “no decrease” (≤0). Clients with no 

change and increased counts were combined due to potential sample size issues (n=1 for 

no changed group). For viral load, this study looked at the viral load maintenance 

(subtracting the index viral load recorded from the last viral load recorded, coded as 

“maintained” (≤, means decreased or no change in viral load) and “rebounded” (>0, 

means increased viral load)), and VS in last record (coded as “yes” and “no”). Clients 

with no change in viral load or whose viral load decreased during the study period were 

considered as viral load “maintained” as some clients’ viral loads remained undetectable 

(Viral Load < 20 copies) throughout the study period.   

Statistical Analysis: 

Chi-Square tests were performed to identify associations between missed visits 

and treatment outcomes. To identify the risk factors associated with missed visits, age 

(continuous, by year), sex (Female and Male), race (African-American (AA), White, and 

Multi-racial; Asian was excluded due to small sample size), HIV transmission mode 

(Heterosexual, Perinatal, and Men who have sex with men (MSM); injection drug use 

was excluded due to small sample size), insurance type (Medicaid, Employer-paid, 

Private paid, and No insurance), and VS in index visits were used as factors related to 

missed visits. These factors were selected based on literature and data availability. Age, 

gender, race, HIV transmission mode, and insurance type were all extracted from 

demographic information in CAREWare. Bivariate logistic regression was conducted to 
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identify the risk factors. Odds ratios (OR), 95% confidence intervals (CI), and p-values 

were reported. All analyses were performed with SAS (Version 9.4, Cary, North 

Carolina, USA).  

Results 

A total of 331 clients were found with appointment records from March 1st, 2020, 

to August 31, 2021, of which, one hundred and one were aged 16-24 at their index visit. 

Ninety-six were included in this study. The majority were male (69.79%), Black or AA 

(72.92%), and MSM (58.33%). This study included both in-person clinic visits and 

telehealth virtual visits. Among 454 visit records, only 15 were telehealth visits, with one 

missed and other 14 all been attended. Fifty clients (46.88%) have at least one missed 

visit. (Table 1).  

Table 1. Demographic information of clients 

 

Association Between Missed Visits and Treatment Outcomes:  

No significant association was found between decreased CD4 count and missed 

visits (p=0.36) or more than 50 counts of CD4 decrease and missed visits (p=0.89) (Table 

2). No association between VS in the last record and missed visits was observed 

(p=0.75). However, YWH with missed visits had more viral load rebound compared to 

those without missed visits (p=0.04) (Table 3). Although the other measures did not show 

any statistical significance, the percentages of clients with missed visits was greater in the 

groups with adverse outcomes (more than 50 counts of CD4 drop and not virally 
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suppressed in the last record). Therefore, the evidence to support the hypothesis that 

missed visits are associated with viral load maintenance, and missed visits have adverse 

effects on treatment outcomes has been found.   

Table 2. CD4 change by missed visits.  

Table 3. Viral load change by missed visits.  

Risk Factors of Missed Visits: 

To understand what factors significantly affected missing HIV visits, continuous 

age, gender, race, HIV transmission mode, insurance type, and VS from index visits were 

examined in unadjusted logistic models. As shown in Table 4, only gender and VS in the 

index visit had significant associations with missed visits (gender: p=0.03, VS in index 

visit: p=0.04). Male clients were much more likely to have missed visits compared to 

female clients (OR=3.35, 95% CI: 1.10-10.20). Clients with VS at index visit had lower 

missed visit rates compared to those without VS (OR=0.41, 95% CI: 0.18-0.94). Age, 

race, HIV transmission mode, and insurance type were not significantly associated with 

missed visits.  

Table 4. Risk factors associated with missed visits among YLWH (n=101).  

Discussion 

YWH are a distinct subgroup of PWH as their care is compounded by their 

continual development cognitively, physically and psychologically.4 Thus, YWH require 

more focused studies on their retention in care and health outcomes. This study provides 

a timely examination of YWH HIV retention and to the knowledge is the only study 
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examining this during the global pandemic. Within this cohort of YWH aged 16-24, 

individuals with missed visits were more likely to have greater VL.  Men and individuals 

not virally suppressed at baseline were more likely to have missed visits. Understanding 

factors influencing HIV visit adherence has the potential to reduce the risk of further HIV 

transmission, improve long-term health outcomes, and aid in ending the pandemic by 

achieving the 90-90-90 goals (90% of all people living with HIV will know their HIV 

status, 90% of all people with diagnosed HIV infection will receive sustained 

antiretroviral therapy, and 90% of all people receiving antiretroviral therapy will have 

viral suppression).31   

The findings are similar to the few other studies that specifically focus on YWH. 

Other studies found associations between ART adherence and viral suppression with 

missed clinic visits.32,33 Additionally, certain demographics were associated with missed 

visits including young gay and bisexual men who were undergoing development of their 

identities, youth from economically disadvantaged areas34, high youth HIV incidence 

areas34, and even female gender, suggesting a complexity of factors impacting visit 

adherence. Early, patient-centered interventions focused on when youth engage in care 

have the potential to be impactful in retaining YWH in care, and thus should be one area 

where future research efforts are focused.  

This study also demonstrated that missed visits are associated with achieving and 

maintaining viral suppression. However, there are currently no standard measures for 

evaluating HIV retention.12 Therefore, a system tracking each client’s appointment status 

is crucial. Thus, interventions such as Data to Care35, which focus on identifying and 
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linking PWH into care and assisting these clients with overcoming barriers to viral 

suppression may be even more important among YWH subgroups. Additionally, more 

youth-tailored strategies able to keep YWH engaged in care are needed. 

The COVID-19 pandemic has significantly impacted clinic visits for a wide range 

of health conditions, including HIV. In an effort to minimize potential exposure to 

COVID-19, many patients and healthcare providers postponed or canceled non-urgent in-

person visits. This includes regular check-ups and monitoring visits for chronic 

conditions like HIV. This can impact the continuity of care and can potentially lead to 

worsening of the underlying condition. Many healthcare providers rapidly transitioned to 

telehealth (virtual visits) as a safer alternative to in-person visits. This study is one of the 

first to examine missed visits in YLWH after the onset of the COVID-19 pandemic.  

Although this study is not powered to make definitive conclusions, the greater attendance 

of telehealth visits compared to in-person visits suggests virtual visits could be easier to 

keep to some patients. Exploring the connection between appointment attendance and 

virtual visits may help healthcare providers develop interventions to improve the 

retention in care.   

While this is one of the few studies that focuses specifically on YWH and has a 

regional focus, this study had some limitations. First, although inclusion of a longer time 

span would have been ideal, neither the clinic nor CAREWare tracked visit status until 

March 2020, hindering the ability to include any pre-COVID time periods. Additionally, 

as all visits occurred during the COVID-19 pandemic, it was not able to ascertain how the 

pandemic affected visit attendance. Furthermore, certain demographic and client 
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characteristics were unavailable (e.g. year of enrollment/diagnosis, substance abuse, 

psychiatric disorders, and other factors), which could be potential risk factors for missed 

visits in YWH.  It is also important to note, the age range of YWH is not standardized in 

literature. This study chose to use the World Health Organization (WHO) definitions 

where individuals 15 to 24 years of age are considered youth.36 Furthermore, because this 

study aimed to identify risk factors associated with missed visits among YWH, it focused 

on an age range where youth are able to take more responsibility for their behavior. 

Given the legal driving age in Alabama is 16,37 using 16 as the lower limit of cut-off was 

appropriate. However, even with this cutoff, potential bias caused by parental 

involvement (e.g. transportation, appointment reminders, medication reminders) was 

likely. Additionally, this study had a small sample size and was focused on YWH within 

a single state, limiting the generalizability of the findings.   

Conclusions 

In conclusion, this study supports how missed visits have negative effects on 

treatment outcomes for YWH, with being a cis-gender male and not being virally 

suppressed at the index visit serving as risk factors for YWH missed visits. Reducing the 

risk of missing HIV visits could make a difference in improving retention in care. During 

the COVID-19 pandemic, it was crucial to adapt these practices, including transitioning 

to telehealth appointments where appropriate, to ensure continuous care and minimize 

missed visits. More youth-tailored interventions are needed to identify challenges to 

keeping YWH engaged in care and virally suppressed. 
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Table 1. Demographic information of clients (N=96) 

 

Between March 2020 and August 2021, 96 youth with HIV were included in this study. 

Characteristics are summarized from their first visit record during the study period. Data 

are presented as n (%).   

aThe client under the MSM and IDU group was assigned to MSM group in data analysis to avoid 

sample size issue.  

 

  

Variable  Clients 

Age Mean (SD) 20.90 (2.40) 

Gender Female 24 (25.00%) 

 Male 67 (69.79%) 

 Transgender 1 (1.04%) 

 Unknown  4 (4.17%) 

Race AA 70 (72.92%) 

 White 17 (17.71%) 

 Asian 2 (2.08%) 

 More than one race 4 (4.17%) 

 Unknown 3 (3.13%) 

HIV transmission mode Heterosexual 18 (18.75%) 

 MSM 56 (58.33%) 

 Perinatal 17 (17.71%) 

 MSM and IDUa 1 (1.04%) 

 Unknown 4 (4.17%) 

Insurance type Medicaid 19 (19.79%) 

 Private Individual 41 (42.71%) 

 Private Employer 10(10.42%) 

 VA, Tricare and other military health care 2 (2.08%) 

 Other 3 (3.12%) 

 No insurance  8 (8.33%) 

 Unknown 13 (13.54%) 

Any missed visits Yes  51 (53.13%) 

 No 45 (46.88%) 

Index viral suppression Yes 53 (55.21%) 

 No 43 (44.79%) 
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Table 2. CD4 change by missed visits.  

Visit Change (p=0.36) More than 50 counts lose (p=0.89) 

  Fall Not fall Yes (>50) No (<=50) 

Miss 11 (25.00%) 33 (75.00%) 8 (18.18%) 36 (81.82%) 

No miss 14 (34.15%) 27 (65.85%) 7 (17.07%) 34 (82.93%) 

 

Table 3. Viral load change by missed visits.  

Visit Viral suppression (p=0.75) Viral load Maintenance (p=0.04) 

  No(>=200) Yes (<200) Increase Decrease or no change 

Miss 6 (11.76%) 45 (83.33%) 31 (60.78%) 20 (39.22%) 

No miss 4 (8.89%) 41 (91.11%) 18 (40.00%) 27 (60.00%) 

 

Table 4. Risk factors associated with missed visits among YWH (n=101).  

Effect OR 95% CI p-value 

Age       0.32 

  1.09 (0.92, 1.28)  

Sex     0.03 

 Male vs Female 3.35 (1.10, 10.20)  

Race       0.71 

 African-American vs White 1.42 (0.46, 4.40)  

 More than one race vs White 2.25 (0.29, 17.76)  

HIV risk factor     0.20 

 Heterosexual vs Perinatal 0.25 (0.04, 1.45)  

 MSM vs Perinatal 1.10 (0.42, 2.93)  

Insurance type     0.64 

 Medicaid vs Private - Individual 0.66 (0.20, 2.17)  

 Private - Employer vs Private - Individual 0.38 (0.10, 1.46)  

 Other vs Private - Individual 0.94 (0.12, 7.52)  

 No Insurance vs Private - Individual 1.09 (0.30, 4.01)  

Viral Suppression in first record     0.04 

 Yes vs No 0.41 (0.18, 0.94)  

Bivariate logistic regression was conducted. Odds ratios, 95% confidence intervals, and p-values 

were reported. Bold p-value indicates significance at p<0.05.   
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Introduction 

Retention in health care is critical in achieving optimal health outcomes 

particularly for people living with HIV (PLWH) and also play a role in preventing HIV 

transmission1. Retention measures are numerous and include missed (no-show) clinic 

visits2. Missed visits are uniquely captured in real time by clinics, amenable to immediate 

intervention, and associated with deleterious HIV outcomes3. It has been identified that 

HIV patients missing three or more HIV clinic appointments have more than triple the 

risk of death from any cause2. Also, patients who missed visits within the first year after 

initiating HIV care had more than twice the rate of long-term mortality4. Paying attention 

to newly-initiated HIV care patients can help ensure proper and timely initiation of 

antiretroviral therapy (ART), monitor the effectiveness of ART, manage side effects, 

prevent drug resistance, and maintain low viral loads. Tracking first-year visit attendance 

can help identify trends and patterns in patient engagement and care and be used to 

inform future interventions, improve healthcare services, and contribute to HIV research.  

Many studies have developed predictive models to help identify high risk in 

patients’ HIV appointment visit attendance5-8. By accurately predicting missed visits, 

healthcare providers can proactively follow up with patients who are at higher risk of not 

showing up. Healthcare facilities can allocate resources more effectively to patients more 

likely to miss appointments. With the development of machine learning, researchers are 

using new techniques to identify the best-performing predictive model for the missed 

visits9-11. Machine learning algorithms can automatically identify complex patterns and 

relationships within large datasets and can be particularly useful in healthcare settings 

where patient records, demographics, and other relevant factors can be extensive12,13. As 
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more data is collected, models can be trained and updated to improve their predictive 

accuracy. Machine learning models can be integrated with existing electronic health 

record (EHR) systems and other healthcare IT infrastructure, allowing for seamless 

access to the relevant data and predictions, streamlining the process for healthcare 

providers. These techniques can ultimately contribute to improving patient care and better 

health outcomes for PLWH.   

However, seldom have researchers used machine learning techniques in the 

newly-initiated HIV care patients. This study is aimed at developing and validating a 

predictive model for missing scheduled HIV care visits with data from a study conducted 

among new-to-care patients. To achieve this, we explore the innovative technique of 

oblique survival random forests, which offers a unique approach for analyzing time-to-

event data while considering interactions among covariates14. The oblique survival 

random forests method has gained attention in recent years due to its ability to capture 

non-linear and interactive effects between predictors, which are often present in complex 

healthcare datasets. To comprehensively evaluate the performance of the oblique survival 

random forests model, we will compare it with other commonly used models, including 

axis-based random survival forests, conditional inference random survival forests, the 

proportional hazards Cox model, penalized Cox proportional hazards, and xgboost, and 

we will identify the key variables that emerge as influential predictors within the oblique 

survival random forests framework, shedding light on the factors that significantly impact 

the likelihood of missed primary care visits among HIV patients. 
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Methods 

Data Sources and Study Population: 

We used data records of Integrating ENGagement and Adherence Goals Upon 

Entry (iENGAGE) to Control HIV intervention trial to generate the predictive model. 

iENGAGE is a 4 session, in-clinic behavioral intervention that is delivered to new clinic 

patients during the first year of HIV care on a flexible delivery schedule, with 

intervention visits scheduled to coincide with HIV medical care visits15. iENGAGE was 

funded by the National Institutes of Health (NIH)/NIAID-funded (R01 AI 103661), 

registered in ClinicalTrials.gov (NCT01900236). The participants were assigned to 

intervention arm or control arm (1:1) randomly. The eligible participants were 18 years 

and older English-speaking adults with documented HIV infection who newly 

establishing HIV care at study site. The study implementation sites were the University of 

Alabama at Birmingham (UAB), the University of North Carolina at Chapel Hill (UNC), 

Johns Hopkins University (JHU) in Baltimore, and the University of Washington in 

Seattle (UW)16. Three hundred seventy-one participants were enrolled across the study 

sites, 369 were used for analysis, as one participant was withdrawn due to eligibility, two 

participants didn’t show in any of the visits based on the data records.   

Predictor and Outcome Variables: 

The iEngage study collected data on multiple aspects: Demographic information 

(gender, race/ethnicity, age at first primary care visit, HIV risk factor (or HIV 

transmission mode), baseline insurance), Study-related information (whether started ART 

by a week after baseline, study site, study arm, baseline CD4 count, baseline Viral load) 
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and computer-administered self-interview (CASI) data. Considering of the validation of 

data, only the baseline variables of following instruments were included in the predictive 

models: Patient Health Questionnaire depression scale-PHQ-817, PHQ-Anxiety scale18-20, 

The Alcohol, Smoking and Substance Involvement Screening Test (ASSIST)21, The 

AUDIT Alcohol Consumption Questions (AUDIT-C)22, Coping styles assessed with 

Brief COPE scale23, Medical Outcomes Study social support score (MOS-4)24, HIV 

Stigma using Bunn, Solomon, Miller, and Forehand’s (2007) version of the HIV stigma 

scale 25,26 (includes enacted, disclosure concerns, negative self-image, and public stigma) 

and Chronic Illness Anticipated Stigma Scale (CIASS) by Earnshaw27 (includes family, 

friends, healthcare stigma), and Self-efficacy scales28. Table 1 lists the included 

instruments and names and explanations. 

The outcome variable Is defined as not showing up for a scheduled HIV primary 

care visit based on the study records. Cancelled, or bumped visits were not considered 

no-show visits. Time to event was computed as the time elapsed between the initial HIV 

care visit and the first missed visit in days.   

Time Frames: 

This study used two time frames to evaluate the models: the first one is based on 

the iEngage study time frame, which set 96 week (672 days) observational periods as the 

study time frame. Event times included were between 1 to 672 days, and right-censored 

observations. Those with event times or last date of contact more than 672 days were 

censored at 672 days. However, iEngage study kept the visit record after the 96 weeks 

study period, up to 3 years for some participants.  For this research, we considered a 
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longer time frame based on the data records we have collected, and performed models on 

both time frames. This methodology allows us to compare the models on both fixed time 

frame and continuous time frame.  

Models: 

As we have a time-to-event outcome, models included were related to either Cox 

proportional hazards (CPH) model or random survival forests (RSF) model. CPH models 

are commonly used in medical research29 and we included 3 types: traditional CPH, 

penalized CPH, and extreme gradient-boosted CPH. The traditional CPH estimates the 

hazard ratio associated with each predictor and provides valuable insights into the relative 

impact of each predictor on the risk of the event30. Penalized CPH achieves more stable 

coefficient estimates, mitigating the potential effects of overfitting by applying penalties 

to the likelihood function31. Extreme gradient boosted CPH, specifically, XGBoost-COX, 

provides enhanced predictive performance by sequentially boosting the individual weak 

learners, allowing for the identification of complex interactions and non-linear 

relationships32-34. RSF models included were oblique random survival forest (ORSF), 

axis-based RSF, and conditional inference (CIF) RSF model. Axis-based RSF focuses on 

identifying meaningful splits based on survival times and censoring status35. ORSF model 

captures non-linear relationships and interactive effects among predictors, allowing for 

the identification of complex relationship in the data36. CIF RSF provides robust 

estimates of the associations with event by considering the conditional relationships 

between predictors and the survival outcome37-39. The details of each model and 

implemented packages are listed in Table 2.  
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Model Tuning and Evaluation: 

Monte-Carlo cross validation was used with 25 runs for the data preparation. Each 

run was separated into 75% and 25% for training and testing respectively. For each 

learner, we computed Concordance (C)-statistic, and index of prediction accuracy 

(IPA)40. The C-statistic is the most frequently used evaluation metric of survival 

models41. The C-statistic measures goodness of fit for binary outcomes models and yields 

the probability a randomly selected patient who experienced an event had a higher risk 

score than a patient who had not experienced the event42. IPA quantifies the performance 

of a risk prediction model by reflecting calibration and not just discrimination40. It 

assesses how well the model's predicted probabilities align with the actual outcomes in a 

probabilistic sense. This means that a high index of prediction indicates that the model 

not only accurately discriminates between high and low-risk individuals but also assigns 

probabilities that are well-calibrated, increasing the confidence in the model's predictions. 

Both C-statistic and IPA were scaled by 100 to avoid any excessive amount of leading 

zeros.   

Implementation: 

All analyses were performed in R studio based on R version 4.2.143. Missing 

values in predictors were imputed using nearest neighbors with the recipe function under 

the tidymodels package44.  The Monte Carlo cross-validation was conducted with the 

package purrr 45.  
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Results 

Study Population: 

In 371 iEngage participants, 369 participants with complete records were included 

in this study. The participants are mostly male (79%), African American (63%), non-

Hispanic ethnicity (95%), with the risk factor of men having sex with men (60%), with 

public paid insurance (47%), not having ART initialed at the time of study enrollment 

(58%). Two hundreds and sixty-seven (72.4%) participants had baseline viral load more 

than 10,000 copies/mL, and 234 (63.4%) participants had CD4 counts higher than 250 at 

baseline. Eighty-six patients either have the first missed visits after the 96-week time 

range or did not miss any visits even during the 96 weeks.   

Table 3 shows the details of characteristics by visit status based on 96 weeks 

observational period. Among 369 participants, 216 (58.5%) have missed at least one 

scheduled visit, and 153 (41.5%) attended all visits during the 96 weeks study period.  

Table 4 is based on the continuous time frame. One hundred and thirty-four 

participants (36%) didn’t miss any scheduled HIV primary visit, while 235 participants 

(64%) had at least one missed HIV primary visit. The survival time of the missed visits 

participants ranges from 7 days to 1098 days.   

Model Performance: 

The data was divided into two sets: a training set consisting of 6,900 observations 

(randomly selected from 276 patients, repeated 25 times) and a test set consisting of 

2,325 observations (remaining patients from the random selection, repeated 25 times). 

The observational period spanned 96 weeks. The overall C-statistics for the RSF and 
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CPH models were tied, with both models achieving a mean C-statistic of 72.7. Among all 

six models, the CIF-RSF and penalized CPH models demonstrated the highest C-

statistics. Regarding the IPA score, RSF models had a slightly higher mean score 

compared to CPH models, with values of 10.4 and 9.7, respectively. While the ORSF 

model did not stand out significantly in terms of either C-statistics or IPA, its 

performance was still good with a C-statistic of 72 and an IPA score of 10. 

With the continuous time frame, among the six learners, the CIF-CPH and Axis-

based RSF models demonstrated the highest IPAs, with values of 10 and 9.4, 

respectively. These models excelled in capturing important survival patterns and 

relationships. ORSF, along with other random survival forest models, achieved an overall 

mean C-statistic of 71, indicating a reasonably good discriminative ability. Additionally, 

the ORSF model exhibited an overall mean IPA of 9.1, indicating its capability to capture 

relevant information within the survival curves. 

With the assessments of both datasets, overall, the ORSF model demonstrated 

respectable performance, although it did not achieve the highest C-statistics or IPA scores 

compared to other models. While other models may have slightly higher C-statistics or 

lower IPA scores, the ORSF model demonstrates a balanced performance, making it a 

valuable approach within the context of this study. Nevertheless, with C-statistics of more 

than 70 and IPA scores of 10 and 9.4, the ORSF model exhibited good predictive 

capabilities within the context of this study. Table 5 and Table 6 show the model 

summary statistics of 96 week time frame and continuous time frame. 

Predictive Model and Variable of Importance: 
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The most important 10 variables based on the variable of importance (VI) of both 

data frames were listed (Figure 1). Both plots indicate that age is the most important 

variable in the predictive model, followed by insurance. Race, Bunn disclosure concerns 

score, anticipate stigma of healthcare and friends, coping style of use of emotional 

support, self efficacy score, and using study intervention are all in the top 10 in both 

plots.   

Age and insurance type emerged as the most influential variables with 

significantly higher Variable Importance (VI) scores. Figure 2 illustrates the relationship 

between insurance type, age, and the risk of missing visits based on the continuous time 

frame. Specifically, the analysis focused on patients aged between 20 and 50, 

representing the majority of the patient population. Patients without insurance coverage 

exhibited the lowest risk of missing visits throughout the age range. The probability of 

missing a visit started at 43% and gradually decreased to 35% by the age of 50. In 

contrast, patients with privately paid insurance began with a 48% probability and ended 

with a 40% probability of missing visits within the same age range. In comparison to 

these insurance types, patients with publicly funded insurance (such as Medicaid or 

Medicare) had a higher likelihood of missing visits. At the age of 20, their probability of 

missing a visit stood at 58%, gradually decreasing to 50% by the age of 50. In other 

words, individuals under publicly funded insurance coverage had a probability exceeding 

50% of missing their scheduled appointments until the age of 50. Conversely, for those 

with private insurance or no insurance at all, the likelihood of missing appointments was 

less than 50% from the age of 20 onwards. Additionally, irrespective of insurance type, 

older individuals demonstrated a higher likelihood of adhering to their scheduled visits. 
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The 96 weeks dataset generated plot with high similarity, the corresponding plot 

has been included in the figure 3.  

Discussion 

The latest prevalence-based HIV continuum data reported an estimated 50% 

PLWH were retained in care46.  In the National HIV/AIDS strategy for the United States 

2022-2025, increasing retention in care and adherence to HIV treatment is defined as a 

key objective, with the goal of improving HIV-related health outcomes of people with 

HIV47.  Predictive analytics can be a powerful tool to achieve this objective. Some studies 

have used machine learning algorithms to predict missed appointments or engagement in 

HIV care48,11. They all pointed out that retention history or previous attendance status are 

important variables in their models. This study applied machine learning to patients’ HIV 

care appointment attendance data, and built a predictive model able to predict the visit 

status of a new to HIV care patient with the information can be collected during the initial 

visit. This approach allows care providers to separate high-risk and low-risk patients 

effectively using limited medical records.  

Consistent with prior studies, our study found that specific health insurance type 

can make contributions to poor retention in HIV care49. However, there are research 

pointing out that patients with no insurance are more likely to miss their visits50, which 

conflicts with our conclusion. Patients without health insurance may have limited access 

to healthcare services. Consequently, when they do have an opportunity to receive 

primary care, they may be more motivated to attend their appointments and make the 

most of the available resources. Once the patients entered the iENGAGE study, those 
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uninsured patients were linked to Ryan White HIV/AIDS Program to get insurance 

coverage. Recognizing the importance of managing their health and being linked to 

insurance coverage, these individuals may prioritize attending primary care appointments 

to address their health needs and proactively manage their conditions. Linkage to care 

and insurance are important to newly diagnosed HIV patients. 

This study aimed to use machine learning algorithms, seek the risk factors that 

compose an effective predictive model on missed visits. Table 3 and Table 4 also provide 

insight into the possible risk factors with a simple contingency table with p-values. With 

different time frames, the significant risk factors from the two tables are consistent, but 

when we compared the results here to the results of machine learning models, it’s hard to 

say we have found the same associations with different methods. Traditional predictive 

analytics can be simple and more audience-friendly since they are easier to interpret, 

while the machine learning algorithms can handle more model complex, non-linear 

relationships and interactions between variables. With machine learning techniques, we 

can handle large datasets. This is increasingly important when processing massive 

electronic medical records.  

We compared the overall performances of ORSF model and other machine 

learning models, which are all powerful tools for survival analysis. ORSF exhibited 

competitive and balanced performance with the C-statistic and the IPA.  Unlike 

traditional survival models that assume linear relationships, ORSF allows for non-linear 

and interactive effects, making it well-suited for identifying intricate patterns in survival 

data. This flexibility enables the model to better handle complex real-world scenarios 

where predictors may have nonlinear associations with the survival outcome. The aorsf 
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package incorporates various functions that streamline and expedite the model 

development process, making it both easier and faster compared to previous approaches. 

These functions facilitated the generation of VI and figures with significantly reduced 

effort. Users can now obtain informative and visually appealing outputs without having to 

invest extensive time and resources.  

This study has some limitations: firstly, the sample size is relatively small. 

Although cross-validation has been conducted, there are chances that the complexity of 

the machine learning was limited. Also, small sample size may not be representative of 

the population we’re interested in. This means the predictive model might not generalized 

well to new data from the same population. Secondly, although we did imputation to deal 

with the missingness, we are essentially making educated guesses about the missing 

values. Imputations can either add random noise or oversmooth the data, either may lead 

to misleading conclusions. Also, the iENGAGE study data doesn’t include some other 

variables which have been identified as important risk factors of missed visits, for 

example, education level7,52-54, income level7,51,54, legal involvement52,54, or health 

literacy53,54.  

Conclusions 

Retention in care is crucial for HIV patients who initiated care. It is important to 

keep all visits to receive the optimal care and to improve overall health. This study 

developed a predictive model of missed visits among new to care patients using 

iENGAGE data by employing the oblique survival random forests technique. We 

compared various models utilizing different machine learning methods, and found that 
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ORSF model has good performance. Such a model will allow health care providers 

predict who is at higher risk of missing visits with limited information. And targeted 

intervention should be developed to patients likely to benefit most.  
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 Table 1. Instruments implemented in iENGAGE study. 

Instrument Variable Name Explanation Measure 

Patient Health Questionnaire 

depression scale 
PHQ8 Assessed based on 8 items 

3 categories: a. no depressive 

disorder (<10);  

b.Major depression (10-19); c. 

Severe depression (>=20) 

PHQ-Anxiety scale PHQAnx Assessed based on 5 items 
3 categories: a. None; b. Panic 

symtoms; c.Panic disorder 

The Alcohol, Smoking and 

Substance Involvement 

Screening Test (ASSIST ) 

ASSIST_Crack ASSIST: Cocaine or crack 
3 categories: a. Never; b.Prior; 

c.Current 

ASSIST_Amp ASSIST: Amphetamines 
3 categories: a. Never; b.Prior; 

c.Current 

ASSIST_Opi ASSIST: Opiates 
3 categories: a. Never; b.Prior; 

c.Current 

ASSIST_Mari ASSIST: Marijuana 
3 categories: a. Never; b.Prior; 

c.Current 

ASSIST_IVDU ASSIST: IVDU 
3 categories: a. Never; b.Prior; 

c.Current 

ASSIST_Substance 
ASSIST: Substance use (not including 

marijuana) 

3 categories: a. Never; b.Prior; 

c.Current 

The AUDIT Alcohol 

Consumption Questions 
AUDIT-C  Assessed based on 3 items 

3 categories: a. No risk; b. Low 

risk; c. High risk 

Coping styles assessed with 

Brief COPE scale  

BriefCOPE_ActiveCop

ing 
BriefCOPE: Active coping, items 2 and 7 Continuous: 2-8 

BriefCOPE_Denial BriefCOPE: Denial, items 3 and 8 Continuous: 2-8 

BriefCOPE_Substance

Use 
BriefCOPE: Substance use, items 4 and 11 Continuous: 2-8 

BriefCOPE_UseOfEm

otionalSupport 

BriefCOPE: Use of emotional support, 

items 5 and 15 
Continuous: 2-8 
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Instrument Variable Name Explanation Measure 

BriefCOPE_Behavioral

Disengage 

BriefCOPE: Behavioral disengagement, 

items 6 and 16 
Continuous: 2-8 

BriefCOPE_PositiveRe

framing 

BriefCOPE: Positive reframing, items 12 

and 17 
Continuous: 2-8 

BriefCOPE_Acceptanc

e 
BriefCOPE: Acceptance, items 20 and 24 Continuous: 2-8 

BriefCOPE_Religion BriefCOPE: Religion, items 22 and 27 Continuous: 2-8 

BriefCOPE_SelfBlame BriefCOPE: Self-blame, items 13 and 26 Continuous: 2-8 

Medical Outcomes Study 

social support score 
MOS4Score Assessed on 4 items. Continuous: 0-100 

HIV Stigma using Bunn, 

Solomon, Miller, and 

Forehand’s version of the HIV 

stigma scale 

BunnEnactedStigma 
Bunn ENACTED STIGMA score 

(29,21,24,28,25,32,27,16,31,26,23) 
Continuous: 1-4 

BunnDisclosureConcer

ns 

Bunn DISCLOSURE CONCERNS score 

(18R,22,15,6,30,1,4,19) 
Continuous: 1-4 

BunnNegativeSelfImag

e 

Bunn NEGATIVE SELF IMAGE score 

(13,7,11,20,3,2,8R) 
Continuous: 1-4 

BunnPublicStigma 
Bunn PUBLIC STIGMA score 

(12,14,5,10,17,9) 
Continuous: 1-4 

Chronic Illness Anticipated 

Stigma Scale (CIASS) by 

Earnshaw 

AnticipatedStigma_Fa

mily 
Earnshaw anticipated FAMILY stigma Continuous: 1-5 

AnticipatedStigma_Fri

ends 
Earnshaw anticipated FRIENDS stigma Continuous: 1-5 

AnticipatedStigma_Hea

lthcare 

Earnshaw anticipated HEALTHCARE 

stigma 
Continuous: 1-5 

Self-efficacy  scales SelfEfficacyScore2 
Self efficacy score 2 (average of non-

missing responses) 
Continuous: 0-10 
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Table 2. Machine learning algorithms assessed in this study. 

Model Package Description 

Random Survival Forests  The ORSF model combines elements of survival analysis and random forests. 

The Axis-based RSF is a variant of the RSF approach that utilizes axis splits to 

divide the predictor space. The CIF-RSF  is an extension of the RSF approach 

that incorporates conditional inference trees.  

 Oblique RSF (ORSF) Aorsf55 

 Axis based RSF  Ranger56 

 Conditional Inference RSF (CIF-RSF) Party57-61 

Cox Proportional Hazards  The CPH assumes that the hazard function is proportional across different 

levels of the predictors. The Penalized CPH extends the original CPH model 

by incorporating a penalized or restricted likelihood approach. The XGBoost-

Cox implemented using the XGBoost framework, combines gradient boosting 

techniques with the CPH model. 

 Original CPH Survival62,63 

 Penalized CPH Glmnet64 

 Gradient Boosted CPH(XGBoost-Cox) Xgboost65 
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Table 3. Characteristics of participants by visit status in 96 weeks  

 

 

 

  No missed % Missed  % Total p-value 

Race             

 Black or African American 83 35.93 148 64.07 231 0.02 

 White 56 51.85 52 48.15 108  

 Asian 6 66.67 3 33.33 9  

 Native American 1 50 1 50 2  
  Other 7 36.84 12 63.16 19  
Ethnicity         

 Hispanic 9 47.37 10 52.63 19 0.59 

  Non-Hispanic 144 41.14 206 58.86 350  
Gender               

 Female 27 38.03 44 61.97 71 0.75 

 Male 104 35.62 188 64.38 292  
  Transgender 3 50 3 50 6  
Risk Factor       

 MSM 97 44.5 121 55.5 218 0.05 

 Heterosexual 48 41.03 69 58.97 117  

 IVDU 6 20.69 23 79.31 29  
Insurance         

 Public 49 28.32 124 71.68 173 <0.001 

 Private 56 52.34 51 47.66 107  
  None 46 52.87 41 47.13 87  
Started ART by a week after baseline      

 Yes 69 44.52 86 55.48 155 0.31 

Study Site               

 UAB 71 46.41 82 53.59 153 0.01 

 UNC 37 49.33 38 50.67 75  

 JHU 21 26.92 57 73.08 78  
  UW 24 38.1 39 61.9 63  
Study Arm       

 Control 71 38.38 114 61.62 185 0.23 

 Intervention 82 44.57 102 55.43 184  
Age         
    38.44 12.58 33.77 11.09 35.71 <0.001 

Baseline Viral Load       

 <=20 1 33.33 2 66.67 3 0.61 

 21-200 5 41.67 7 58.33 12  

 201-1000 4 25 12 75 16  

 1001-10000 25 39.06 39 60.94 64  

 >10000 118 44.19 149 55.81 267  
Baseline CD4       

 <=250 44 41.12 63 58.88 107 0.78 

  >250 100 42.74 134 57.26 234   
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Table 4. Characteristics of participants by visit status in continuous time frame 

  No missed % Missed  % Total p-value 

Race               

 Black or African American 70 30.3 161 69.7 231 0.01 

 White 50 46.3 58 53.7 108  

 Asian 6 66.67 3 33.33 9  

 Native American 1 50 1 50 2  
  Other 7 36.84 12 63.16 19   

Ethnicity  

 Hispanic 9 47.37 10 52.63 19 0.3 

  Non-Hispanic 125 35.71 225 64.29 350   

Gender 

 Female 27 38.03 44 61.97 71 0.75 

 Male 104 35.62 188 64.38 292  
  Transgender 3 50 3 50 6   

Risk Factor 

 MSM 87 39.91 131 60.09 218 0.06 

 Heterosexual 42 35.9 75 64.1 117  

 IVDU 5 17.24 24 82.76 29  
Insurance 

 Public 43 24.86 130 75.14 173 <0.001 

 Private 54 50.47 53 49.53 107  
  None 35 40.23 52 59.77 87   

Started ART by a week after baseline 

 Yes 61 39.35 94 60.65 155 0.3 

Study Site  

 UAB 64 41.83 89 58.17 153 0.17 

 UNC 26 34.67 49 65.33 75  

 JHU 21 26.92 57 73.08 78  
  UW 23 36.51 40 63.49 63   

Study Arm 

 Control 62 33.51 123 66.49 185 0.26 

 Intervention 72 39.13 112 60.87 184  
Age               

    38.57 12.9 32.08 11.05 35.71 0.02 

Baseline Viral Load       

 <=20 1 33.33 2 66.67 3 0.07 

 21-200 3 25 9 75 12  

 201-1000 2 12.5 14 87.5 16  

 1001-10000 19 29.69 45 70.31 64  

 >10000 109 40.82 158 59.18 267  
Baseline CD4             

 <=250 40 37.38 67 62.62 107 0.9 

  >250 86 36.75 148 63.25 234   
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Table 5. Model performance statistics: 96 weeks 

 Random Survival Forest (RSF) Cox Proportional Hazards (CPH) 

 Oblique  Axis-based  Conditional Inference Original  Penalized XGBoost 

C-Statistic 72 72 74 73 74 71 

Index of Prediction Accuracy 10 8.1 13 11 9.1 8.9 

 

 

Table 6. Model performance statistics: Continuous time frame 

 Random Survival Forest (RSF) Cox Proportional Hazards (CPH) 

 Oblique  Axis-based  Conditional Inference Original  Penalized XGBoost 

C-Statistic 71 71 71 69 72 68 

Index of Prediction Accuracy 9.4 7.8 10 7.3 8.1 5.9 
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Figure 1. Variable of Importance (VI) of top 10 variables.  
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Figure 2. Survival of different insurance types of 20-50 years old patients by ORSF 

model based on continuous time frame.  

 

 

Figure 3. Survival of different insurance types of 20-50 years old patients by ORSF 

model based on 96 weeks data 
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CONCLUSION AND FUTURE DIRECTIONS 

Keeping HIV care appointments is important for individuals with HIV30. HIV 

primary visit is necessary for monitoring the progress of the disease, adjusting treatment 

plans, providing emotional support, and educating patients31. Missed visits could 

potentially lead to poorer health outcomes, such as lack of viral suppression, increased 

chance for transmitting the virus, and higher mortality rates32-38. 

Research was underway to understand the factors that contribute to missed visits. 

Some of these included socioeconomic factors, mental health issues, stigma associated 

with HIV, and logistical barriers such as transportation or scheduling issues39-42. 

The goal of this dissertation was to provide a comprehensive understanding of 

HIV primary visits by exploring the risk factors associated with missed visits. The 

systematic review highlighted the complexity of the issues of HIV missed visits. The 

review indicates that demographic and socioeconomic risk factors, such as age, gender, 

race, education level, income level, insurance type, etc., are important risk factors that 

have significant effects on missed visits. By examining these factors, researchers can 

identify disparities and inequalities in healthcare access, utilization, and outcomes among 

different population groups. It is evident that results vary across studies due to differences 

in population characteristics, methodological approaches, and the use of different 
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statistical methods. It is essential to acknowledge this heterogeneity when interpreting 

findings and formulating implications for future research and clinical practice. 

In the systematic review, only three included patients under 18 years old43-45. The 

lack of focused studies on missed HIV visits among adolescents and youth is a 

concerning issue considering their elevated risk of HIV transmission and potential 

challenges in retaining them in care. This dissertation explores the relationships between 

missed visits among youth with HIV (YWH) in Alabama who were 16 to 24 years old 

and their measurable HIV treatment outcomes and risk factors associated with missed 

visits among this population. We found evidence to support the idea that missed visits are 

associated with treatment outcomes among YWH. Specifically, being male and being 

virally unsuppressed at their index visit were associated with missed visits in our sample. 

Various demographic factors, such as young gay and bisexual men navigating identity 

development, economically disadvantaged youth, those residing in high HIV incidence 

areas, and even females, have been linked to missed visits, indicating a multifaceted 

range of influences on adherence to healthcare appointments. The focused investigation 

on the impact of missed visits on health outcomes among youth with HIV in Alabama 

unveiled significant findings that extend our understanding within this specific 

demographic. It reinforces the need for interventions to ensure better engagement with 

care in this particularly vulnerable population. 

Finally, we ventured into the realm of predictive analytics using machine learning 

methods among new-to-care patients. This study demonstrated how these cutting-edge 

techniques can leverage complex data to identify patterns that might be less apparent with 
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traditional statistical methods. This approach offers exciting possibilities for developing 

predictive models that could be used to flag patients at risk of missing appointments with 

limited information, enabling early interventions. 

Taken together, these three studies illustrate the multifaceted nature of missed 

HIV visits, both in terms of the factors that contribute to it and the potential strategies to 

address it. The findings underscore the need for a comprehensive approach to HIV care 

that not only provides medical treatment but also addresses the broader social, economic, 

and psychological factors that impact care engagement. The potential of predictive 

analytics to inform such an approach is promising, suggesting a direction for future 

research and practice in this field. 

Tracking missed visits provides a straightforward and practical way to assess 

retention in HIV care, it is easily measured and can be monitored over time11. It can be 

identified and addressed in real-time, allowing for timely interventions to prevent further 

disengagement from care. Using missed HIV visits as a measure of retention in HIV care 

provides a practical and valuable approach to assessing the continuity of care and 

identifying individuals who may require additional support or interventions to remain 

engaged in HIV treatment and prevention services46. Future research should continue to 

explore the integration of predictive analytics in clinical practice, including testing the 

efficacy of interventions informed by these methods. Studies should also seek to 

investigate the impact of specific interventions targeted at the risk factors identified in 

this research, particularly for vulnerable groups such as youth. Ultimately, the goal is to 

provide the most effective and personalized care to people living with HIV, supporting 



 
   
 

 
92 

 

 

them in maintaining consistent engagement with care to achieve the best possible health 

outcomes. 
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APPENDIX B 

R CODE FOR AIM 3 
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library(aorsf) 

library(tidyverse) 

library(tidymodels) 

library(survival) 

library(riskRegression) 

library(data.table) 

library(ranger) 

library(glmnet) 

library(xgboost) 

library(party) 

library(glue) 

library(table.glue) 

library(gt) 

library(haven) 

library(gdata)#for drop.level function 

#library(purrr) 

tidymodels_prefer() 

 

R.utils::sourceDirectory('forLing/functions/') 

 

# my code assumes variables called time and status are the outcomes. 

# here you should make sure your data match this expectation. 

 

dffull = read_sas("updatemodel1.sas7bdat") %>% 

    filter(eventtime>0)%>%drop_na(eventtime) %>% 

 select(-contains("SelfEff_")) %>% 

 select(-contains("SelfEfficacyScore1")) %>% 
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 select(-contains("BriefCOPE2")) %>% 

 rename(time = eventtime, status = VStatus)  %>% 

 mutate_if(is.character, as.factor) 

df1<-replace(df,df=="",NA) 

 

data <- df1 #%>% 

 # remove variables that are not time, status, or predictors 

 # e.g., drop the id column 

 

# reproducibility 

 

set.seed(8675309) 

 

# make the monte carlo cross validation object 

splits <- mc_cv(data, times = 25) 

#splits <- vfold_cv(data, v = 5) 

 

# make a preprocessing recipe (no computing yet) 

preproc_recipe <- recipe(time + status ~ ., data = data) %>% 

 # drop constants 

 step_nzv(all_predictors()) %>% 

 # impute missing values using nearest neighbors 

 step_impute_knn(all_predictors()) %>% 

 # if corr > 0.9, drop one at random 

 step_corr(all_numeric_predictors(), threshold = 0.9) 

 

# some learners need data with categorical variables one-hot encoded. 
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# modify default dummy naming function 

ref_code_namer <- function(var, lvl, ordinal = FALSE, sep = '..'){ 

 dummy_names(var, lvl, ordinal, sep) 

} 

 

preproc_recipe_ref_coded <- preproc_recipe %>% 

 step_dummy(all_nominal_predictors(), naming = ref_code_namer) 

 

mccv_prep <- function(splits, recipe){ 

 # run preprocessor on all splits of the data 

 # dont worry, tidymodels has made this memory efficient. 

 # although it looks like you're copying your data over and over, 

 # that is not what is happening under the hood. 

 splits %>% 

  # just grabbing the unprocessed training and testing sets 

  mutate(train = map(splits, training), 

         test = map(splits, testing)) %>% 

  # now modify them by executing the pre-process steps 

  mutate( 

   # convert train into a prepped recipe 

   # (prepped recipe contains both the preprocessed data 

   #  AND the routines to preprocess new data) 

   train = map(train, ~ prep(recipe, training = .x)), 

   # calling bake(train, new_data = test) to preprocess the 

   # testing data using just the training data 

   test = map2(train, test, ~ bake(.x, new_data = .y)), 

   # now that testing data are preprocessed, we don't need to 

   # keep the recipe around, so we can just juice it to get 
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   # only the preprocessed data 

   train = map(train, juice) 

  ) 

} 

 

mccv_standard <- mccv_prep(splits, recipe = preproc_recipe) 

mccv_ref_coded <- mccv_prep(splits, recipe = preproc_recipe_ref_coded) 

 

# do these one by one in case of errors or just taking a while to run 

 

mccv_results_orsf <- mccv_standard %>% 

 mutate(results = map2(train, test, mccv_iterate, model_type = 'orsf')) 

Sys.time() 

 

mccv_results_rsf <- mccv_standard %>% 

 mutate(results = map2(train, test, mccv_iterate, model_type = 'rsf')) 

 

mccv_results_cif <- mccv_standard %>% 

 mutate(results = map2(train, test, mccv_iterate, model_type = 'cif')) 

 

mccv_results_cox_ph <- mccv_standard %>% 

 mutate(results = map2(train, test, mccv_iterate, model_type = 'cox_ph')) 

 

mccv_results_cox_net <- mccv_ref_coded %>% 

 mutate(results = map2(train, test, mccv_iterate, model_type = 'cox_net')) 

 

mccv_results_xgb_cox <- mccv_ref_coded %>% 

mutate(results = map2(train, test, mccv_iterate, model_type = 'xgb_cox')) 
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Sys.time() 

 

 

# combine results 

 

mccv_results_all <- list(mccv_results_orsf, 

                         mccv_results_rsf, 

                         mccv_results_cif, 

                         mccv_results_cox_ph, 

                         mccv_results_cox_net, 

                         mccv_results_xgb_cox) %>% 

 map(select, id_resample = id, results) %>% 

 map(unnest_wider, results) %>% 

 map(rename, id_model = model) %>% 

 bind_rows() 

 

# analyze mean C-stat and IPA 

mccv_results_smry_pred <- mccv_results_all %>% 

 dplyr::select(id_model, cstat, ibs_scaled) %>% 

 group_by(id_model) %>% 

 summarize(across(gt::everything(), .fns = mean)) %>% 

 # the pivoting below makes this easy to present in tables 

 pivot_longer(cols = -id_model) %>% 

 pivot_wider(names_from = id_model, values_from = value) 

 

# analyze which variables were selected and by which model 

mccv_results_smry_vars <- mccv_results_all %>% 

 select(id_model, vars_selected) %>% 
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 # you have to unnest twice because vars_selected is double listed 

 # (cound probably do this without double listing but why bother) 

 unnest(vars_selected) %>% 

 unnest_longer(vars_selected) %>% 

 group_by(id_model) %>% 

 # for each model, count how many times a variable was picked 

 count(vars_selected) %>% 

 # the proportion of times picked depends on how many mccv splits u did 

 mutate(n = n / nrow(splits)) %>% 

 pivot_wider(names_from = id_model, 

             values_from = n, 

             values_fill = 0) %>% 

 # if a variable was picked >20% of the time by any of the models, 

 # keep it in our summary. Nothing magic about using 20% as a cut-point, 

 # you can modify it to be whatever, including 0 

 filter( xgb_cox > 0.20 | 

         cox_net > 0.20 | 

         cox_ph  > 0.20 | 

         rsf     > 0.20 | 

         cif     > 0.20 | 

         orsf    > 0.20 ) %>% 

 rowwise() %>% 

 mutate(total = sum(across(-vars_selected))) %>% 

 arrange(desc(total)) %>% 

 select(-total) %>% 

 rename(name = vars_selected) 

 

rspec <- round_spec() %>% 
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 round_using_magnitude(digits = c(2,1,0), 

                       breaks = c(1,10,100)) 

 

bind_rows(pred = mccv_results_smry_pred, 

          vars = mccv_results_smry_vars, 

          .id = 'type') %>% 

 mutate( 

  across(where(is.numeric), ~ table_value(.x * 100, rspec = rspec)), 

  across(where(is.character), ~str_replace_all(.x, '0.00', '0')), 

  type = recode(type, 

                'pred' = 'Model summary statistics', 

                'vars' = 'Variables selected, %'), 

  name = recode(name, 

                cstat = 'C-statistic', 

                ibs_scaled = 'Index of Prediction Accuracy') 

 ) %>% 

 gt(rowname_col = 'name', 

    groupname_col = 'type') %>% 

 cols_label(cox_ph = 'Proportional Hazards', 

            xgb_cox=  'XGBoost', 

            cox_net = 'Penalized', 

                       orsf = 'Oblique', 

            rsf = 'Axis based', 

            cif = 'Conditional inference') %>% 

 tab_spanner(columns = c('cox_ph', 'cox_net', 'xgb_cox'), 

             label = 'Cox proportional hazards') %>% 

 tab_spanner(columns = c('orsf', 'rsf', 'cif'), 

             label = 'Random survival forest') %>% 
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 cols_align('center', columns =  c('orsf', 'rsf', 'cif', 

                                   'cox_net')) 
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