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ABSTRACT

Fatigue and memory impairment are each highly prevalent in HIV disease (e.g., Heaton et al.,
2011; Jong et al., 2010), and exert independent influences on adherence to antiretroviral therapy.
However, the combined effects of fatigue and memory impairments on adherence, as well as possible
modulating factors of these effects, remain unknown. This study adopted the Aaronson et al. (1999)
model of fatigue, which predicts that fatigue depletes compensatory resources, thus leaving HIV+
individuals vulnerable to the impact of memory impairment on adherence. The first aim was to determine
the best-fitting model of the relationships between fatigue, compensatory strategy use, retrospective and
prospective memory, and adherence. The second aim was to assess whether changes in fatigue, strategy
use, and memory were associated with changes in perceived medication management efficacy over one
year. Study participants included 177 HIV+ persons who completed a semi-structured clinical interview,
comprehensive neurocognitive battery, a series of questionnaires, and a physical evaluation. CART
adherence was obtained behaviorally with MEMS caps and by self-report of medication management.
Readministration of these assessments (except for the MEMS) was conducted with 57 participants at
follow-up about one year later. Structural equation modeling revealed that adherence was most
parsimoniously represented by contributions from measures of perceived medication management
efficacy and MEMS. In the first aim, the data were fit best by a model comprised of direct and covarying
negative effects of fatigue and strategy use on adherence, which were independent from a direct positive
effect of prospective memory (controlled for retrospective memory) on adherence. In the second aim, data
were fit best by a model comprised of changes in fatigue and strategy use, but not prospective memory, as
significant covariates of change in perceived medication management efficacy. These data revealed
dynamic interplay between fatigue, strategy use, and perceived efficacy, with separate and stable
contributions of prospective memory to perceived efficacy. These and prior findings are discussed in the
context of metacognitive awareness. Ultimately, enhanced understanding of these relationships provides

valuable clinical information that can inform efforts to (1) improve patient-specific targeting of fatigue-
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related assessments and interventions; and (2) develop effective interventions for bolstering adherence in

seropositive populations.
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Investigating the Interrelationships between Fatigue, Memory Impairment, and Medication Adherence

among Persons Living with HIV Disease

INTRODUCTION

Human immunodeficiency virus (HIV) is a chronic, lifelong disease that constitutes a very real
public health concern. According to the Centers for Disease Control and Prevention (CDC), over 40,000
new cases are reported every year in the United States alone. As of 2013, an estimated 1.2 million people
in the United States are living with HIV disease (CDC, 2015a). HIV is a lentivirus that targets
immunoreactive cells, including helper T cells (CD4" T cells in particular), macrophages, and dendritic
cells. HIV infection of these cell types causes direct viral killing of infected cells; pyroptosis of abortively
infected helper T cells; death of infected CD4 cells by cytotoxic lymphocytes; and apoptosis of uninfected
bystander cells. Together, these mechanisms contribute to the decline of CD4 cell counts. Once CD4 cell
counts drop below a critical level (e.g., 200 c¢/ml), the host loses cell-mediated immunity and becomes
significantly more susceptible to opportunistic infections (e.g., cryptococcal meningitis, toxoplasmosis,
Karposi’s sarcoma, etc.). These symptoms of infection are collectively referred to as acquired immune
deficiency syndrome (AIDS).

While eradication of HIV DNA has not been achieved, medical advances have permitted the
control of HIV RNA replication. Over the past decade, prognosis and clinical implications of HIV have
improved significantly with advances in pharmacotherapy, specifically the advent of combination
antiretroviral therapies (CART; also known as highly active antiretroviral therapy, or HAART). cART is
comprised of multiple classes of antiretroviral agents that act in concert on various stages of the HIV life
cycle to suppress plasma HIV RNA (i.e., viral load; DHHS Panel on Antiretroviral Guidelines for Adults
and Adolescents (DHHS), 2016), reverse immunologic decline (e.g., Ryscavage et al., 2014), reduce

progression of HIV disease, and decrease mortality (e.g., Bhaskaran et al., 2008).
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Notably, CART is so successful in controlling HIV infection that HIV is now considered a
chronic, manageable condition in many areas of the world (DHHS, 2016). In the United States and in
other developed countries, survival rates following HIV infection have improved significantly since the
introduction of CART in 1996 (e.g., Powderly 2002), even compared to rates associated with monotherapy
or bi-therapy regimens (de Olalla et al., 2002). The average lifespan for individuals living with HIV has
increased to over 70 years old on average, very close to that of seronegative North Americans (Samji et
al., 2013).

Successful management of HIV disease via CART is predicated on a series of stages. Collectively
known as the HIV treatment cascade, the stages are: (1) knowledge of HIV status through diagnostic
testing; (2) engagement in consistent HIV-related health care; and (3) receipt of and adherence to
effective CART regimens. Successful progression through the first three stages ultimately results in a
fourth stage, which is (4) continual suppression of viral loads below detectable levels. Achievement and
maintenance of viral load suppression are the primary goals of CART. Suppression precludes the virus
from replicating quickly enough to develop resistance to the medications (Deeks et al., 1997) and lowers
rates of transmission (Cohen et al., 2011).

Current treatment guidelines define optimal viral suppression as viral load maintained below the
level of detection (DHHS, 2016). Detection threshold depends on the assay used, but generally ranges
between <20 and 75 HIV RNA copies/ml. Consistent with these guidelines, most studies set viral
suppression thresholds at <50 copies/mL (e.g., Mitchell et al., 2015). Conversely, outright virologic
failure is defined as a confirmed viral load >200 copies/ml (i.e., two or more consecutive readings of viral
load > 200 copies/ml; DHHS, 2016). This measurement discrepancy accounts for the common and well-
documented existence of transient viral blips, which occur when viral load transiently increases above
detectable thresholds, but are immediately preceded and followed by viral loads below detectable levels
(DHHS, 2016; Young et al., 2015). Thus, defining virologic failure with a threshold of >200 copies/ml is

thought to eliminate most cases of viral blips, as well as to control for assay variability (DHHS, 2016).
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Despite the evolution of health care systems in response to the HIV epidemic (Holmes & Sanne,

2015), rates of attrition are high at each stage of the treatment cascade. According to recent estimates,

only 87 percent of HIV+ individuals in the United States know their serostatus (CDC, 2015b). Among the

estimated 942,000 individuals in the United States who were aware of their HIV diagnosis in 2010, about

77 percent were linked to HIV-related health care, and only 51 percent were retained in care (CDC,
2011). Among those receiving care, 89 percent were prescribed ART regimens, and 77 percent of those
prescribed ART maintained viral loads below 200 copies/ml. Cumulatively, only 28 percent of all HIV-
infected individuals in the United States maintain viral loads below 200 copies/ml (CDC, 2011). These
estimates underscore the significant gaps still present in the treatment cascade (i.e., late HIV diagnosis,
insufficient rates of ART prescription, and suboptimal adherence to ART regimens) that represent
significant barriers to reaching optimal treatment outcomes and ultimately halting the progression of the
HIV epidemic (Gardner et al., 2011).

Among seropositive individuals receiving cART, suboptimal adherence represents the primary
barrier to reaching optimal treatment outcomes. Adherence is defined as the extent to which medication-
taking behaviors match recommendations made by healthcare providers. Consistently high cART
adherence is necessary to achieve and maintain viral suppression. Adherence is also strongly associated
with decreased risk of virologic failure (e.g., Gordon et al., 2015), lower rates of treatment-resistant viral

strains (e.g., Harrigan et al., 2005) and lower mortality rates (e.g., de Olalla et al., 2002; Lima et al.,

2007). Adherence may also be linked to occurrence of viral blips, as indicated by some (Podsadecki et al.

2007; Raboud et al., 2002), but not all (e.g., Miller et al., 2004) studies. In contrast, suboptimal CART
adherence is associated with poor health-related outcomes, including greater risk of incomplete viral
suppression (Catz et al., 2000), development of viral resistance (Bangsberg, Kroetz, & Deeks, 2007;
Harrigan et al., 2005), and disease progression (Bangsberg et al., 2001). Thus, identifying salient risk
factors for nonadherence and developing targeted interventions are paramount for improving HIV

prognosis.
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Historically, optimal adherence was defined as taking over 90 percent of prescribed doses (e.qg.,
de Olalla et al., 2002; Woods et al., 2009a). However, advances in CART regimen complexity over the
past 20 years provide higher rates of viral suppression and lower risk of virologic failure at lower rates of
adherence. In one recent study, viral suppression was achieved for more than 80 percent of HIV+
individuals with adherence rates between 80 and 84 percent; furthermore, the odds ratio of viral
suppression at 80 percent adherence was not significantly different from the odds of suppression at 95
percent or greater (Viswanathan et al., 2015). Similarly, in a study comparing three different CART
regimens, adherence rates between 80 and 90 percent were associated with no more than 3.5 percent
virologic failure rate, compared to 1.1 percent virologic failure rate for adherence rates of 90 percent or
greater (Gordon et al., 2015).

Nevertheless, a significant proportion of seropositive adults receiving CART continues to report
suboptimal adherence; across three recent studies, 47 to 61 percent of participants reported < 95 percent
adherence (Biswas et al., 2014; Sax et al., 2012; Viswanathan et al., 2015). In another study, 29 percent of
participants reported < 90 percent adherence, and 18 percent of participants reported < 80 percent
adherence (Gordon et al., 2015). A third study noted that 47 percent of participants reported adherence
rates below 95 percent, and 90 percent of them did not achieve viral suppression (Biswas et al., 2014). In
other recent studies, average rates of adherence were below 90 percent (e.g., Andrade et al., 2013;
Pellowski & Kalichman, 2015).

Furthermore, adherence is affected by myriad health-related factors, including health literacy
(e.g., Kalichman, Ramachandran, & Catz 1999), diet and exercise (e.g., Pellowski & Kalichman, 2015),
beliefs about health and medication (e.g., Kalichman, Kalichman, & Cherry, 2015), demographics (e.g.,
Duran et al., 2001), social support (e.g., Mitchell et al., 2015), and age (e.g., Barclay et al., 2007) among
others. Poor adherence has been found to be twice as high for younger participants than for older
participants (e.g., 68 percent vs. 33 percent; Barclay et al., 2007). Rates of hon-adherence are higher when
neuropsychiatric symptoms are present, particularly depression (e.g., Gonzalez et al., 2011) or substance

use (e.g., Hinkin et al., 2007). Efforts to improve rates of adherence have largely produced modest or
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short-term results (e.g., Binford, Kahana, & Altice, 2012; Nachega et al., 2014), with relatively greater
improvements associated with treatments that target secondary barriers to adherence, such as depressive
symptomatology (e.g., Sin & Matteo, 2014).
Focus of the Current Study

In this study, we sought to further develop our understanding of the complex predictors and
moderators of adherence behavior to inform treatment. To do so, we took a theory-driven approach to
examine the interplay of HIV-associated memory impairment and fatigue, two clinically significant
factors in CART adherence. Neurocognitive impairment is highly prevalent in HIV disease; approximately
30 to 50 percent of seropositive adults evidence clinically apparent signs or symptoms of neurocognitive
impairment (Heaton et al., 2011). Although no unified neurocognitive profile has been observed across
individuals who meet criteria for HIVV-associated neurocognitive disorders (HNRC Group et al., 2008),
patterns of impairment consistent with subcortical or frontostriatal brain systems dysfunction are often
apparent, with executive functions and memory domains most commonly affected (Heaton et al., 2011).
Indeed, impairments in learning and memory are hallmarks of HIV-associated neurocognitive disorders in
the CART era. Unlike the incidence of impairments in motor functioning, cognitive speed, and verbal
fluency, which has declined since the advent of cART, memory impairments are still common among
seropositive individuals taking effective CART (Heaton et al., 2011). Memory resources are intuitively
necessary for executing adherence behaviors, such as recalling the correct dosage (i.e., retrospective
memory) or remembering to take a dose at a specific time (i.e., prospective memory); unsurprisingly,
robust relationships are observed between adherence and impairments in retrospective (e.g., Hinkin et al.,
2004) and prospective (e.g. Woods et al., 2009a) memory. Among physical symptoms, fatigue is the most
common constitutional symptom reported by individuals with HIV (Blackstone, Moore, & Woods, 2013),
and is a common side effect of many antiretroviral medications (e.g., DeJesus et al., 2004), including
integrase strand transfer inhibitors (INSTIs), which are part of first line treatment regimens (DHHS,
2016). Early data show that fatigue is associated with worse cART adherence (e.g., Johnson et al., 2005;

Trotta et al., 2003). However, the role of fatigue in cART adherence for individuals with HIV-associated
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memory impairments remains unelucidated. Presented here is a review of the relevant literature, with
emphases on HIV-associated profiles of neuropathogenesis, general neurocognitive impairment,
retrospective and prospective memory impairments, and fatigue, followed by investigation of these
relationships using path analysis in a retrospective study of previously collected data.
Neuropathogenesis of HIV Disease

HIV infection commonly results in central nervous system (CNS) diseases through two pathways.
Uncontrolled HIV infection causes progressive immune deficiency, of which opportunistic pathogens can
take advantage, thus resulting in CNS diseases secondary to HIV infection (see Ellis, Calero, & Stockin,
2009 for a review). Alternately, HIV can infect CNS tissue directly, causing HIV-specific neurological
syndromes. As the former mechanism has become increasingly uncommon in the cART era (e.g.,
Neuenburg et al., 2002), research efforts have shifted to focus on the latter mechanism, characterized as
primary HIV-induced CNS disease (e.g., Ances and Ellis, 2007). Autopsies of HIV-infected individuals
revealed that the brain was the second most frequently infected organ after the lungs (Masliah, DeTeresa,
Mallory, & Hansen, 2000). Entry into the CNS occurs through a “Trojan Horse” mechanism, involving
infected macrophage-monocyte cells that cross the blood-brain barrier (for review, see Ances & Ellis,
2007). While HIV does not infect neurons directly, HIV-1 DNA has been detected in astrocytes,
neuroendothelial cells, and microglial cells (An et al., 1999).

Viral neuropenetration occurs early in the disease progression. In one recent study, 10 to 25
percent of participants evidenced either local viral replication in the CNS or a robust inflammatory
response in CSF fluid within the first two years of infection; in about 16 percent of participants, CNS
involvement persisted over time (Sturdevant et al., 2015). HIV is thought to target CNS tissue because
microglia and other neural cells present there express the primary cytokine receptors and co-receptors
necessary for HIV to enter cells (Hult, Chana, Masliah, & Everall, 2008). The majority of viral replication
in CNS tissue occurs in microglia and monocyte derived macrophages; immune activation of these cells,
along with that of astrocytes, is thought to be the most significant cause of neurotoxicity in the CNS

(McArthur, Brew, & Nath, 2005; Watkins & Treisman, 2015). HIV viral proteins also induce indirect
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neurotoxic effects on neurons and glia, including synaptodendritic injury (Bellizzi, Lu, & Gelbard, 2006)
and dendritic simplification (Masliah et al., 1997), with striatal dopaminergic neurons demonstrating
particular susceptibility (for a review, see Mclntosh, Rosselli, Uddin, & Antoni, 2015).

While HIV-associated neuropathologies have been observed throughout the CNS (Di Stefano,
Sabri, & Chiodi 2005), HIV is known to preferentially attack fronto-striato-thalamocortical white matter
tracts (Ellis, Calero & Stockin, 2009), as well as the basal ganglia (Hinkin et al., 1995). HIV also affects
the structure and function of other white matter tracts and neural systems, including the parietal lobes
(Hinkin et al., 1995) and corpus callosum (Wu et al., 2006). HIV status has also been associated with gray
matter volume loss in the posterior and inferior temporal lobes, the parietal lobes, and the cerebellum
(Becker et al., 2012). Regional differences in susceptibility to injury from HIV infection appear to be due
in part to unique neurotoxic and transport properties of viral proteins like Tat and other viral proteins
(e.g., Bruce-Keller et al., 2003; for a review, see Rumbaugh & Nath, 2006).

Given the practical and ethical difficulties inherent in examining HIV-related neuropathologies
among samples of living seropositive persons, investigations are primarily limited to autopsy case studies
or non-invasive procedures, such as PET scans (e.g., Hinkin et al., 1995) or CSF samples (e.g., Sturdevant
et al., 2015). Alternately, many researchers study HIV-related neurological impairment indirectly by
investigating the incidence, prevalence, and nature of HIV-associated neurocognitive disorders, which are
known correlates of primary HIV-induced CNS disease (e.g., Anthony & Bell, 2008; Clifford & Ances,
2013).

HIV-Associated Neurocognitive Disorders (HAND)

While impairments in neuropsychological functioning are not observed in all persons with HIV
disease, clinically apparent signs and symptoms of mild or greater neurocognitive impairment are present
in about 36 percent of individuals with asymptomatic HIV infection, and in at least 45 percent of persons
who have developed AIDS (Heaton et al., 2011). HIVV-associated neurocognitive impairments are not
represented by a unitary neurocognitive profile (e.g., Dawes et al., 2008); rather, they have come to be

described by a collection of deficits, defined as HIV-associated neurocognitive disorders (HAND).
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Current estimates of the annual incidence rate of HAND over the lifespan are between 15 and 20 percent
(Robertson et al., 2007; Sheppard et al., 2015). Presence of HAND is associated with worse health-related
outcomes, including lower health literacy (Morgan et al., 2015), poorer medication management (e.g.,
Thames et al., 2011), declines in activities of daily functioning (for a review, see Gorman et al., 2009) and
greater risk of poor retention in HIV care (Jacks et al., 2015).

Unlike other neurodegenerative diseases (e.g., Alzheimer’s disease), HAND is not invariably
progressive (Woods et al., 2009b). A sizeable proportion of seropositive individuals demonstrate a
fluctuating course of neurocognitive functioning over time, and improvement of symptoms to baseline
neurocognitive function is possible (Antinori et al., 2007). Robertson et al. (2007) analyzed the
neurocognitive data of 991 HIV+ individuals in 14 prospective randomized cART clinical trials who were
assessed at baseline and again up to 48 weeks later. Among participants with baseline neurocognitive
impairment, 44 percent improved at follow-up, and 56 evidenced stable neurocognitive impairment.
Among participants with normal neurocognition at baseline, 21 percent evidenced incident neurocognitive
impairment at follow-up. Recently, Vassallo et al. (2014) assessed neurocognitive functioning of 96
seropositive adults over two years. At follow-up, 6 percent of participants improved, 39 percent
worsened, and 58 percent exhibited stable neurocognitive functioning. Finally, in a sample of 436
seropositive adults assessed repeatedly over one to six years, 16 percent of participants demonstrated
improved neurocognitive performance, while 23 percent evidenced declines and 61 percent remained
stable (Heaton et al., 2015).

The current nosology of HAND is based on recommendations from an NIH working group
(Antinori et al., 2007), and is comprised of three possible diagnoses: (1) asymptomatic neurocognitive
impairment (ANI); (2) HIV-associated mild neurocognitive disorder (MND); and (3) HIV-associated
dementia (HAD). HAND diagnoses are determined through assessment of at least five neurocognitive
domains known to be impacted by HIV infection. Domains include attention/working memory, speed of
information processing, language, motor skills, executive functions, sensory perceptual abilities, and

episodic memory. Ideally, assessments are conducted using performance-based neurocognitive batteries
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and interpreted with demographically-appropriate normative data (Woods et al., 2009b), though
utilization of mental status exams is permitted in settings with limited resources (Antinori et al., 2007).
HAND is not diagnosed when neurocognitive impairment can be solely attributed to delirium or a
comorbid condition like psychosis or active substance use disorders. Specific HAND diagnoses are
determined by the severity of neurocognitive impairment and the presence or absence of declines in daily
functioning (e.g., producing more errors at work, difficulty managing finances, etc.).

According to the Frascati criteria (Antinori et al., 2007), ANI is the mildest and most common
form of HAND. ANl is thought to account for the majority of cases of HAND. In a sample of 1,555 HIV+
adults recruited from six university clinics from across the United States, 33 percent met criteria for ANI,
12 percent met criteria for MND, and only two percent met criteria for HAD (Heaton et al., 2010).
Criteria for ANI include demographically-adjusted normative scores greater than one standard deviation
below the mean in at least two cognitive domains (Antinori et al., 2007). Diagnosis of ANI does not
require observed declines in daily functioning.

The diagnostic criteria for ANI are considered too liberal by some research groups, who argue
that the criteria produce unacceptably high false positive rates, and raise ethical dilemmas. Gisslen, Price,
and Nilsson (2011) noted that application of these criteria results in ANI diagnosis for 16 to 21 percent of
seropositive individuals with effective CART. Assuming normal distribution, about 16 percent of any
population is expected to score more than one standard deviation below the mean on a single
neuropsychological test. Expanding to multiple tests, Gisslen, Price, and Nilsson (2011) reported an 18 to
21 percent probability of scoring more than one standard deviation below the mean in one test (or average
of tests) per domain in at least two of five domains tested. Furthermore, the probability of an abnormal
score would increase as number of domains tested increased. Similarly, Meyer, Boscardin, Kwasa, and
Price (2013) reported false-positive frequencies of two to 74 percent for ANI and MND, compared to a
zero to eight percent false-positive frequencies for HAD. Gisslen, Price, and Nilsson (2011) also raised
ethical concerns about diagnosing people with neurocognitive impairments in the absence of symptoms or

complaints; given the uncertain relevance of ANI, the diagnosis may cause unnecessary anxiety and

[9]



impact employment without cause. However, ANI diagnosis has been associated with a two- to six-fold
greater risk of declines in daily functioning, which are the hallmarks of MND and HAD (Grant et al.,
2014), suggesting that ANI diagnosis is relevant for predicting later daily functioning. Additionally, many
individuals with ANI lack awareness of deficits in functional performance (Chiao et al., 2013), suggesting
that reliance on self-report for assessment of daily functioning may underestimate the prevalence of
symptomatic impairment among HIV+ individuals currently diagnosed with ANI.

Approximately 30 to 50 percent of individuals diagnosed with HAND demonstrate some level of
impairment in daily functioning, and about 20 to 40 percent of HAND diagnoses meet criteria for MND
(Woods et al., 2009b). MND diagnosis comprises five to 20 percent of the overall HIVV+ population
(Woods et al., 2009b). MND is diagnosed by the presence of mild-to-moderate neurocognitive
impairment, defined as greater than one standard deviation below the mean on demographically-adjusted
normative scores in at least two cognitive domains, accompanied by mild declines in daily functioning
(Antinori et al., 2007). Mild interference in daily functioning is observed when at least two of the
following criteria are met: (1) declines in two or more instrumental activities of daily living (e.g.,
financial management); (2) significant reduction in job responsibilities or unemployment, secondary to
decline in neurocognitive abilities; (3) reduced vocational functioning (e.g., more errors, lower
productivity, or more effort needed to meet the same level of productivity); (4) more difficulty in two or
more cognitive ability areas in daily functioning; and (5) performance greater than one standard deviation
below the mean on a performance-based laboratory measure of daily functioning (e.g., a medication
management task) (Woods et al., 2009b).

HAD is the most severe form of HAND. While the incidence and prevalence of the milder forms
of HAND have remained stable in the era of CART (Heaton et al., 2010), even increasing among
medically asymptomatic HIV+ individuals (Heaton et al., 2011), the incidence of HAD has dropped
significantly (e.g., Ances & Ellis, 2007; Sacktor et al., 2001). Presently, about five percent of individuals
with HAND, and approximately 1 percent of the HIV population overall, meet criteria for HAD (Heaton
et al., 2010). HAD is diagnosed by the presence of moderate-to-severe cognitive impairment, defined by
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scores that are two or more standard deviations below demographically-adjusted normative means in at
least two cognitive domains, as well as marked declines in daily functioning that cannot be fully
attributed to comorbid conditions or delirium (Antinori et al., 2007). Regarding the functional impairment
criterion, HAD diagnosis requires evidence of two or more of the following: (1) unemployment due to
cognitive impairment; (2) dependence on others for two or more instrumental activities of daily living due
to cognitive impairment; (3) evidence of declines in four or more cognitive ability areas related to daily
functioning; and (4) scores two or more standard deviations below the mean on a performance-based
laboratory measure of daily functioning, or greater than one standard deviation below the mean on two
laboratory measures of functioning (Woods et al., 2009b).
Disease Correlates of HAND

Incidence and severity of HAND are sometimes related to physiological markers of HIV disease.
Neurocognitive impairment is predicted by low nadir CD4, and is commonly associated with AIDS
diagnosis (Heaton et al., 2010). Severity of neurocognitive impairment has also been associated with
concurrent plasma CD4+ lymphocyte counts and level of HIV RNA in the dorsolateral prefrontal cortex
collected about six months after neuropsychological testing (Gelman et al., 2013). Elevated levels of
plasma sCD163, a monocyte/macrophage activation marker, have been observed in individuals with
MND but not ANI or cognitively intact individuals, and remained elevated among individuals evidencing
stable neurocognitive impairment (Burdo et al., 2013).
HIV-Associated Episodic Memory Impairments

Episodic memory impairments are prevalent in HIV disease, with estimates ranging between 40
and 60 percent (e.g., Heaton et al., 1995; Rippeth et al., 2004). Level of episodic memory impairments is
typically mild to moderate, but can become more severe as HIV disease advances (e.g., Reger et al.,
2002). HIV-associated memory deficits are observable across a range of modalities (e.g., visual vs.
verbal) and task parameters (e.g., list learning vs. story recall; simple vs. complex) (see Woods et al.,
2009b for a review), suggesting generalized memory impairments. However, episodic memory comprises
a number of related but dissociable neuropsychological constructs, and HIV disease does not uniformly
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affect all types of episodic memory. Compared to other constructs, the prevalence of HIV-associated
impairments in retrospective and prospective memory is relatively high, and their presence and severity
confer greater risk of impairment in functional domains, particularly adherence.
Retrospective Memory
Prevalence and Profile

Retrospective memory (RM) refers to long-term storage of newly learned information coupled
with the ability to later retrieve stored information in response to explicit internal or external cues. Thus,
deficits in RM reflect depletion of cognitive resources necessary for self-directed storage and retrieval of
information. HIV-associated RM deficits are observed most consistently in the context of a mixed
encoding and retrieval profile. Mixed encoding and retrieval is the most commonly observed profile of
memory deficits among HIV+ individuals, with approximately 30 to 40 percent reflecting this pattern
(e.g, Becker et al., 1995), though significant variability is observed between individuals (Murji et al.,
2003). This profile is characterized by impairments in both immediate free recall and RM in the context
of relatively better recognition (Woods et al., 2005). RM impairments in the context of rapid forgetting
profiles are observed much less frequently, primarily among individuals with HAD (Scott et al., 2006).
Additionally, rapid forgetting in the context of HAD is thought to reflect shallow encoding rather than
pure RM impairment, as indicated by accompanying elevations in recency effects (Scott et al., 2006).

HIV-associated RM deficits are often associated with decreased employment of strategic
organizational strategies, like semantic clustering (e.g., Peavy et al., 1994), which decrease further as
severity of HAND increases (Gongvatana et al., 2007). Limited free recall, inconsistent recall across
learning trials, interference effects, and elevated rates of repetition errors have also been observed (e.qg.,
Delis et al., 1995; Peavy et al., 1994), while consolidation and recognition discrimination are less
commonly impaired (e.g., Delis et al., 1995).
Disease Correlates

At the neural systems level, the mixed encoding and retrieval profile is most consistent with
frontostriatal loop pathogenesis (Castelo et al., 2006), a hallmark of HIV-associated neuropathology.
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Worse RM performance is significantly associated with decreased levels of interferon gamma-soluble
cytokine and interleukin-8, and increased levels of interleukin-18 (Correia et al., 2013). One longitudinal
analysis observed an association between improvements in RM performance and higher CD4 cell count
(Fama et al., 2009).
Functional Impact

RM performance is strongly correlated with several daily functioning domains, including
employment, medication management, and social planning. RM is associated with employment status
(van Gorp et al., 1999), and is a strong predictor of re-attaining employment after being unemployed (van
Gorp et al., 2007). In a study of work persistence (i.e., maintenance of newly obtained employment),
participants with general neurocognitive impairment were less likely to achieve persistent employment, a
relationship that appeared to be driven by RM performance (van Gorp et al., 2008). RM is strongly
correlated with performance on laboratory-based medication management tasks (e.g., Albert et al., 1999;
Hinkin et al., 2004), with poorer RM associated with worse medication management. In one study, poor
RM at baseline was associated with incident declines in medication management performance a year later
(Thames et al., 2013). RM is also associated with self-reported performance on social planning and
everyday memory tasks (Benedict, Mezhir, Walsh, & Hewitt, 2000).
Prospective Memory
Prevalence and Profile

Failures of prospective memory (PM) are common among individuals with HIV; seropositive
individuals endorse more complaints of PM failures in their daily lives than seronegative counterparts
(Woods et al., 2007a), and demonstrate mild-to-moderate impairments on performance-based measures of
PM (Carey et al., 2006; Martin et al., 2007). PM, or “remembering to remember,” refers to the ability to
recall and execute intended actions in response to predetermined cues encountered after a delay. PM
differs from and is dissociable from RM in that PM is a complex cognitive process that relies heavily on
multiple neurocognitive processes, only one of which is RM. Specifically, PM is a complex cognitive
process in which an intention (e.g., I will take my medication when the alarm rings) is paired with a
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specific cue (e.g., the ringing alarm). PM cues can be time-based (e.g., taking medication at 2 pm) or
event-based (e.g., taking medication when an alarm rings). Once the pairing is encoded, individuals must
monitor their environment for the target cue, while simultaneously engaging in an ongoing activity that
precludes overt rehearsal (e.g., normal daily activities). After encountering the target cue, the intended
action must be retrieved from RM and executed properly (Kliegel et al., 2008).

Execution of PM tasks relies heavily on multiple neurocognitive processes. Proper encoding of
the cue-intention pairing requires learning and attention, while retention and recall of the intended action
relies on RM. A number of different executive functions are important as well (e.g., the ability to switch
between monitoring the environment and executing the ongoing task). Unsurprisingly, HIV-associated
PM deficits are associated with impaired RM and executive dysfunction (e.g., Carey et al., 2006);
however, evidence from cognitive (Gupta et al., 2010), biomarker (Woods et al., 2006), and daily
functioning (Woods et al., 2008a) studies support PM as dissociable from RM and other
neuropsychological constructs. In other words, RM contributes necessary component resources to PM,
but intact RM is not sufficient for intact PM.

PM can be further characterized by the nature of processing demands necessary to complete
specific PM tasks. According to the Multiprocess Theory of PM (Einstein & McDaniel, 2005), each
aspect of PM (e.g., encoding of the cue, intention, and cue-intention pairing; monitoring of environment;
cue detection; and retrieval of paired intention) places demands on the available pool of cognitive
resources to variable extents. Variation occurs on a continuum from low (i.e., spontaneous/automatic) to
high (i.e., strategic/executive) demand. For example, time-based PM tasks tend to require strategic
monitoring resources to independently disengage from the ongoing task to periodically check the clock.
Conversely, event-based PM tasks typically rely on external, salient cues and require more spontaneous
processes.

HIV-associated PM deficits tend to reflect greater dysregulation in the strategic processes of
intention encoding and retrieval. For example, HIVV+ individuals evidence impairments in strategic time
monitoring (i.e., clock checks) during time-based PM tasks (Doyle et al. 2013) and tend to demonstrate
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larger effect sizes for time- versus event-based PM deficits (Martin et al. 2007; Zogg et al. 2011).
Furthermore, interventions designed to support strategic processing have been shown to improve PM
among young adults with HIV (Loft et al., 2014; Woods et al., 2014).
Disease Correlates

PM is highly dependent on frontal systems (e.g., Brodmann’s area 10; Woods et al., 2009b),
particularly prefronto-striatal circuits (e.g., Carey et al., 2006). In one study, HIV+ participants with poor
PM exhibited significantly decreased fractional anisotrophy in the superior corona radiata, the corpus
callosum, and the cingulum, compared to HIV+ participants with intact PM (Hoare et al., 2012). PM
deficits have been associated with elevations of some HIV biomarkers of macrophage activation and
neuronal injury, including plasma monocyte chemoattractant protein-1 (MCP-1), cerebral spinal fluid
(CSF) soluble receptor for tumor necrosis factor type Il, and CSF tau; these biomarker levels were not
similarly associated with RM deficits (Woods et al., 2006).
Functional Impact

Like RM, PM is associated with employment status (e.g., Woods et al., 2011), and medication
management (e.g., Woods et al., 2008b). PM deficits are also associated with greater dependence upon
others for completing instrumental activities of daily living (IADLSs; e.g., financial management, grocery
shopping, CART adherence, housekeeping, and employment). In one study, PM accounted for a
significant percent of the variance in summed total severity of declines in IADL functioning above that
explained by RM and current affective distress (Woods et al., 2008a).
Memory and cART Adherence
Retrospective Memory

RM deficits are significantly associated with CART non-adherence (e.g., Ettenhofer et al., 2010;
Hinkin et al., 2004). One study reported that presence of RM dysfunction conferred a greater than twofold
risk of poor CART adherence (OR: 2.25; Hinkin et al., 2002). In another study, non-adherence at the
group level was significantly associated with lower scores on measures of verbal encoding and RM
(Obermeit et al., 2015). Furthermore, participants with mixed encoding and retrieval profiles were
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significantly more likely to evidence adherence failures than participants with intact memory or encoding
deficits.
Prospective Memory

Despite the relative nascence of the literature, PM appears to be an important component of
CART adherence (for a review, see Zogg et al., 2012). Woods and colleagues conducted a series of studies
to evaluate whether PM accounted for cCART adherence failures independently from established predictors
of non-adherence. In one study, higher frequency of PM complaints and performance deficits on PM tasks
were independently related to poorer self-reported medication management (Woods et al., 2008b).
Hierarchical regression analyses revealed that self-reported and objective PM measures together
explained unique variance in medication management over and above established predictors of
nonadherence, including mood disorders, environmental structure, psychosocial variables, and deficits in
RM and executive functions. This study was the first to support incremental ecological validity of PM for
predicting cART adherence. In a follow-up study, non-adherent participants demonstrated significantly
worse time-based PM than adherent participants (Cohens d= -.54; Woods et al., 2009a). Loss-of-time
errors on the laboratory PM task conferred a near-sixfold increase in the likelihood of being in the non-
adherent group. Logistical regression analyses revealed that strategic aspects of PM (i.e., time-based PM)
uniquely and independently predicted CART nonadherence, even after consideration of other established
predictors of nonadherence, including RM and psychiatric comorbidities (Poquette et al., 2013; Woods et
al., 2009a).
Compensatory Strategies

As both RM and PM deficits predict cART nonadherence, strategies that support appropriate
detection and recall of cCART dosing information are particularly relevant for persons with HIV-associated
memory impairments. Specifically, these compensatory strategies are discrete behaviors that can
circumvent reliance on depleted cognitive resources usually necessary for memory-related adherence
tasks (e.g., self-directed storage and retrieval (RM); and/or strategic processes of intention encoding and
retrieval (PM)).
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In the case of impaired RM, reliance on self-directed storage and retrieval often results in failure
to access necessary information. For example, more complex medication regimens are known to
disproportionately impact cART adherence for persons with HIV-associated memory impairments
(Hinkin et al., 2002). Similarly, repeating prescription instructions to oneself to facilitate later recall is not
associated with better adherence when RM deficits are present (e.g., Blackstone et al., 2013). Conversely,
strategies that compensate for these resources have been shown to improve performance on adherence-
related RM tasks. Simplification of CART regimens is known to benefit adherence (e.g., Nachega et al.,
2014), perhaps because of decreasing demands on retrieval by reducing the amount of information to be
retrieved; and in response, many CART regimens have become available as once-daily tablets.

For impaired PM, reliance on strategic processes of intention encoding and retrieval can result in
failures at any or all PM stages. Thus, strategies purported to support PM processing in the context of
strategic deficits are thought to do so by shifting the nature of required resources away from strategic
processes toward more automatic processes. For example, several strategies are thought to strengthen the
cue-intention pairing, which in turn reduce reliance on strategic processes during the delay interval and/or
increase activation of the cue-intention pairing; both mechanisms would support cue detection and
ultimately improve PM (Faytell et al., in press). Such strategies include errorless learning (e.g., Clare &
Jones, 2008), spaced retrieval (Camp, Foss, Stevens, & O’Hanlon, 1996), visualization (e.g., Faytell et al.,
in press), and implementation intentions (e.g., Burkard et al., 2014). As adherence is a naturalistic activity
that conceptually maps onto PM (Park & Kidder, 1996; Zogg et al., 2012), many of these strategies have
potential for supporting adherence-related PM tasks, though formal scientific evaluations are always
prudent.

Still other strategies support RM and PM simultaneously. For example, use of an electronic
device that provided verbal reminders at dosing times was associated with significantly better adherence
for participants with HIV-associated memory impairments (Andrade et al., 2005). This strategy supports
RM by externalizing the storage and retrieval of dosing information. Such externalization of crucial
information is thought to decrease reliance on self-directed resources, which in turn decreases the
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likelihood of access failures and ultimately results in better adherence. The same strategy also supports
PM, as the verbal reminders at dosing times represent highly salient cues. Highly salient cues are
distinctive and noticeable; such characteristics attract attention more automatically, and facilitate the shift
from ongoing task to the intended action, thus supporting cue detection and ultimately improving
adherence (e.g., Mahy, Moses, & Kliegel, 2014). Thus for ease of language, the discussion will shift to
general memory-related compensatory strategies.

Many strategies promoted by the intervention literature have demonstrated generally positive
benefits for adherence among persons with HIV-associated memory impairments. Such evidence-based
strategies include one-way (Safren et al., 2003) and two-way (e.g., Hardy et al., 2011) text-messaging or
beeper systems, self-monitoring (e.g., with a daily pill diary; Safren et al., 2001), and brief
psychoeducational interventions promoting RM and PM approaches for supporting adherence (Safren et
al., 2001).

However, very few studies have identified strategies that are self-implemented and used
successfully in daily life. The most common strategy is reliance on pill box organizers, with employment
endorsed by 39-72 percent of participant samples (e.g., Catz et al., 2000; Kalichman et al., 2005). Self-
initiated pill box use occurs more frequently among women and HIV+ individuals with history of high
adherence, and less frequently among HIV+ individuals who are ART naive, homeless, or have a more
complicated cART regimen (Petersen et al., 2007). Other commonly implemented strategies include
beepers or timers (27%), reminder notes (27%), and datebooks (15%; Kalichman et al., 2001); use of
mealtimes (82%), bedtime (74%), or other daily activities (72%) as cues for taking medications (Catz et
al., 2000); and a variety of internal memory-reliant strategies (Blackstone et al., 2013).

Pill box implementation is also the most successful strategy; in one study, pill box users were
significantly more likely to evidence undetectable viral loads, and were less likely to have missed a
medication dosage within a day of the study assessment (Kalichman et al., 2005). In another study, pill

box use was associated with 4.1-4.5 percent improvements in cART adherence, 0.34-0.37 log,, copies/ml
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decreases in viral load, and 14.2-15.7 percent greater likelihood of evidencing viral loads below 400
copies/ml (OR=1.8-19; Petersen et al., 2007).

Frequency of Strategy Use: More frequent use of compensatory strategies is associated with many

clinicodemographic and neurocognitive factors, including older age (e.g., Weber et al., 2011), non-
Caucasian racial/ethnic group, greater number of CART or non-cCART prescriptions, diagnosis of AIDS,
current affective distress, lifetime history of major depressive disorder, worse global neuropsychological
performance, worse event-based PM, unemployment, and dependence for instrumental activities of daily
living (Blackstone et al., 2013).

Data are mixed regarding the implications of frequent vs. infrequent strategy use for adherence.
Some studies have reported significant associations between frequent strategy use and better performance
on PM tasks (e.g., Aronov et al., 2015), while other studies have reported the opposite finding (e.g.,
Blackstone et al., 2013). For example, one study found an association between higher frequency of
strategy use and worse cART adherence among HIV+ adults (Blackstone et al., 2013). Conversely,
another study reported that success on a naturalistic PM task was indirectly associated with greater daily
use of PM-based and external compensatory strategies among older but not younger HIVV+ adults (Weber
et al., 2011). Clearly, further investigation is necessarily for elucidating the relationship between the
frequency of compensatory strategy use and level of adherence.
Fatigue
Prevalence and Definitions

Fatigue is a universal symptom associated with most illness, both acute and chronic (Aaronson et
al., 1999). It is also associated with normal daily functioning among healthy populations. Fatigue is one
of the most common complaints of patients in primary health care settings (Aaronson et al., 1999).
Despite its universal prevalence - or perhaps because of it - fatigue continues to be a poorly understood
construct. Current lack of understanding is due in part to the nature of fatigue. Fatigue is a highly complex
symptom that can involve interactions between biological processes, psychosocial phenomena, and
behavioral manifestations (Aaronson et al., 1999). Unsurprisingly, a universal definition of fatigue is
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difficult to generate. Historically, characterizations of fatigue have relied on dichotomizing fatigue into
(1) peripheral versus central; and (2) acute versus chronic. Peripheral fatigue is defined as functional
organ or muscle failure, which is attributable to excessive energy consumption (e.g., Berger et al., 1991),
and/or peripheral nervous system disorders (e.g., Chaudhuri & Behan, 2004). Peripheral fatigue is
guantifiable through measurement of corresponding depletions of hormones, neurotransmitters, or other
substrates of physiological functions (Berger et al., 1991). Conversely, central fatigue is subjective sense
of fatigue perceived at the level of the central nervous system (Chaudhuri & Behan, 2004). Central fatigue
is characterized by reduced endurance of sustained mental and/or physical activities, accompanied by
greater perceived effort (Chaudhuri & Behan, 2004). Central fatigue is associated with a broad range of
autonomic, peripheral, and central nervous systems disorders (Jason, Evans, Brown, & Porter, 2010).
Fatigue is also dichotomized by chronicity (e.g., Piper, 1989). Acute fatigue is characterized by
rapid onset, short duration, and amelioration through diet, exercise, rest, and management of stress (for a
review, see Piper, 1989). Acute fatigue is reported by about seven to 45 percent of the general population
(Lewis & Wessely, 1992). It is thought to serve a protective function; have a unitary cause; occur
primarily in healthy individuals; and be perceived as normal. Expected effects of acute fatigue on
activities of daily living are subtle or minor. In contrast, chronic fatigue has an insidious onset, pervasive
duration, and is not ameliorated through similar restorative techniques (Piper, 1989). Chronic fatigue is
also characterized as serving an unknown purpose or function; associated with additive, multiple, or
unknown causes; and perceived as unusual, abnormal, or excessive. Chronic fatigue is expected to have
significant effects on quality of life and performance of activities of daily living. Chronic fatigue is most
prevalent and debilitating in the context of chronic medical illnesses, such as multiple sclerosis, systemic
lupus erythematosus, rheumatoid arthritis, and of course, HIV (see Swain, 2000 for a review). Chronic
fatigue is also common in the general population; prevalence of fatigue lasting more than six months is
about 10 to 20 percent among primary care patients, and drops to about one to three percent in community

samples (e.g., Swain, 2000).
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Aaronson and colleagues (1999) argued that these dual approaches fail to capture the true
complexities of the fatigue experience. Specifically, Aaronson et al. (1999) expressed concern that these
definitions of fatigue failed to incorporate a biobehavioral framework that reflected contributions from
physiological and psychological functioning or social and cultural factors relevant to the experience of
fatigue. Driven by these concerns, they produced an alternate conceptualization of fatigue, as “the
awareness of a decreased capacity for physical and/or mental activity due to an imbalance in the
availability, utilization, and/or restoration of resources needed to perform activity (Aaronson et al.,
1999).” As described by Aaronson et al. (1999), awareness of fatigue is required due to the inherently
subjective nature of the phenomenon. Resources describe a range of factors that can include biochemical
properties, psychological functioning, and the social and cultural factors that modify how individuals
interpret or respond to the experience of fatigue. Utilization and restoration are processes through which
resources are deployed and replenished to support activity. Thus, fatigue is conceptualized as the result of
imbalance in this system (e.g., when sufficient resources are unavailable because demand is too great, or
because the processes of utilization and restoration are disrupted, etc.).

Fatigue and HIV

Prevalence and Profile

Among persons living with HIV disease, fatigue is the most commonly reported constitutional
symptom (e.g., Perdices et al., 1992), with estimated prevalence ranging between 33 and 88 percent (Jong
et al., 2010). Often, fatigue is reported as the most distressing physical symptom (e.g., Duran et al., 2001)
and does not remit spontaneously (Barroso et al., 2015). Fatigue is associated with affective distress,
particularly depression (e.g., Ferrando et al., 1998), but has also demonstrated independent contributions
to disability and physical limitations (e.g., Ferrando et al., 1998). Fatigue is more prevalent among HIV+
individuals who take cART (Jong et al., 2010), and among HIVV+ individuals with lower or inadequate
income, unemployment, more childhood trauma, and presence of recent stressful events (Jong et al.,

2010; Leserman et al., 2008).
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Etiology

The etiology of fatigue in HIV disease is dynamic and multifaceted, with contributions from the
inflammatory actions of HIV infection, interactions with other HIV-related symptoms, and side-effects of
antiretroviral medications.

Disease and Immunologic Correlates: Investigations of associations between fatigue and physiologic

markers of HIV disease and immunologic response have produced mixed results. In one study, HIV+
individuals who reported that fatigue interferes with daily functioning evidenced significantly lower CD4
levels, higher total globulin, and lower hemaocrit levels than HIV+ individuals who did not report fatigue
(Darko et al., 1992). Another study reported significant associations between fatigue severity and thyroid-
stimulating hormone, platelets, and alkaline phosphatase (Barroso, Carlson, & Meynell, 2003). A third
study found a higher prevalence of fatigue among seropositive participants with CD4 counts less than 500
compared to seronegative participants or HIV+ participants with CD4 counts over 500 (Ferrando et al.,
1998). In another study, fatigue severity was associated with levels of low-abundance plasma proteins,
including apolipoprotein B, histidine-rich glycoprotein, alpha-1 B glycoprotein, and orosomucoid 2
(Jensen et al., 2014). Conversely, other studies found no relationship between fatigue and physiological
biomarkers, including CD4 (Barroso, Carlson, & Meynell, 2003); HIV RNA viral load (Ferrando et al.,
1998); hematocrit levels, hemoglobin levels, red blood cell counts, or serum erythropoietin (Jong et al.,
2010).

Interactions with Sleep and other HIV-Related Symptoms: Unsurprisingly, HIV-related fatigue is

strongly and inextricably linked with sleep. Sleep quality (e.g., Phillips et al., 2004; Salahuddin et al.,
2009), sleep duration, and witnessed episodes of sleep disturbance (e.g., sleep apnea; Goswami et al.,
2015) are all strong independent predictors of fatigue. Intensity of fatigue has been linked to poor
nighttime sleep and daytime sleepiness (Salahuddin et al., 2009). Like fatigue, sleep disturbance is a
common complaint in HIV disease, with prevalence estimates between 10 and 100 percent (see Wu et al.,
2015 for a meta-analysis). Alterations in sleep are known to occur early in the course of infection (e.g.,
Norman, Chediak, Kiel, & Cohn, 1990), and continue to worsen across the disease course (e.g., Darko et
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al., 1992). Recent data support an association between sleep disturbance and inflammation (Gay et al.,
2015), suggesting that poor sleep quality may be partly related to the inflammatory effects of HIV
infection.

Other HIV-related symptoms have moderating and mediating interactions with fatigue and with
one another (Lenz et al., 1997). For example, pain symptoms can cause both sleep dysfunction and
fatigue, which in turn can worsen the experience of pain (e.g., Wilson et al., 2016). Among seropositive
populations, fatigue is most strongly predicted by comorbid neuropsychiatric symptoms (Jong et al.,
2010), particularly depression (e.g., Ferrando et al., 1998). Severity of depressive symptoms predicts
greater fatigue intensity (Leserman et al., 2008; Perkins et al. 1995) and fatigue-related impairments in
daily functioning (Leserman et al., 2008), while fatigue and/or sleep disturbance at the time of
antidepressant initiation or adjustment has predicted slower time to first remission of a depressive episode
(Sowa, Bengtson, Gaynes, & Pence, 2016). In one study, 67 percent of the variance in intensity of fatigue
was attributed to sleep quality state anxiety, depression, and other HIV-related symptoms (Phillips et al.,
2004). Anxiety (Barroso, Carlson, & Meynell, 2003; Sewell et al., 2000) and perceived stress (Hand,
Phillips, & Dudgeon, 2006) are also significantly associated with fatigue severity.

Relationships with cART and Sleep: Although HIV-related fatigue and sleep disturbance occur in the

absence of pharmacologic therapy (e.g., White, Mitler, & Darko, 1995), these symptoms are also common
side effects of antiretroviral medications. For example, initiation of efavirenz, a non-nucleoside reverse
transcriptase inhibitor, is commonly associated with sleep disturbances, including insomnia, hypersomnia,
reduced diurnal concentration, and vivid dreams (e.g., Moyle et al., 2006). In one study, initiation of
efavirenz-based monotherapy was associated with modest but objective changes in sleep architecture that
appeared to partially resolve by 12 weeks, though patient self-report indicated that perceived treatment-
emergent effects on sleep and diurnal function persisted to the 12-week follow-up (Moyle et al., 2006).

Unsurprisingly, fatigue and sleep disturbances are also commonly reported side effects of CART
regimens. For example, in a trial comparing a regimen of abacavir, lamivudine, and efavirenz regimen to
a zidovudine (a nucleoside analog reverse-transcriptase inhibitor), lamivudine, and efavirenz regimen,
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sleep disorders, abnormal dreams, and fatigue were all commonly (> 1 % incidence) reported drug-related
adverse events, with sleep disorders reported by six to seven percent of patients, abnormal dreams
reported by four to five percent of patients, and fatigue reported by six to eight percent of patients
(DeJesus et al., 2004). In a more recent trial comparing a regimen comprised of lamivudine, abacavir
(another nucleoside analogue reverse transcriptase inhibitor), and dolutegravir (an integrase strand
transfer inhibitor; INSTI) to a regimen comprised of efavirenz, tenofovir disoproxil fumarate (a
nucleoside analogue reverse transcriptase inhibitor), and emtricitabine (a nucleoside reverse transcriptase
inhibitor), insomnia was reported by four percent of patients in each trial arm (Walmsley et al., 2013).
Relationship with Neuropsychological Functioning

Few studies have evaluated the relationship between cognitive factors and fatigue in the context
of HIV. Of those studies, most of them have limited their investigations to examining the direct
relationship between fatigue and neuropsychological functioning (e.g., Millikin et al., 2003; Perkins et al.,
1995). Findings elucidating the nature of the relationship between fatigue and neuropsychological
functioning have produced largely null results, as most studies have reported no significant link between
fatigue and neuropsychological performance (e.g., Heaton et al., 1995; Millikin et al., 2003). Other
investigations have revealed only modest and limited associations between fatigue and
neuropsychological functioning within specific cognitive domains. For example, Perkins and colleagues
(1995) reported that while fatigue was not directly related to overall neuropsychological functioning,
increases in fatigue over six months were associated with decrements in motor functioning. Similarly,
while Heaton et al. (1995) did not find an association between fatigue severity and neuropsychological
performance in a large cohort of pre-cART HIV+ individuals, they reported a small trend-level
relationship between fatigue and neuropsychological performance when fatigue was treated as a
dichotomous variable (present vs. absent). This pattern of findings regarding the relationship between
fatigue and neuropsychological functioning are consistent with data from other clinical populations (e.g.,
multiple sclerosis and traumatic brain injury) as well as healthy adults (see Strober & DeLuca, 2013 for
review).
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Functional Impact

Fatigue is strongly correlated with numerous measures of daily functioning (e.g., Henderson et
al., 2005) and overall quality of life (e.g., Breitbart et al., 1998) in HIV disease. It is associated with
ratings of physical health (e.g., Voss, 2005), mental health (e.g., Cunningham et al., 1998), and health-
related quality of life (e.g., Cleary et al., 1993). Fatigue has been shown to predict limitations in activities
of daily living (Cleary et al. 1993; Ferrando et al., 1998), such as interference with employment and
driving (Darko et al., 1992), and is strongly correlated with level of physical functioning (Breitbart et al.,
1998) in HIV disease.
Fatigue and cART Adherence

Patients sometimes report feeling “too tired” to take medication when asked why they failed to
adhere (e.g., Siegel, Schrimshaw, & Raveis, 2000). Fatigue is often included in symptom constellations
that predict adherence (e.g., Holzemer et al., 1999; Molassiotis et al., 2002), and appears to influence the
relationship between sleep quality and cART adherence. Moderate to severe levels of poor sleep quality
are independently associated with cCART adherence (e.g., Tello-Velasquez et al., 2015); in one study, self-
reported insomnia conferred more than twofold greater risk of nonadherence to cCART (OR: 2.32;
Ammassari et al., 2001). However, Dalmida, Holstad, Fox, & Delaney (2015) observed a significant
mediating effect of fatigue on the relationship between sleep quality and cCART adherence. Specifically, as
fatigue increased, the relationship between sleep quality and adherence weakened, and fatigue became a
stronger predictor of adherence. Despite ample data supporting such indirect effects of fatigue on
adherence, there is a paucity of studies that investigate independent effects of fatigue on cART adherence.
Results of these few studies suggest that fatigue is a strong predictor of adherence. In one study, self-
report of fatigue conferred more than twofold greater risk of cART nonadherence (OR=2.1. 95% Cl=1.2-
3.7; Trotta et al., 2003). In another study, identification of fatigue as an adverse side effect of CART was

strongly associated with worse adherence (OR=1.4, 95% CI=1.2-1.6; Johnson et al., 2005).
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Summary

Overall, investigations of fatigue among HIV+ populations have focused on four major areas of
study: (1) the prevalence, severity, and course of fatigue in HIV; (2) physiological, psychological, and/or
psychosocial predictors and covariates of fatigue in HIV; (3) the effects of fatigue on daily functioning
and health-related outcomes; and (4) the relationships between fatigue and neuropsychological
performance. Findings from the first three areas of study present a troubling picture of fatigue in HIV.
Fatigue is common, chronic, and distressing; it occurs more frequently in vulnerable populations (e.g.,
among populations with lower socioeconomic status and/or comorbid neuropsychiatric symptoms); and it
predicts worse daily functioning outcomes, including suboptimal adherence.
The Impact of Fatigue and Memory Impairment on CART Adherence

In summary, the following discrete elements of the interrelationships between fatigue, HIV-
associated memory impairment, and cCART adherence are known: (1) fatigue and memory impairment
each demonstrate effects on adherence when studied in isolation; (2) the effect of fatigue on adherence is
independent of sleep quality; (3) retrospective memory and prospective memory exert independent effects
on adherence; (4) compensatory strategy use is associated with adherence, though the nature of the
relationship remains elusive; and (5) fatigue does not generally predict decrements of retrospective or
prospective memory performance. Otherwise, the interrelationships between fatigue, memory
impairment, and cART adherence are not well understood. For example, no studies to date have tested for
an association between fatigue and frequency of compensatory strategy use among persons with HIV-
associated memory impairments. However, a strong association between fatigue and greater endorsement
of memory strategies has been observed in a large sample of community-dwelling adults with multiple
sclerosis (OR: 1.27, p < 0.001; Johnson et al., 2009), suggesting there may be a similar link present
among seropositive populations.
Our Working Models

Conceptually, we drew from Aaronson and colleagues’ (1999) model of fatigue, as well as the
multiprocess model of PM introduced by Einstein & McDaniel (2005), and later adapted by Kliegel and
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colleagues (2008), to produce theory-driven hypotheses about the interrelationships between fatigue,
memory impairment, and CART adherence. According to the Aaronson et al. (1999) fatigue model, the
effect of fatigue on adherence is thought to result from decreased capacity for completing a task due to
lack or imbalance of necessary resources. Extending the Aaronson et al. (1999) model to cognition, we
expected that the effect of memory impairment on adherence also reflects decreased capacity for task
completion due to inadequate resources (i.e., PM- and/or RM-related resources). The putative role of
compensatory strategies is to circumvent reliance on said resources, thus bolstering adherence. Thus, we
predicted that fatigue would dampen the efficacy of adherence-related compensatory strategies for
memory impaired participants.

Ultimately, elucidation of the interrelationships between fatigue, memory impairments, and
CcART adherence provide valuable clinical information that could inform efforts to (1) improve patient-
specific targeting of fatigue-related assessments and interventions; and (2) develop effective interventions
for bolstering adherence in seropositive populations.
Aims and Hypotheses
Aim 1

Our first aim was to investigate the nature of the interrelationships between fatigue, memory
impairment, and cCART adherence. We generated two directional hypotheses and one exploratory
hypothesis regarding this aim.
Hypothesis 1: We predicted that fatigue and memory impairment will have a synergistic effect on CART
adherence, such that individuals with both memory impairment and fatigue would demonstrate
significantly worse adherence than persons with either factor alone, or with neither factor.

Exploratory Hypothesis 2: We explored whether fatigue affects the relationship between memory

impairment and cART adherence directly, or whether it acts indirectly on this relationship by influencing
the frequency of strategies used to compensate for memory impairment, which was expected to mediate

the relationship between memory impairment and adherence.
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Covariate Hypothesis: We predicted that other clinicodemographic variables known to have strong

associations with adherence would not better explain the significant relationships between fatigue,
memory impairment, and adherence.
Aim 2

Our second aim was to investigate whether changes in fatigue, strategy use, and memory
impairment over a one-year period were associated with changes in perceived medication management
efficacy. We generated four directional hypotheses regarding this aim.
Hypothesis 3: We expected that changes in fatigue would be significantly associated with changes in
perception of medication management efficacy, such that greater increases in fatigue would be associated
with greater decreases in perceived efficacy.
Hypothesis 4: We also expected that change in the number of strategies employed would be associated
with changes in perceived efficacy, such that greater increases in the number of strategies employed
would be associated with greater decreases in perceived efficacy.
Hypothesis 5: We also expected that changes in RM and PM would be significantly associated with
changes in perception of medication management efficacy, such that greater decreases in memory
performance on measures of RM and PM would be associated with greater decreases in perceived
efficacy.
Hypothesis 6: Finally, we hypothesized that the data would be best fit by a model of the associations

between changes in fatigue, strategy use, and perceived efficacy.
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METHODS

Participants

Data from this retrospective study were collected in compliance with regulations mandated by the
Institutional Review Board of University of California, San Diego. Approval by the University of
Houston Committee for the Protection of Human Subjects was obtained for this archival study.
Permission to use the archival data was obtained from Dr. Steven Paul Woods. Data were selected from
177 adults with HIV infection who were previously enrolled in NIH Grant R01-MH73419. Inclusion
criteria for the original study included diagnosis of HIV infection and demonstration of capacity to
provide consent on the day(s) of study evaluation. HIV serostatus was confirmed using standard Western
blot and/or a point-of-care test (MedMira Inc., Nova Scotia, Canada). Exclusion criteria included
potential psychotic disorders or neurological conditions known to negatively affect cognition (e.g.,
seizure disorder, traumatic brain injury with loss of consciousness greater than 15 minutes), estimated
verbal 1Q scores < 70 (based on the Wechsler Test of Adult Reading [WTARY]; Psychological
Corporation, 2001), current substance abuse or dependence within 30 days, or urine toxicology screen
positive for illicit substances on the day of baseline testing. Inclusion criteria for Aim 1 of the present
study included completion of the Fatigue-Inertia subscale from the Profile of Mood States and at least one
measure of CART adherence. Inclusion criteria for Aim 2 included completion of both the Fatigue-Inertia
subscale from the Profile of Mood States and the Medication Management Efficiency Scale from the
Beliefs Related to CART Adherence questionnaire (BERMA MMES) at both time points.
Materials and Procedure

After providing written informed consent, all participants were administered a semi-structured
clinical interview to collect relevant clinicodemographic information. Participants represented a diverse
clinical sample (see Table 1). HIV infection and treatment variables were obtained through a physical
evaluation by research nurses, a blood draw, and available clinic medical records (Table 2). Pill burden
was measured by recording the number of current ARV and non-ARV medications reported by each
participant. High cART and non-cART pill burdens were assigned to participants who reported more than
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the median numbers of medications. Overall pill burden was also calculated from the total number of
current CART and non-cART medications.

Participants were administered a research neuropsychological assessment battery to assess the
key cognitive domains highlighted by the Frascati criteria for HAND diagnosis (Antinori et al., 2007),
including learning, memory, attention, executive functions, processing speed, and motor skills.
Classification of HAND was determined by converting raw scores on these measures into T-scores
correcting for age, gender, education, and ethnicity when appropriate. These T-scores were then
transformed into a global rating score, which ranged from 0 (above average, T-score > 55) to 9 (severely
impaired, T-score < 20), with global ratings greater than 4 indicating a positive diagnosis of HAND
(Woods et al., 2004). Participants were also administered a series of questionnaires to assess current and
lifetime psychiatric diagnoses (Table 1), adherence, fatigue, and compensatory strategy use (Table 3).

All measures were administered by trained research assistants and scored in accordance with
published manuals. CART adherence was also obtained behaviorally through utilization of MEMS caps,
as described below. Re-administration of these materials (except the MEMS caps assessment) was
conducted with a subset of participants, who returned for follow-up evaluations approximately one year
later (N=57; mean test-retest interval=422 +/- 65 days).
Medication Adherence Assessment

General medication management abilities were assessed using the 20-item Medication
Management Efficiency Scale (MMES) from the Beliefs Related to cCART Adherence (BERMA MMES;
McDonald-Miszczak et al., 2004) questionnaire. Each BERMA MMES item was rated on a 5-point Likert
scale, which range from 1 (strongly disagree) to 5 (strongly agree); total scores range from 20 -100.
Reverse scoring is applied to several items so that higher scores on the BERMA MMES scale reflect
better perceived medication management efficacy. The BERMA has excellent overall reliability
(Cronbach’s alpha =.94; McDonald-Miszczak et al., 2004), split-half reliability (Spearman-Brown =.91;

Woods et al., 2008b), and internal consistency (Cronbach’s alpha =.93; Woods et al., 2008b).
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Self-reported adherence was assessed with an item from the NIAID AIDS Clinical Trials Group
(ACTG) Adherence to Anti-HIV Medications (4 days) (Chesney et al., 2000), which assesses CART
adherence over the last four days (e.g., "How many pills did you skip taking yesterday/2 days ago/3 days
ago/4 days ago?") Participant adherence rates were calculated for each of the four days as 1 — (number of
pills missed for the day/number of pills prescribed); these daily rates were averaged and multiplied by 100
to produce the ACTG summary adherence rate.

Medication event monitoring system (MEMS) caps were used to measure cCART adherence over a
three-to eight-week period (Mean= 39.8 days, SD=9.4). MEMS caps are medication bottle caps fitted
with a pressure-activated microprocessor. Each time the bottle is opened, the microprocessor
automatically records the date, time, and duration the bottle remains open. Participants received the
MEMS caps at the time of study assessment. They were instructed to use the MEMS capped bottles to
dispense only their cART medication, and to take their medication as prescribed by their physician. They
were cautioned not to open the bottles unless they were about to take a dose, and not to “pocket dose”
(e.g., removing more than one dose at a time). MEMS caps were collected and the data were downloaded
when participants returned for the follow-up appointment five weeks later. Rates of adherence were
calculated by dividing actual dosing events by the number of prescribed doses, then multiplying by 100.
When MEMS caps events exceeded the number of prescribed doses, the excess number of events was
subtracted from the total.

MEMS assessments sometimes underestimate adherence, while self-report measures can
overestimate adherence (e.g., Arnsten et al., 2001); thus, multiple objective and self-report methods of
adherence measurement are often preferable to a single method approach (Liu et al., 2001). MEMS
adherence rates tend to be at least moderately correlated with self-report questionnaires (Shi et al., 2010).
Thus, we incorporated the raw data from the three measures (i.e., the BERMA MMES total scores, ACTG
adherence rates, and MEMS adherence rates) into a CART adherence latent variable. For descriptive

purposes, ACTG and MEMS adherence rates were also dichotomized as either “Adherent” or “Non-
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Adherent” based on the 90 percent threshold consistent with historical definitions of adherence (e.g.,
Woods et al., 2009a). Dichotomized ACTG and MEMS scores are presented in Table 3.
Retrospective Memory Assessment

Retrospective memory (RM) was assessed with the Delayed Free Recall scores from the
California Verbal Learning Test — Second edition (CVLT-II; Delis, Kramer, Kaplan, & Ober, 2000) and
Logical Memory subtest from the Wechsler Memory Scale 111 (LM IlI; Psychological Corporation, 1997).
The CVLT-II is comprised of a list of 16 nouns read aloud at a rate of slightly longer than one word per
second, after which participants are instructed to recall aloud as many words as they can. After five
learning trials, a second list of 16 distractor nouns is read aloud and participants are again instructed to
repeat as many as possible. Participants are then instructed to recall aloud words from the first list. After a
20-minute delay, participants are again instructed to recall as many words from the first list as they can.
The CVLT-II delayed free recall was determined as the total number of words freely recalled following
the 20-minute delay, converted into a sample-based z-score. LM assesses recall and recognition of two
brief stories. After each story was read aloud, participants were instructed to recall aloud as much detail
as they could remember. Thirty minutes later, participants were again asked to recall aloud as many
details from each story as they could remember. The LM delayed free recall score was comprised of the
total number of correctly recalled story details following the 30-minute delay, converted into a sample-
based z-score. The delayed free recall z-scores from the CLVT-Il and LM were averaged to create a RM
composite score for each participant. Because CVLT-1I and LM scores were highly correlated (rs= .526,
p<.0001), the LM z-score was used in place of the retrospective memory composite score for the single
participant with missing CVLT-I1I data.
Prospective Memory Assessment

To assess prospective memory (PM), all participants completed the research version of the
Memory for Intentions Screening Test (MIST; Raskin, 2004; Raskin, Buckheit, & Sherrod, 2010; Woods
et al., 2008c). The MIST is a standardized performance-based measure developed to assess multiple
elements of prospective memory. Participants perform four time-based and four event-based prospective
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memory tasks during a 30-minute period. Simultaneously, they are engaged in a word-search puzzle as
the ongoing distractor task. Test tasks are balanced across delay intervals (i.e., two-minute or 15-minute
delay) and response modalities (i.e., verbal or physical). Thus, as well as providing a summary score, the
MIST permits calculation of subscales based on cue type, delay interval, and response modality. Total
score for each subscale falls between zero and eight. The MIST also provides a brief 24-hour interval task
in which participants are instructed to call the examiner and leave a message specifying the number of
hours slept the night after the study evaluation. Total score for this subscale ranges between zero and two.
The MIST has adequate inter-rater reliability and split-half reliability (Woods et al., 2008c), and
acceptable construct validity among samples of healthy adults (Carey et al., 2006; Raskin, 2004),
individuals with schizophrenia (Woods et al., 2007b), and persons with HIV disease (Carey et al., 2006;
Woods et al., 2006). The 15-minute interval MIST subscale was selected for analysis due to its sensitivity
for predicting non-adherence independent of demographic, mood, and cognitive functioning variables, as
well as self-reported adherence (Poquette et al., 2013). The 24-hour subscale was also selected to provide
an additional measure of longer PM delay. Sample-based z-scores of the MIST 15-minute and 24-hour
subscales were generated and averaged together to create the PM composite score.
Fatigue Measure (POMS)

Self-reported fatigue was collected using the Fatigue-Inertia subscale of the Profile of Mood
States (POMS; McNair, Lorr, & Droppleman, 1981). The POMS is a 65-item self-report measure for
which participants are instructed to rate adjectives (e.g., listless) and brief phrases (e.g., worn out) using a
5-point Likert-type scale that ranges from 0 (not at all) to 4 (extremely). Thus, higher scores indicate
greater distress. The POMS was originally developed to measure changes in mood following
psychotherapy (McNair, Lorr, & Droppleman, 1981), The POMS has also been used to assess mood in a
variety of medical populations, including patients with spinal cord injury (e.g., Rodrigues et al., 2013);
cancer (e.g., Yellen et al., 1997), sleep disorders (e.g., Lee, Hicks, & Nino-Murcia, 1990), and most
importantly, HIV (e.g., Patterson et al., 2006), as well as psychiatric (e.g., Norcross, Guadagnoli, &
Prochaska, 1984), and healthy (e.g., Barker-Collo, 2003; Nyenhuis et al., 1999) populations. The POMS
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is an internally consistent, multidimensional measure with a stable factor structure (Norcross, Guadagnoli,
& Prochaska, 1984), adequate internal consistency, and good convergent item validity (Reddon, Marceau,
& Holden, 1985).

The POMS Fatigue-Inertia subscale (POMS-FI) is represented by a stable unidimensional factor
structure (Norcross, Guadagnoli, & Prochaska, 1984), and demonstrates sufficient psychometric
properties, including adequate internal consistency, test-retest reliability, construct validity, and
convergent validity across multiple investigations (e.g., Impellizzeri et al., 2013; Lee, Hicks, & Nino-
Murcia, 1990; Yellen et al., 1997). The POMS-FI has been selected by multiple investigations to assess
fatigue among HIV+ populations (Cole, Kemeny, & Taylor, 1997; Gifford et al., 1998; Montoya et al.,
2013; Osowiecki et al., 2000; Weber et al., 2013). The POMS-FI is comprised of the following seven
items: worn out, listless, fatigued, exhausted, sluggish, weary, and bushed. The POMS-FI total score was
calculated by summing the individual item ratings, and ranges from 0 (no symptoms of fatigue) to 28
(severe symptoms of fatigue).

Compensatory Strategy Use

Participants were administered the Prospective Memory for Medications Questionnaire (PMMQ;
Gould, McDonald-Miszczak, & King, 1997; Gould, McDonald-Miszczak, & Gregory, 1999), a 28-item
measure that assesses how frequently participants use a variety of cognitive (e.g., do you regularly repeat
to yourself the instructions for taking a prescription...?) and behavioral (e.g., do you use a clock or watch
alarm to remind you when it is time to take your medications?) medication-taking strategies. Participants
rated how often they utilize each strategy using a 5-point Likert-type scale similar to the POMS. Item
responses range from 0 (never) to 4 (always), with higher overall scores indicating more frequent strategy
use. Compensatory strategy use (CSU) frequency scores (Aim 1) were calculated by summing participant
ratings across all items, and range from 0 to 112. CSU number scores (Aim 2) were calculated by adding
the number of strategies participants endorsed using and dividing that sum by the total number of queried

strategies (28), then multiplying by 100 for a percentage score that ranged from 0 to 100. Thus, higher
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CSU number indicates employment of a greater number of different strategy types, but does not reflect
the frequency to which these strategies are employed.
Neuropsychiatric Assessment

Participants were also administered the Composite International Diagnostic Interview (CIDI
version 2.1; World Health Organization, 1998), which was used to provide current and lifetime diagnoses
of Major Depressive Disorder, Generalized Anxiety Disorder, and Substance Use Disorders per
Diagnostic and Statistical Manual of Mental Disorders (4™ Ed.; American Psychiatric Association, 1994)
criteria. To assess the influence of depressive symptomatology on the model(s), the Depression-Dejection
subscale of the POMS (i.e., POMS-DD) was also used. This subscale is comprised of 15 items rated on
the same Likert scale as the POMS-FI, with a total score that ranges from 0 to 60. This subscale has high
internal consistency among healthy and medical populations (rs=.94- .96; Curran, Andrykowski, & Sudts,
1995) and has been used in prior studies to assess depressive symptomatology among HIV-positive
populations (e.g., Castellon et al., 2006) and in concert with clinician rating scales of depression, such as
the Hamilton Rating Scale (HAM-D; Perkins et al., 1995). The POMS-DD has shown high predictive
validity for differentiating current major depressive disorder (MDD; determined by SCID interview) from
somatic symptoms of HIV, and has performed comparably with the Cognitive-Affective scale from the
Beck Depression Inventory (Patterson et al., 2006), another measure validated for sensitive detection of
MDD in HIV-positive populations (e.g., Kalichman, Rompa, & Cage, 2000).
Data Analyses

The dataset was evaluated for outliers and missing data points. All continuous variables were
screened for normality, and findings associated with non-normally distributed variables were reassessed
with a non-parametric approach. All skewness and kurtosis values were below problematic levels (Kline,
2011). For all analyses, the critical alpha was set at .05. JMP (Jones & Sall, 2011) and Microsoft Excel
(2013) were used for data cleaning, computing descriptive statistics, and conducting correlational
analyses, while AMOS (Arbuckle, 2016) was used to build and evaluate path models using structural
equation modeling (SEM).
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Structural Equation Modeling (SEM)
Path Analysis/SEM

Path analysis is an extension of multiple regression. Specifically, it is a series of multiple
regression equations that together establish a pattern of relationships among a group of variables and
evaluate the degree to which the data fit these hypothesized relationships (Klem, 1995). Path analysis
provides hypothesized causal models that clearly state the predicted relationships among a group of
variables, and provide magnitude estimates of the hypothesized relationships (Klem, 1995). This
approach was selected because it permits comparisons of different hypothesized models of the
relationships between fatigue, memory impairment, and CART adherence. Path analysis was conducted
with a structural equation modelling approach to permit incorporation of more complex modeling
structures (e.g., modelling MEMS, BERMA MMES, and ACTG scores as indicators of a latent adherence
variable).
Latent Growth Modeling

Latent growth modeling allows researchers to study the rate of change of a variable over time
using multilevel models of potential growth patterns (Field 2011). Latent growth models are typically
comprised of three components: the intercept, the linear component (slope), and the curvilinear
component. These components are expressed with the following equation for each participant (Francis,
Schatschneider & Carlson 2000):

Y; = my + ma, + mya?, + mzad, + muat + .o+ mp_a*" Y +E

where K is the number of time points, and n represents the individual’s growth parameters. Parameter
values are participant-specific. The growth parameters are demarcated by the numerical subscripts 0 to k -
1, and represent the order of the polynomial term. The term a, is a marker of time. The subscript t
represents a given point in time from 1 to k. The term E represents random error in Y at time t, and is
assumed that E is normally distributed and uncorrelated across subjects.

The intercept, expressed with the subscript 0 as m,, is a constant and models outcome at the time

point at which it is centered. The slope models a constant rate of change, and is expressed with the
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subscript 1 asm, a;. Finally, the curvilinear component represents changes in the rate of change (i.e.,
acceleration or deceleration), and at the largest can be represented by m;,_,a*~1,, or a polynomial of
order k — 1 with k time points. As our data included only two time points, our latent growth models are
limited to the intercept and slope and can be expressed with the simplified equation Y; = m, + m,a;.
Latent growth models are hierarchical in nature, due to the nesting of multiple time points within
individual participants. Consequently, hierarchical linear modeling has been proposed as an appropriate
methodology for estimating the parameters of individual growth curves () and analyzing the variability
in these estimates (Francis, Schatschneider & Carlson 2000). However, navigating the balance between
the lack of independence among the observations at the lower levels of the hierarchy and the low power
for testing hypotheses on independent observations at the top of the hierarchy can be tricky. This balance
has been addressed by using maximum-likelihood estimates to permit the development of multilevel
models and estimation of individual parameters across all levels of the model. This approach is comprised
of two simultaneous stages. The first stage is a within-participant multiple regression analysis conducted
to estimate the individuals’ intercept and slope parameters. The second stage is an examination of the
ability of individual differences between participants to predict differences in the growth parameters,
conducted as a between-participant analysis with the estimates of the intercept and slope parameters as
the dependent measures.
Model Specification

Exogenous and endogenous variables: Fatigue, prospective memory (PM), retrospective memory (RM),

and the product constants were generally included in path models as exogenous variables. Product
constants were calculated by centering the variables at their means and then multiplying the centered
variables together (e.g., for fatigue and compensatory strategy use, the product constant for participant 1
equals (POMS-FI; - POMS-Flavg)*(PMMQ; - PMMQAavc)). The adherence latent variable was always
included as an endogenous variable, which indicates that it is expected to be determined by variables
within the model. Compensatory strategy use (CSU) was included as either an exogenous or endogenous

variable depending on the model.
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Structure: Hypothesized non-causal associations between exogenous variables are represented by two-
headed arrows, while causal associations are denoted with unidirectional arrows that extend from the
exogenous variable to each endogenous variable thought to be influenced by it. Residual (or error)
variables are indicated by unidirectional arrows that extend from the residual variable to the endogenous
variable.
Imputation

Following data cleaning, the multivariate normal imputation utility available in JMP was used to
fill missing continuous data points based on the multivariate normal distribution (SAS Institute, 2016).
The algorithm employs least squares imputation and constructs a covariance matrix using pairwise
covariances. Diagonal entries, or variances, are computed with all non-missing values for each variable,
while the off-diagonal entries for any two variables are computed with values that are non-missing for
both variables. In cases where the pairwise inverse is singular, the imputation algorithm instead uses
minimum norm least squares imputation, based on the Moore-Penrose pseudo-inverse. Shrinkage
estimation was used as part of this imputation procedure to improve the estimation of the covariance
matrix. Comparison of the means and standard deviations of the affected variables generated before and
after the imputation procedure revealed no significant differences, suggesting that imputation did not
appreciably alter the characteristics of the data (Table 4).
Estimation

For Aim 1, path and structural equation models were generated via maximum likelihood
estimation (MLE) with bootstrapping to account for the nonparametric distribution (Kline, 2011). As
default MLE assumes multivariate normal distribution of data, the bootstrap procedure provides a
resampling method that provides more accurate Type | error rates. Unbiased covariances were supplied as
input, and maximum likelihood covariances were analyzed. Unstandardized estimates were generated for
each path, and each path was tested for significance by dividing the sample estimate by the bootstrapped

standard error.
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For Aim 2, latent growth models were generated via maximum likelihood estimation (MLE).
Bootstrapping was not used, given evidence that bootstrapping increases Type Il error rates for sample
sizes of 80 or fewer (e.g., Koopman et al., 2015). Unbiased covariances were supplied as input, and
maximum likelihood covariances were analyzed. Unstandardized estimates were generated for each path,
and each path was tested for significance by dividing the sample estimate by the sample standard error.
Evaluation of Path Models

Resulting path models were evaluated and respecified or retained based on the following criteria:
(1) the model reasonably fits the data; (2) the model is reasonably parsimonious; and (3) the model is
theoretically consistent (Kline, 2011). Further description of the first two criteria is provided below, while
the third criterion is addressed on a model-by-model basis in the results and discussion.

(1) The model reasonably fits the data.

Models were assessed and compared using several fit indices.
CMIN: First, the model chi-square (or minimum chi-square, CMIN) is the traditional test for assessing
overall model fit (Hooper, Coughlan, & Mullen, 2008). Also referred to as the discrepancy function,
likelihood ratio chi-square, or chi-square goodness of fit, this test evaluates the size of the discrepancy
between the sample and the fitted covariance matrices (Hu & Bentler, 1999). Good model fit is indicated
by a nonsignificant result at the 0.05 threshold. This fit index has been largely considered to be overly
conservative in many cases and, while still reported, is usually less informative than other fit indices.
NEI: The Normed-Fit Index (NFI; Bentler & Bonnet, 1980) compares the chi-square value of the model
to the chi-square value of the null model, which specifies that all measured values are uncorrelated). NFI
values range between 0 and 1, with values at or above .95 indicating good fit.
TLI: The Tucker Lewis Index (TLI; also known as the Non-Normed Fit Index, NNFI) is relatively
independent of sample size. Acceptable fit is indicated by TFI values greater than .9, while good fit is
indicated by values over .95. Values over .9 or .95 are acceptable.
CFI: The Comparative Fit Index (CFI; Bentler, 1990) is a revised form of the NFI that accounts for
sample size. Like the NFI, the CFI assumes that all latent variables are uncorrelated, and compares the
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sample covariance matrix with the null model. In other words, CFI can be interpreted as the percent of the
covariation in the data that can be explained by the given model. CFI values range from 0 - 1, with values
closer to 1 indicating good fit. Acceptable fit is indicated by values above .9, while good fit is indicated
by CFI values equal to or greater than .95.

RMSEA: The Root Mean Square Error of Approximation (RMSEA; Steiger, 1990) indicates the degree
to which the model (with unknown but optimally chosen parameter estimates) would fit the population's
covariance matrix. Because of its sensitivity to the number of estimated parameters in the model, the
RMSEA index has become regarded as ‘one of the most informative fit indices' (Diamatopoulos &
Siguaw, 2000; Hooper, Coughlan, & Mullen, 2008). General consensus (e.g., Hu & Bentler, 1999)
suggests that good fit is indicated by RMSEA values close to or below .06.

AIC: Finally, the Akaike information criterion (AIC) is a measure of the relative quality of path models
for a given dataset, taking into consideration both the goodness of fit and the model complexity. The AIC
is calculated with following equation: AIC = 2k — 21In(L), where the k is the number of estimated
parameters in the model, and L is the maximum value of the likelihood function for the model. Founded
in information theory, the AIC rewards goodness of fit but assigns a penalty that increases as the number
of estimated parameters increases. The AIC provides a method for model selection when comparing non-
nested models, with the preferred model being the one with the smallest AIC value.

(2) The model is reasonably parsimonious.

Models retained after application of the first criterion were then compared for parsimony.
Specifically, the path coefficients for each model were evaluated for significance. Models without
nonsignificant unstandardized estimates (i.e., ps >.05) were considered the most parsimonious.

Aim 1
Construction of an Omnibus Aim 1 Model

An omnibus path model of the hypothesized relationships between fatigue, RM, PM, CSU, and
adherence was constructed to address some assumptions inherent to the initial data plan (Figure 1). The
tested assumptions were as follows: (1) that fatigue, RM, and PM would show significant direct
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relationships with adherence; (2) that fatigue would not be significantly associated with either
retrospective or prospective memory; (3) that the three selected measures of adherence (i.e., the MEMS,
BERMA MMES, and ACTG) would each contribute significantly to an adherence latent variable; and (4)
that RM and PM would be modeled by the composite score calculations described earlier in a manner
consistent with conceptual understanding of these constructs. The most statistically and theoretically
appropriate adjustment of this model was then used as the foundation for addressing the Aim 1
hypotheses.
Hypothesis 1

A blended approach of alternative models testing and model generation was used to address the
first hypothesis (i.e., that fatigue and memory impairment exert interaction effects on adherence). Four
alternative model sets were generated: (H1A) that fatigue and memory each exert direct and independent
effects on adherence; (H1B) that fatigue and memory interact to affect adherence; (H1C) that fatigue
mediates the relationship between memory and adherence; and (H1D) that memory mediates the
relationship between fatigue and adherence. Within each alternative model set, additional models were
generated to reflect different aspects of the modeled relationships (e.g., that fatigue mediates the
relationship between RM and adherence, but not PM; see Figure 6E), and respecified as needed to
construct the most parsimonious and best-fitting versions of the models within each alternative model set.
Retained alternative models for each set were then compared and evaluated using the criteria described
above.
Exploratory Hypothesis 2

A similar approach was used to address the second hypothesis (i.e., whether fatigue and memory
impairment affect adherence indirectly through CSU). Five alternative models were generated: (H2A) that
fatigue, RM, PM, and CSU each only affect adherence directly; (H2B) that CSU mediates the
relationships between fatigue and adherence; (H2C) that CSU mediates the relationships between memory
and adherence; (H2D) that there is an interactive effect of fatigue and CSU on adherence; and (H2E) that
there is an interactive effect of CSU and memory on adherence. Within each alternative model, additional
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models were generated to reflect different aspects of the modeled relationships (e.g., that CSU mediates
the relationship between RM and adherence, but not PM and adherence; see Figure 9E), and respecified
as needed to construct the most parsimonious versions of the models within each alternative model set.
Retained alternative models for each set were then compared and evaluated using the criteria described
above.
Covariate Hypothesis

Finally, we tested the fit and parsimony of our final model against alternative models controlling
for potential covariates of the effects of fatigue and memory on adherence. Additionally, as fatigue and
depression are closely related, such that fatigue is sometimes conceptualized as a symptom of depression
(e.g., Millikin, Rourke, Halman, & Power, 2002), an alternative model replacing fatigue with depressive
symptomatology was also generated and compared to the final model (see Figure 14).
Final Model Considerations
Adherence: Given that the adherence latent variable was comprised of both an objective measure of
adherence behavior (MEMS) and a measure of perceived efficacy of medication management (BERMA
MMES), we sought to determine whether fatigue, strategy use, and memory impairment were
differentially associated with perceived medication management efficacy than of objective medication
taking-behavior. We predicted that, as perceptions of resource availability (fatigue) and medication
management behavior (strategy use), fatigue and strategy use would be more strongly associated with
perceived efficacy of medication management (BERMA MMES) than of objective medication taking-
behavior (MEMS). We also predicted that memory impairment, as a more objective measure of resource
availability, would be more strongly associated with objective medication taking-behavior (MEMS) than
with perceived efficacy of medication management (BMMES).

These predictions were addressed using a blended approach of alternative models testing and
model generation. Specifically, an alternative model was constructed of direct effects of fatigue, CSU,

and RM/PM on each significant contributing variable to the adherence latent variable (i.e., MEMS and
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BERMA MMES). This alternative model was respecified as needed to construct the most parsimonious
version of the model, which was then compared to the Aim 1 final model (Figure 15).

Prospective memory: Given prior data investigating the relative effects of 2-minute and 15-minute delay

intervals on the relationship between PM and adherence (Poquette et al., 2013), we sought to explore
whether participant performances on the MIST 15-minute and 24-hour subtests would be differentially
associated with adherence and with the rest of the model. To test these considerations, we constructed
alternative models by replacing the PM latent variable with either the MIST 15-minute or the MIST 24-
hour subscale scores, and compared the fits of the alternative models to the Aim 1 final model (Figure
16).
Aim 2

All Aim 2 hypotheses were addressed using latent growth modeling. Latent growth models were
constructed by creating latent variables of the intercepts and slopes for each experimental variable. For
each variable, the intercept was regressed to the variable at both time points with a fixed regression
weight of 1. The slope was regressed to the variable at time 1 at a fixed regression weight of 0, and
regressed to the variable at time 2 at a fixed regression weight of 0. Regression weights for residual errors
were fixed at 1 for all variables, and were assumed to be uncorrelated. Residual error variances were fixed
to O for all time-2 variables, but left free for all time-1 variables. Intercepts and slopes of all variables in
the model were tested for significant covariances. For all Aim 2 models, measurement of compensatory
strategy use (CSU) was shifted from PMMQ total scores to PMMQ percent use scores, which reflect the
number of strategies employed by participants but not the frequency at which they were utilized. Thus, for
all Aim 2 models, CSU was described as “CSU number” rather than “CSU frequency.”
Hypotheses 3 and 4

Hypothesis 3 (i.e., that change in fatigue would be significantly associated with change in
perceived medication management efficacy) was addressed by building two individual latent growth
models: one for fatigue, and one for perceived efficacy. The intercepts and slopes of each latent growth
model were tested for significant covariances. The same model design was used to address Hypothesis 4
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(i.e., that change in CSU number would be significantly associated with change in perceived medication
management efficacy).
Hypothesis 5

To address Hypothesis 5 (i.e., that changes in RM and PM would be significantly associated with
change in perceived medication management efficacy), three alternative latent growth models were
generated. The first two models were comprised of an individual latent growth model for perceived
efficacy and in individual latent growth model for either RM (1), or for PM (2). The third model was
comprised of three individual latent growth models, one each for RM, PM, and perceived efficacy. For all
models, the intercepts and slopes of each latent growth model were tested for significant covariances.
Models were respecified as needed to construct the most parsimonious versions of the models.
Hypothesis 6

Finally, to test Hypothesis 6 (i.e., that the data would be best fit by a model of the associations
between changes in fatigue, CSU number, and perceived efficacy), a model was constructed of three
individual latent growth models: one each for fatigue, CSU number, and perceived efficacy. The
intercepts and slopes of each latent growth model were tested for significant covariances, and the fit

indices of the model were compared to those of the other Aim 2 models to assess the best-fitting model.
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RESULTS

Missing Value Analysis
Baseline Cohort

Among the clinicodemographic variables, less than one percent of participant data was missing
for current/lifetime diagnoses of generalized anxiety disorder (Table 1). Across the HIV infection and
treatment variables, fewer than five percent of participants were missing data for nadir and current CD4
T-cell counts, plasma HIV RNA, and current cCART regimens, while 8.5 percent of data were missing for
estimated duration of HIV infection (Table 2). No other data were missing for all other
clinicodemographic or medical variables. Among the experimental variables, fewer than five percent of
data points were missing for the CVLT-1I, the BERMA MMES, and ACTG, while nine percent of
participants were missing data for the PMMQ (Table 3). No other data were missing from the other
experimental variables. Careful examination of the array of missing data points reflected a largely random
pattern of missing data, with none of the participants missing more than two data points (Table 5). Eleven
participants were missing data for both duration of HIV infection and the PMMQ; however, only the
PMMQ was included in subsequent path analysis, which eliminated the possibility that this pattern of
missing data would affect the results.
Longitudinal Cohort

No clinicodemographic data points were missing at baseline (Table 6). At one-year follow-up,
fewer than five percent of participants were missing data for current diagnosis of substance use disorders;
no other clinicodemographic data were missing. Across the HIV infection and treatment variables at
baseline, fewer than five percent of data were missing for nadir and current CD4 T-cell counts (Table 7).
At follow-up, fewer than five percent of participants were missing data for plasma HIVV RNA, while 5.3
percent of participants (N=3) were missing data for current cART regimens. No other data points were
missing for the medical variables at either time point. No experimental data were missing at baseline
(Table 8). Among the experimental variables at follow-up, fewer than five percent of data points were
missing for PMMQ, CVLT-II, LM Il, and MIST 24-hr. No other data were missing from the other
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experimental variables. ACTG and MEMS data were not used in longitudinal analyses. Careful
examination of the array of missing data points reflected a largely random pattern of missing data, with
none of the participants missing more than two data points (Table 9).

Aim 1

Omnibus Model Construction

The omnibus model (Figure 1) represented the direct relationships between fatigue, RM, PM, and
CART adherence, with indirect effects of the former variables on adherence through CSU. All parameter
estimates were identified, and model fit indices indicated excellent fit of the omnibus model to the data
(x°=9.846, df=8, p=.276; NFI=.941; TLI=.967; CFI=.987; RMSEA=.036). As expected, fatigue
(unstandardized v, = -.43, p=.0027), and the RM (unstandardized y,,m,=1.81, p=.029) and PM
(unstandardized y, pm,=2.26, p=.017) composite scores all demonstrated significant direct relationships
with adherence. Additionally, fatigue was not significantly related to RM (rymz = -.15, p=.72) or PM
(rpmz,fa= --03, p=.93).

While BERMA MMES and MEMS scores were found to be significant contributors to the
adherence latent variable (Figure 1: Aygnp=1.59, p=.020, with Aynm Set to 1.00 to scale the latent variable;
standardized factor loadings were Aygnp=.85, p=.039; and A,gn m=.31, p<.001), the path for the contribution
of ACTG to the adherence latent variable was nonsignificant (unstandardized A,gn=.05, p=.48). The
omnibus model was respecified by dropping ACTG from the adherence latent variable and entering it as a
separate endogenous variable, thus adding three additional paths (Figure 2B). Though all parameter
estimates were identified, and all five model fit indices indicated acceptable fit (3°=2.263, df=5, p=.812;
NFI=.987; TLI=.1.076; CFI=1; RMSEA=0), unstandardized parameter estimates of the relationships
between the exogenous variables and ACTG were either nonsignificant (yspm,=1.09, p=.058; yam,= -.18,
P=.61; Yacsu= --04, p=.058) or quite small (y,=.09, p=.048). Accordingly, ACTG was dropped from the
respecified model (e.g., Figure 2C) and all subsequent models. This respecified model retained acceptable

fit indices in the absence of ACTG (X2=1.965, df=3, p=.580; NFI=.988; TLI=.1.035; CFI=1; RMSEA=0),
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and demonstrated the most balance between complexity and goodness of fit of the three models (i.e.,
AIC,4=63.85; AIC,5=62.26; AlC,c=49.97).

We then considered the statistical implications of using composite scores for RM and PM. The
primary concern was that calculation of composite scores “traps” unobserved error into the composite.
Due to this inability to separate error from the composite scores, path analysis with these scores could be
confounded by the trapped error and cause misrepresentation of findings. In response, the first
respecification of the model was conducted by entering the raw scores of the four memory measures (i.e.,
CVLT-II, LM II, MIST 15-min, and MIST 24-hr) into a single memory latent variable (see Figure 3B).
Model fit indices indicated good fit (x°=20.68, df=16, p=.191; NFI=.914; TLI=0.962; CFI=.978;
RMSEA=.041). All four memory measures contributed significantly to the memory latent variable
(Amem.=6.86, p<.001; Amem.c=2.83, p<.001; Amem.24=-33, pP<.001; with Arem 15 et to 1.00 to scale the latent
variable; standardized factor loadings were Amem.=.73, Amem.c=-68 Amem24=-39, and Amem 15=.52, with all
ps<.001), which evidenced a significant direct effect on adherence (yaghmem=3.2, p=-0047).

However, as evidence from prior literature (e.g., Woods et al., 2008b) suggests that RM and PM
have dissociable effects on adherence, this respecified model was determined to be less conceptually
accurate than the omnibus model. Instead, the model was again respecified, with RM and PM included in
the model as two separate latent variables (see Figure 3C). The MIST 15-minute and 24-hour raw scores
were included as indicators for the PM latent variable, and the CVLT-Il and LM |1 delayed recall raw
scores were included as indicators for the RM latent variable. All parameter estimates of this new model
were identified, and model fit indices indicated acceptable fit (x°=16.871, df= 12, p=.155; NFI=.930;
TLI=.947; CFI=.977; RMSEA=.048). Respecification of the model to remove the nonsignificant effects
of RM and PM on CSU (Figure 3D) and again to remove nonsignificant correlations between RM and
fatigue, and between PM and fatigue (Figure 3E) resulted in increasingly improved model fit indices
(Figure 3D: X2=16.833, df= 14, p=.265; NFI1=.932; TLI=.974; CFI=.987; RMSEA=.034. Figure 3E:
*=17.089, df= 16, p=.380; NF1=.931; TLI=.991; CFI=.995; RMSEA=.02). in the resultant model (Figure
3E), each of the PM measures contributed significantly to the PM latent variable (unstandardized
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Apmi15=3.145, p=.0022, with A,mi24 St to 1.00 to scale the latent variable; standardized factor loadings
were Apmi15=-55, p<.001; Apmi24=.40, p<.001) and each of the RM measures contributed to the RM latent
variable (A =2.44, p<.001with Ay Set to 1.00 to scale the latent variable; standardized factor loadings
were Am=.75, p<.001; Ami=.70, p<.001). The model also revealed significant effects of fatigue
(unstandardized y, = -0.43, p=.0039) and strategy use (unstandardized v, ,= -0.17, p=.01) on adherence.
However, these respecification steps did not produce significant estimates for the effects of RM and PM
on adherence (Figure 3E: unstandardized Yagnpm=21.19, p=.37; Yashrm= -1.18, p=.66).

Final respecification of the model was conducted by removing one of the two remaining
nonsignificant estimates for the effects of RM and PM on adherence. The first model removed the
relationship between RM and adherence (Figure 3F), while retaining the estimated relationship between
PM and adherence, and the RM latent variable as a covariate of the effects of PM on adherence. The
model was identified, and model fit indices indicated improved fit over the other models retaining RM
and PM as latent variables (X2=17.594, df=17, p=.415; NFI=.929; TLI1=.996; CFI=.997; RMSEA=.014).
The second model removed the relationship between PM and adherence (Figure 3G), while retaining the
estimated relationship between RM and adherence, and the PM latent variable as a covariate of the effects
of RM on adherence. This second model was also identified, and model fit indices indicated acceptable fit
indices (X2=21.341, df=17, p=.211; NFI=.913; TLI=.967; CFI=.98; RMSEA=.038). However, the first
model, 3F, was a better fit of the data, given the smaller RMSEA (i.e., .014 vs. .038) and AIC
(AIC5=71.594 vs. AlC,5=75.341).

To assess for parsimony, Model 3F was respecified to remove RM completely (Figure 3H). The
resultant model was identified, with acceptable fit indices (x2=11.217, df=7, p=.129; NFI=.918;
TLI1=.925; CFI=.965; RMSEA=.059), and was more parsimonious than Model 3F (3H AIC=51.217 vs. 3F
AIC=71.594). However, comparison of the fit indices indicated that Model 3H was a less appropriate fit
of the data than Model 3F, as Model 3H had a much larger RMSEA (.059 vs. .014), and smaller TLI (.925
vs. .996), which also fell below the .95 threshold. Furthermore, the effect of PM on adherence lost
significance with the removal of RM (3H: unstandardized vy, pm=12.52, p=.25).
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Taken together, these initial analyses suggested that: (1) the effect of fatigue on adherence
(whether direct or indirect) is independent from that of memory; (2) fatigue was not significantly
associated with RM or PM; (3) the adherence latent variable was most parsimoniously represented by
contributions from the BERMA MMES and MEMS scores; and (4) from a conceptual standpoint,
memory was best modeled by RM and PM latent variables.

Hypothesis 1

To address the first hypothesis (i.e., that fatigue and memory impairment exert an interaction
effect on adherence), four sets of alternative models were generated.
Hypothesis 1A: Direct Effects

The first model set addressed whether the data would be fit better by a model comprised of only
direct and independent effects of fatigue, RM, and PM on adherence, without contributions from CSU
(Figure 4). The initial model (Figure 4A) included direct relationships between adherence and fatigue,
RM, and PM. As fatigue was not expected to be significantly associated with either RM or PM, based on
the results of the omnibus model analyses (see Figures 3C and 3D), only the correlation between RM and
PM was included in the model. This model was identified and evidenced acceptable fit (3°=7.992, df=11,
p=0.714; NFI=.959; TLI1=1.033; CFI=1; RMSEA=0); however, the factor loading for the contribution of
BERMA MMES to the adherence latent variable was nonsignificant (4A: Aygnp=2.03, p=.18), and neither
RM (unstandardized Yaghrm= -.62, p=.78) nor PM (unstandardized y,gn pmi=14.74, p=.51) retained
significant relationships with adherence. The model was respecified by either removing the path between
RM and adherence (Figure 4B) or by removing the path between PM and adherence (Figure 4C). Both
respecified models were identified. Neither model retained significant factor loadings for the contribution
of BERMA MMES to the adherence latent variable (4A: Aygnp=2.03, p=.18; 4B: A,anp=2.04, p=.078; 4C:
Aaghp=2.07, p=.18). As such, none of the models of this set were selected for consideration as a best-fitting
model.

Hypothesis 1B: Interaction Effects of Fatigue and Memory
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The second model set addressed whether the data would be fit better by a model comprised of
interactive effects of memory and fatigue on adherence (Figure 5). Interaction effects were constructed by
including the product constants of the fatigue and memory variables as latent variables, one for the
interaction between RM and fatigue (i.e., FRM, comprised of the CVLT-1I/POMS-FI and the LM
11/POMS-FI product constants) and one for the interaction between PM and fatigue (i.e., FPM, comprised
of the MIST 15-minute/POMS-FI and the MIST 24-hour/POMS-FI product constants). The initial model
(Figure 5A) was comprised of direct effects of fatigue, RM, and PM on adherence, as well as interaction
effects of fatigue/RM and fatigue/PM on adherence. Covarying relationships were included between RM
and PM and between the interaction terms. The model was identified but fit the data poorly, as evidenced
by model fit indices that did not meet appropriate thresholds (x°=62.4, df=38, p=0.008; NFI=.842;
TLI1=.896; CFI=.928; RMSEA=.060). Respecification of the model to isolate the interaction effect
between PM and fatigue on adherence (Figure 5B), or the interaction effect between RM and fatigue on
adherence (Figure 5C) did not improve the fit of the model (5B: x2=65.21, df=40, p=0.007; NFI=.835;
TLI=.898; CFI=.926; RMSEA=.060. 5C: ¥°=68.66, df=40, p=0.003; NFI=.826; TLI=.884; CFI=.916;
RMSEA=.064). Thus, none of the models of this set were selected for consideration as a best-fitting
model.

Hypothesis 1C: Fatigue as a Mediator

The third model set addressed whether the data would be fit better by a model reflecting fatigue
as a mediator of the effects of RM and PM on adherence (Figure 6). Construction of the initial model
(Figure 6A) included direct paths from RM and PM to adherence and indirect paths from RM and PM
through fatigue to adherence. RM and PM were also expected to covary. The initial model was identified
and evidenced appropriate model fit indices (y°=7.688, df=9, p=.566; NFI1=.961; TLI1=1.018; CFI=1;
RMSEA=0). However, the unstandardized estimates of the effects of RM and PM on fatigue were non-
significant (Yeaerm= -.11, P=.93; Yrapmi= -.12, p=.99). A series of respecifications of the model to isolate the
mediation effect of fatigue on the relationship between PM and adherence (Figures 6B and 6C) or on the
relationship between RM and adherence (Figures 6D and 6E) also failed to retain significant

[50]



unstandardized estimates of the effects of PM or RM on fatigue (6B: Yt pmi= -1.16, p=.67; 6C: Yarpmi= -
1.14, p=.67; 6D: Vgatm= -.13, p=.61; 6E: ysarm= -.11, p=.63). Thus, none of the models of this set were
selected for consideration as a best-fitting model.
Hypothesis 1D: Memory as a Mediator

The final model set addressed whether the data would be fit better by a model including RM and
PM as mediators of the effects of fatigue on adherence. Construction of the initial model (Figure 7A)
included a direct path from fatigue to adherence, as well as indirect paths from fatigue through RM and
PM to adherence. The initial model was identified, but fit the data poorly, as evidenced by significant chi-
square results and model fit indices that did not meet appropriate thresholds (y°=46.434, df=10, p<.001;
NFI=.762; TLI=.56; CFI=.791; RMSEA=.144). Respecifications of the model to include only PM (Figure
7B) or only RM (Figure 7C) as a mediator of the relationship between fatigue and adherence resulted in
improved model fit indices (7B: ¥°=1.392, df=3, p=.707; NFI=.984; TLI1=1.07; CFI=1; RMSEA=0. 7C:
X2=4.673, df=3, p=.197; NFI=.965; TLI=.955; CFI=.986; RMSEA=.056); however, the respecified
models failed to retain significant unstandardized estimates of the effect of fatigue on PM (7B: ypmifa= -
.002, p=.69) or RM (7C: ymita= --017, p=.72). Consequently, none of the models of this set were selected
for consideration as a best-fitting model.
Hypothesis 1 Summary

The data were not best fit by a model comprised of only direct, independent effects of fatigue and
memory impairment on adherence (Figure 4). Alternate model sets hypothesizing an interactive effect of
fatigue and memory impairment on adherence (Figure 5), or mediating relationships between fatigue and
memory impairment on adherence (Figure 6 and 7), either evidenced poor model fit or failed to retain
significant unstandardized estimates of the expected relationships.
Exploratory Hypothesis 2

To address the second hypothesis (i.e., whether fatigue and memory impairment affect adherence
both directly and indirectly through CSU), five alternative model sets were generated.
Hypothesis 2A: Direct Effects
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The first model set addressed whether the data would be fit better by a model comprised of direct
effects of fatigue, CSU, RM, and PM on adherence (Figure 8A). All possible correlations were included
between the exogenous variables, as CSU had not been included previously as an exogenous variable.
The model was identified and evidenced acceptable model fit indices (X2=16.731, df=12, p=.16;
NFI=.932; TLI=.949; CFI=.978; RMSEA=.047). Respecification of the model through removal of non-
significant correlations (Figure 8B) resulted in an identified model with improved fit indices (3°=17.089,
df=16, p=.38; NFI1=.931; TLI=.991; CFI1=.997; RMSEA=.02) and significant unstandardized estimates of
the effects of fatigue and CSU on adherence (Yagn fa= --43, P=.0039; Yagn.css= --17, p=.010); however, the
effects of RM and PM on adherence remained non-significant (Yaghm= -1.18, p=.66; Yaghpm=21.19,
p=.37). The model was further respecified by removing either the effect of RM on adherence (Figure 8C),
or the effect of PM on adherence (Figure 8D). In both cases, the remaining effect of memory on
adherence retained significance (8C: Yagnpmi=10.58, p=.020; 8D: Yagnmi= 1.14, p=.007). Comparison of
model fit indices across all four models revealed Figure 8C fit the data best, and was thus retained for
best-fit comparison.

Hypothesis 2B: CSU as a Mediator of Fatigue and Adherence

The models that comprised this second model set were identical to some of those featured in the
analyses of the omnibus model; see Figures 3E, 3F, and 3G, and the relevant sections above for fit values
and other details. In brief, the model was constructed with direct path estimates from fatigue, RM, PM,
and CSU to adherence, as well as a path estimate from fatigue to CSU (Figure 3E). The model was
identified and evidenced acceptable model fit indices. While the standardized path estimates from fatigue
and CSU to adherence were significant, as well as the standardized path estimate from fatigue to CSU, the
path estimates from RM and PM to adherence remained nonsignificant. Respecification of the model by
removing the path from RM to adherence (Figure 3F) or by removing the path from PM to adherence
(Figure 3G) produced identified models with acceptable fit indices and significant unstandardized

estimates between all variables. Comparison of the fit indices and AIC values between Figure 3F and
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Figure 3G showed that Figure 3F was a significantly better fit to the data. Thus, Figure 3F was retained
as the best-fitting model of this set.
Hypothesis 2C: CSU as a Mediator of Memory and Adherence

The third model set addressed whether the data would be fit better by a model including CSU as a
mediator of the relationship between memory and adherence (Figure 9). The initial model was
constructed with paths from fatigue, CSU, RM, and PM to adherence, and paths from RM and PM to
CSU (Figure 9A). This model was identified, but evidenced poor model fit indices, including significant
chi-square results and model fit indices that did not meet acceptable thresholds. Model fit was not
improved by respecification of the model to isolate the mediating effect of CSU on the relationship
between PM and adherence (Figure 9B) or RM and adherence (Figure 9D), even when the effect of RM
on adherence (Figure 9C) or PM on adherence (Figure 9E) was removed from the model. Consequently,
none of these models were retained for consideration as a best-fitting model.
Hypothesis 2D: Interaction Effects of CSU and Fatigue

The fourth model set addressed whether the data would be fit better by a model including an
interaction effect of fatigue and CSU on adherence (Figure 10). The initial model was constructed of
paths from fatigue, CSU, FCS (the fatigue/CSU product constant), RM, and PM to adherence, and
included all potential covariances (Figure 10A). The model was identified and evidenced acceptable
model fit indices (x*=20.33, df=15, p=0.16; NFI1=.92; TLI=.941; CFI=.976; RMSEA=.045).
Respecification of the model to remove non-significant covariances (Figure 10B) and removal of the
effect of RM (Figure 10C) or PM (Figure 10D) on adherence failed to result in a significant effect of the
fatigue/product constant on adherence. Thus, none of the models were retained for best-fit analysis.
Hypothesis 2E: Interaction Effects of CSU and Memory

The final model set addressed whether the data would be fit better by a model that included
interaction effects of memory and CSU on adherence (Figure 11). Interaction effects were constructed in
a similar manner to that employed for the H1B models (Figure 5). The initial model was constructed of
direct path estimates from fatigue, CSU, CSRM (the CSU/RM product constant), CSPM (the CSU/PM

[53]



product constant), RM, and PM, and included all potential covariances (Figure 11A). The model was
identified and evidenced acceptable model fit indices (x*=37.91, df=35, p=0.338; NFI=.909; TLI=.983;
CFI=.991; RMSEA=.022). Respecification of the model to remove nonsignificant covariances (Figure
11B) and then to isolate the interaction between CSU and PM (Figures 11C and 11E) or between CSU
and RM (Figures 11D and 11F) failed to produce a model in which an interaction between CSU and
memory evidenced a significant effect on adherence. Consequently, none of the models were retained for
best-fit analysis.

Best-Fit Analysis

Across all Hypothesis 1 and 2 model sets, only models including direct estimates of the effects of
fatigue, CSU, and PM on adherence, and either a mediating (Figure 3F) or covarying (Figure 8C)
relationship between fatigue and CSU, were retained for consideration as best-fitting models. In contrast,
models comprised of other mediating or moderating relationships between fatigue, CSU, RM, and PM
either evidenced poor model fit, or failed to retain significant unstandardized estimates of the expected
relationships.

To determine which of the two remaining models represented the best fit of the data, a third
alternative model was generated to consider the relative fit of a mediating effect of fatigue on the
relationship between CSU and adherence (Figure 12A). This model was identified, evidenced fit indices
that were identical to that of the other two retained models, and did not reflect any nonsignificant
estimates or factor loadings. To tease out the relative fits of the mediation models (Figures 3F and 12A), a
fourth model was constructed to attempt to model the relative effects of fatigue and CSU on one another
(Figure 12B). However, the model was not recursive and thus could not be identified.

Given the identical model fit indices across the three models (Figures 3F, 8C, and 12A), the
difficulty in determining causation within cross-sectional data supported the selection of Figure 8C as the
best-fitting model of the data for Aim 1.

Covariate Hypothesis
Selection of Covariates
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Likely covariates were selected using both theoretical and data-driven considerations. Prior
evidence has supported strong relationships between adherence and age (e.g., Barclay et al., 2007) and
depression (e.g., Gonzalez et al., 2011). Pill burden was also considered, as a recent study from our lab
found that pill burden influences the relationship between time-based PM and adherence among younger
adults with HIV (Sheppard et al., 2016). In the current study, age was significantly related to BERMA
MMES scores (rs=-.180, p=.017), as well as MIST 15-minute (r;=-.368, p<.0001) and PMMQ (r;=.227,
p=.004) scores. Self-reported depressive symptomatology (i.e., POMS-DD) was significantly related to
BERMA MMES (rs=-.467, p<.0001), as well as fatigue (r;=.589, p<.0001), MIST 15-minute (r;=-.168,
p=.025), and LM Il (rs=-.251, p=.0008) scores. Overall pill burden was significantly related to BERMA
MMES scores (F=12.7, p=.0005), as well as fatigue (F=24.5, p<.0001), MIST 15-minute (F=6.78,
p=.010), and LM Il (F=5.58, p=.019) scores.

Finally, HAND diagnosis was considered as a potential covariate to assess the possibility that the
interrelationships observed in the best-fitting Aim 1 model could reflect the overall presence and severity
of HAND. However, because the HAND diagnosis was extremely skewed in the current study (skew
index = 17.35, well above the 3.0 threshold suggested by Kline, 2011), global clinical rating score was
included as a covariate instead to assess the effects of general level of cognitive ability on the
interrelationships of the other variables in the best-fitting Aim 1 model. Global clinical rating score was
significantly related to the BERMA MMES (F=4.5, p=.0353), MIST 15-minute (F=15.40, p<.0001),
MIST 24-hour (F=6.50, p=.0116), CVLT-Il (F=32.85, p<.0001), and LM Il (F=24.45, p<.0001) scores.
Covariate Model Construction and Best-Fit Analysis

A test of age, pill burden, and depressive symptomatology as covariates of the best-fitting model
from Hypotheses 1 and 2 (Figure 8C) was constructed into one model (Figure 13B). The model was
identified and evidenced acceptable model fit indices (X2=34.587, df=26, p=.121; NFI1=.924; TLI=.955;
CFI=.979; RMSEA=0.043). Respecification of the model to remove nonsignificant covariances (Figure
13C) produced a model with worse fit indices (e.g., ¥°=50.167, df=32, p=.021). The respecified model
also evidenced nonsignificant unstandardized estimates of the effects of age and pill burden on adherence
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(Yadh.age=-073, P=.25; Yagnour=-097, p=.6), while the effect of depressive symptomatology on adherence was
significant (yaun.qep= --13, p=.047). Respecification of the model by removing age as a covariate (Figure
13D) resulted in a model with improved fit indices (x2=32.324, df=26, p=.183; NFI=.919; TLI=.969;
CFI=.982; RMSEA=0.037), but the effect of pill burden on adherence remained nonsignificant
(Yaghbur=-155, p=.36). Alternate respecification of the model by removing pill burden as a covariate
(Figure 13E) did not produce improved fit indices (e.g., x°=46.169, df=28, p=.017). Finally, alternate
respecification of the model by removing depression as a covariate (Figure 13I) resulted in a model with
improved fit indices (X2=33.383, df=24, p=.096; NFI1=.907; TLI=.944; CFI=.970; RMSEA=0.047), but the
effects of age and pill burden remained nonsignificant (yaghage=-104, p=.143; Yagnpu=-112, p=.568).
Similarly, alternative models including age (Figure 13G) or pill burden (Figure 13H) as the sole covariate
did not result in a significant effect of age on adherence (13G: Yadn.age=-123, p=.083; 13H: Vagnpur=.193,
p=.281). Finally, alternative models including global clinical rating scale as the sole covariate did not
result in a significant effect of cognitive impairment on adherence (13J: Yagn g=-492, p=.448), even when
the model was respecified by removing all non-significant covariances from the model (13K: Yagh gr=-49,
p=.436).

Final respecification of the model was achieved by removing both age and pill burden as
covariates and retained (Figure 13F), the effect of depressive symptomatology on adherence with
covariances between depressive symptomatology and fatigue, and between depressive symptomatology
and RM. Compared to the other respecifications, this model evidenced the best fit indices, smallest AIC,
and retained all significant unstandardized estimates and factor loadings (see Figure 13 for all numbers).

Best-fit analysis of the final covariate model (Figure 13F) and the Aim 1 final model (Figure 8C)
revealed that the final Aim 1 model evidenced better fit indices (e.g., RMSEA =.014 (8C) vs. .036 (13F))
and smaller AIC (i.e., 71.594 (8C) vs. 90.984 (13F)) suggesting that the Aim 1 final model is ultimately a
better fit of the data.

To determine whether depressive symptomatology better explains the role of fatigue in the Aim 1
final model, fatigue was removed from the model and replaced with depressive symptomatology (Figure
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14B). Due to poor fit indices of the initial model (e.g., ¥°=29.247, df=17, p=.032), the model was
respecified to reflect the significant covariances between depressive symptomatology and the other
variables in the model, as reflected by the earlier covariate analyses (e.g., Figure 13F). This respecified
model (Figure 14C) evidenced improved model fit indices over that of the initial model, but similar to
Figure 13F, evidenced poorer fit indices (e.g., RMSEA =.052 (14C) vs. .014 (8C)) and larger AIC (i.e.,
79.168 (14C) vs. 71.594 (8C)) than the final Aim 1 model.
Final Model Considerations
Adherence

To determine whether fatigue, strategy use, and memory impairment were differentially
associated with perceived medication management efficacy and with objective medication taking-
behavior, one alternative model was generated. The model was constructed by removing the adherence
latent variable, and by entering MEMS and BERMA MMES as separate endogenous variables, thus
adding three additional paths (Figure 15). All parameter estimates were identified, and the model fit
indices indicated acceptable fit (x°=15.71, df=15, p=.402; NFI=.936; TLI1=.994; CF|=.997;
RMSEA=.016), with values very close to those of the final Aim 1 model. While all of the unstandardized
parameter estimates of the relationships between the exogenous variables and BERMA MMES were
significant, none of the unstandardized parameter estimates of the relationships between the exogenous
variables and MEMS were significant (Ymems ta=-012, p=.96; Ymems.csu™ --211, p=.073; Ymemspmi=7.147,
p=.42). Respecification of the model through removal of MEMS worsened the fit of the model
(x2=15.247, df=12, p=.228; NF1=.934; TLI=.973; CFI=.984; RMSEA=.039). Alternate respecification of
the model through removal of BERMA MMES also worsened the fit of the model (x*=14.672, df=12,
p=.260; NFI1=.901; TLI=.963; CFI=.979; RMSEA=.036), though it revealed a significant effect of CSU
frequency on MEMS (Yiems.csu= --188, p=.006). Together, these data indicate that while fatigue, PM, and
strategy use have direct significant associations with BERMA MMES, but not MEMS when both are
included separately in the model, the data were best fit by a model incorporating both BERMA MMES
and MEMS as contributors to an adherence latent variable (i.e., the Aim 1 final model).

[57]



Prospective Memory

To determine whether delay interval affected the observed relationship between PM and
adherence, two alternative models were generated by replacing the PM latent variable with either the
MIST 15-minute (Figure 16B) or the MIST 24-hour (Figure 16C) subscale scores in the Aim 1 final
model. The 15-minute delay alternative model was identified and evidenced acceptable model fit indices
(i.e., x2=19.175, df=12, p=.084; NFI1=.912; TLI=.936; CFI=.963; RMSEA=.058). However, this model
evidenced worse model fit than the Aim 1 final model (e.g., 16B RMSEA=.058 vs. final model
RMSEA=.014). In contrast, the 24-hour delay alternative model was identified, but did not did not meet
appropriate thresholds (i.e., ¥°=29.273, df=12, p=.004; NFI=.856; TLI=.834; CFI=.905; RMSEA=.09),
suggesting that the model was a poor fit to the data. Together, these data indicated that PM performance
on the 15-minute delay subtests better explained the role of PM in the final model than PM performance
on the 24-hour delay subtest, however, PM was best represented by both measures as contributors to a
PM latent variable.
Aim 1 Summary

Best-fit analyses, covariate analyses, and post hoc analyses all supported selection of the model
reflecting direct and covarying effects of fatigue and CSU frequency on adherence, and a direct and
independent effect of PM, covaried with RM, on adherence as the best-fitting Aim 1 model (Figure 17).
Adherence was most parsimoniously represented by a latent variable with contributions from the BERMA
MMES and MEMS. RM and PM were represented by latent variables comprised of the CVLT-Il and LM
Il delayed free recall raw scores (for RM) and the MIST 15-minute and MIST 24-hour subscale raw
scores (for PM). Unstandardized estimates, covariances, and means for the Aim 1 final model are
presented in Table 10.
Aim 2
Hypothesis 3

To address the third hypothesis (i.e., that change in fatigue would be associated with perceived
efficacy to manage medications), a model was constructed of a latent growth model of fatigue and a latent
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growth model of BERMA MMES, with covariances between their intercepts and slopes (Figure 18). The
model was identified, but did not did not meet appropriate thresholds (i.e., ¥°=5.615, df=2, p=.06;
NFI=.941; TLI=.878; CFI=.959; RMSEA=.180), suggesting that the model was a poor fit to the data.
Hypothesis 4

To address the fourth hypothesis (i.e., that change in CSU number would be associated with
change in perceived efficacy) a model was constructed of a latent growth model of CSU number and a
latent growth model of BERMA MMES, with covariances between their intercepts and slopes (Figure
19). The model was identified and met appropriate thresholds (i.e., x°=1.429, df=2, p=.489; NFI=.985;
TLI1=1.020; CFI=1.000; RMSEA=.000). Additionally, this model revealed significant covariances
between CSU number and BERMA MMES between both their intercepts (cov(l-csu,l-bmmes)=-1.401,
p<.001), and slopes (cov(S-csu,S-bmmes)= -.676, p=.017), supporting Model 19 as a candidate for best-
fit analyses.
Hypothesis 5

To address the fifth hypothesis (i.e., that changes in RM and PM would be associated with
changes in perceived efficacy), three alternative models were constructed. The first model was
constructed of latent growth models of the RM latent variable and BERMA MMES, with covariances
between their intercepts and slopes (Figure 20A). The model was identified, but did not did not meet
appropriate thresholds (i.e., ¥°=26.225, df=9, p=.002; NFI=.773; TLI=.714; CFI=.828; RMSEA=.185),
indicating poor fit to the data. The second model, constructed of latent growth models of the PM latent
variable and BERMA MMES, evidenced significantly better model fit (Figure 20B: ¥*=10.059, df=9,
p=.346; NFI=.821; TLI=.957; CFI=.974; RMSEA=.046). However, the MIST 24-hour scores did not
contribute significantly to the PM latent variables at either time point (unstandardized Aymi 24-u= -.07,
p=.626; and unstandardized Apmi 24-o= -.001, p=.983, with Apmi 15.1 and Apmi 152 Set to 1.00 to scale the latent
variables). The model was respecified by removing the MIST 24-hour scores, leaving the MIST 15-
minute scores as an independent latent growth model (Figure 20C). The respecified model was identified
and met appropriate thresholds (X2=0.037, df=2, p=.982; NFI=.999; TL1=1.148; CFI=1.000;
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RMSEA=.000). MIST-15 and BERMA MMES significantly covaried at baseline (cov(l-15,1-bmmes)=
6.146, p=.007), but changes in MIST-15 and BERMA MMES did not significantly covary (cov(S-c15,S-
bmmes)=.138, p=.945). The third and final model was constructed of latent growth models of the RM
latent variable, MIST 15-minute scores, and BERMA MMES, with covariances between their intercepts
and slopes (Figure 20D). The model was identified, but did not did not meet appropriate thresholds (i.e.,
X2=33.69, df=17, p=.009; NFI=.783; TLI=.784; CFI=.869; RMSEA=.132), suggesting that this model also
did not fit the data.
Hypothesis 6

Finally, to address the sixth hypothesis (i.e., data would be best fit by a model of the associations
between changes in fatigue, CSU, and perceived efficacy), a model was constructed of latent growth
models of fatigue, CSU number, and BERMA MMES, with covariances between their intercepts and
slopes (Figure 21). The model was identified and evidenced acceptable model fit indices (x°=6.601, df=6,
p=.359; NFI1=.958; TLI=.990; CFI=.996; RMSEA=0.042). Furthermore, all covariances between the
intercepts and slopes were significant (all ps<.04), supporting Model 21 as a candidate for best-fitting
analysis.
Best-Fit Analysis and Aim 2 Summary

Across all Aim 2 models, only Model 19 and Model 21 evidenced acceptable fit indices and
retained significant covariances between the slopes and the intercepts of the variables. Model 19 was
more parsimonious (i.e., Model 19 AIC=17.429 vs. Model 21 AIC=36.601) and evidenced better fit
indices (i.e., Model 19 RMSEA=.000 vs. Model 21 RMSEA=.042). However, Model 19 did not account
for effects of fatigue on CSU number and BERMA MMES. In contrast, Model 21 revealed significant
covariances between fatigue, CSU number, and BERMA MMES (all ps<.04), suggesting that both CSU
number and BERMA MMES covary significantly with fatigue. To further investigate, the fit indices of
Model 21 were compared to a nested model assuming no covariance between the intercepts and slopes of
CSU number and fatigue. Compared to Model 21, the nested model revealed significantly poorer model
fit indices (x°=12.485, df=2, p<.002), indicating that inclusion of fatigue as a covariate provides a more
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accurate test of the effects of CSU number on BERMA MMES. Together, these data supported selection
of Model 21 as the best-fitting model for Aim 2. Unstandardized estimates and covariances for the Aim 2

final model are presented in Table 11.
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DISCUSSION

Fatigue and memory impairment are each highly prevalent in HIV disease (e.g., Heaton et al.,
2011; Jong et al., 2010), and impact adherence to antiretroviral therapy. The current study explored the
relationships between fatigue, memory impairment, and adherence. The first aim was to determine the
best-fitting model of the relationships between fatigue, compensatory strategy use, retrospective and
prospective memory impairments, and adherence. We expected that fatigue and memory would each be
independently and synergistically associated with worse adherence; that strategy use would mediate the
effect of memory impairments on adherence; and that fatigue would dampen the ameliorating effect of
strategy use on adherence. Adherence was most parsimoniously represented by contributions from
measures of perceived efficacy of medication management and objective medication-taking behavior, but
not from self-reported adherence. In contrast with expectations, the data were fit best by a model
reflecting direct and covarying negative effects of fatigue and strategy use on adherence, which were
independent from a direct positive effect of prospective memory controlled for retrospective memory on
adherence. The second aim was to determine whether changes in fatigue, CSU, and memory performance
were associated with changes in perceived efficacy over a one-year period. We hypothesized that changes
in fatigue, CSU, and memory would each be independently associated with changes in perceived efficacy,
but the data would be fit best by a model of the associations between changes in fatigue, CSU, and
perceived efficacy. While independent models of links between changes in exogenous variables and
perceived efficacy evidenced either poor fit or nonsignificant relationships, consistent with expectations,
the data were fit best by a model including changes in fatigue and CSU, but not memory, as significant
covariates of change in perceived efficacy.
Aim1

In the initial aim, we explored how fatigue, memory, CSU frequency, and adherence were
interrelated. Building from the Aaronson et al. (1999) model of fatigue, we hypothesized that fatigue and
memory impairments would be associated with worse adherence, driven by awareness (fatigue) or
evidence (performance on memory tasks) of decreased capacity for task completion due to inadequate

[62]



resources. We also expected that fatigue and memory impairments would act synergistically on
adherence, such that participants with both factors would evidence significantly worse adherence than
participants with either factor alone. Finally, use of compensatory strategies was expected to circumvent
reliance on memory-related resources, and thus improve adherence. However, fatigue was expected to
dampen the ameliorating effect of strategy use on the relationship between memory impairments and
adherence.

Broadly, the best-fitting Aim 1 model only partially reflected our hypothesized model. Consistent
with our original model, (1) fatigue was linked to poorer adherence; (2) the effects of fatigue on
adherence was not better explained by the effects of depression on adherence; (3) PM was associated with
better adherence; (4) the effects of fatigue and strategy use on adherence covaried; and (5) age and pill
burden did not better explain the relationships between these variables. However, the final Aim 1 model
deviated from our original model in several meaningful ways: (1) the effects of fatigue and memory were
completely independent from one another; (2) RM was not directly associated with adherence; (3)
strategy use did not mediate the relationship between memory and adherence; (4) strategy use was
associated with worse adherence; and (5) fatigue covaried with, but did not dampen, the effects of
strategy use on adherence.

Hypothesis 1
Fatigue and Memory

Our first hypothesis was that fatigue and memory impairment would affect adherence
synergistically. However, best-fit analyses (i.e., the final Aim 1 model) demonstrated that the effects of
fatigue and memory on adherence were completely independent from one another. Furthermore, the
models that incorporated fatigue/RM and fatigue/PM interaction terms (Figure 5) evidenced very poor fit
to the data despite multiple respecification attempts. In other words, no relationship was observed
between awareness of diminished resources and evidence of objective deficit in memory resources, and
they exhibited independent effects on adherence. This finding supports and extends the results of prior
literature reporting no significant link between fatigue and neuropsychological functioning (e.g., Heaton
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et al., 1995; Millikin et al., 2003). This finding also maps onto the findings of prior investigations of the
links between memory and other neuropsychiatric constructs in seropositive populations. Most cross-
sectional (e.g., Kalechstein et al., 1998) and longitudinal (e.g., Cystique et al., 2007) studies have not
found a systematic link between depression and memory, though a few studies have reported significant
relationships between verbal memory and aspects of depression (e.g., Castellon et al., 2006). Similarly,
prior data failed to show robust relationships between apathy and memory (e.g., Rabkin et al., 2000;
Robinson-Papp et al., 2008).
Fatigue and Adherence

Consistent with our hypothesized model and with the findings of prior literature (Johnson et al.,
2005; Trotta et al., 2003), self-reported fatigue conferred a greater risk of suboptimal adherence. In other
words, individuals who reported greater levels of fatigue were also more likely to take a lower percentage
of their prescribed doses, and to perceive themselves to be less efficacious at managing medications.
Follow-up analyses indicated that this relationship was driven by a negative relationship between fatigue
and perceived efficacy (Figure 15), consistent with findings of Woods et al. (2008b), who reported a
significant relationship between fatigue and perceived efficacy, and with the results of Woods et al.
(2009a), who found no relationship between fatigue and objective medication-taking behavior.

Considering the well-established relationship between fatigue and depression in seropositive
populations (e.g., Ferrando et al., 1998), and significant effects of depression on adherence (e.g.,
Gonzalez et al., 2011), one likely explanation for this finding is that fatigue was an indicator of
underlying depressive symptomatology rather than a direct actor on adherence. To test this possibility,
depression was included in the final Aim 1 model as a covariate of the effects of fatigue, CSU frequency,
and memory on adherence (Figure 13). Consistent with prior findings, depression evidenced a significant
negative effect on adherence. Additionally, the effects of depression on adherence covaried significantly
with the effects of fatigue and RM on adherence. In other words, the effects of depression on adherence
influenced, and were influenced by, the effects of fatigue and memory on adherence. However, fatigue
retained a significant effect on adherence in this model, indicating that inclusion of depression in the
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model did not better account for the effect of fatigue on adherence. In other words, despite significant
association with depression, fatigue retained an independent effect on adherence. This finding extended
prior work by Ferrando and colleagues (1998), who reported that fatigue evidenced independent
contributions to disability and physical limitations despite significant associations with depression.
Furthermore, inclusion of depression to the Aim 1 final model worsened the model fit, indicating that the
data were fit best when depression was not included as a covariate.

Given the inclusion of fatigue as a symptom of depression in the DSM-5 (American Psychiatric
Association, 2013), and prior conceptualizations of HIV-related fatigue as a symptom of depression (e.g.,
Millikin, Rourke, Halman, & Power, 2002), perhaps fatigue and depression so closely measured the same
construct that the redundancy of including both measures in the model was responsible for the reduction
in model fit. We addressed this possibility by testing whether replacement of fatigue with depression
would improve the fit of the other hypothesized relationships to the data (Figure 14). Notably,
replacement of fatigue with depression worsened the fit of the model considerably. In other words,
depression did not better explain the effect of fatigue on adherence and the role of fatigue in the rest of the
model.

These results are consistent with prior data indicating that despite high comorbidity with
depression, HIV-related fatigue is a condition that is clinically distinct from depression (e.g., Breitbart et
al., 1998). For example, Barroso and colleagues (2016) demonstrated that effective treatment for
depression could partially improve but not fully resolve HIV-related fatigue. By underscoring the clinical
distinction between depression and fatigue, these data also underscore the importance of including
assessment and treatment of both fatigue and depression into routine HIV-related care. As treatment of
depression has already been linked to improvements in adherence (e.g., Sin & Matteo, 2014), an
important future study will be to assess whether successful treatment of fatigue would result in similar
benefits to adherence.

These data also supported the conceptual distinction between fatigue and depression. As the
results of best-fit analyses supported consideration of fatigue and depression as separate constructs,
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fatigue is unlikely to be merely a reflection of affective distress. In the original model, fatigue was
conceptualized as an awareness of diminished resources. Returning to that conceptualization of fatigue,
perhaps the relationship between fatigue and adherence is driven by a perceived decrease in the resources
necessary to perform adherence-related activities. However, the nature of the link between suboptimal
adherence and the perception of fewer resources to allocate for adherence-related activities is relatively
understudied. For example, while Siegel, Schrimshaw, and Raveis (2000) noted that some participants
reported feeling “too tired” to take their medications, they did not explore what it meant for participants to
be “too tired” to take their medications.

One avenue for exploring the link between fatigue and adherence would be to consider how
fatigue affects daily functioning more broadly. One recent study investigated how HIV-related fatigue is
perceived to interfere with daily functioning. Participants reported that fatigue most often interfered with
the ability to think quickly and clearly, plan activities ahead of time, perform household chores, exercise,
work, and engage in recreational activities (Harmon et al., 2009). Participants also indicated that fatigue
was most impactful on motivation, concentration, and drowsiness. While broad and largely subjective,
many of these concepts likely reflect relevant resources for adherence-related behaviors, particularly
concepts like clear thinking, planning, motivation, and concentration. Thus, these data offer insights into
potential mechanisms underlying the relationship between fatigue and adherence.

Among these concepts, motivation is one likely mechanism for the effects of fatigue on
adherence. Motivation has been incorporated in various models of health behavior, including the
information-motivation-behavioral skills model (IMB; e.g., Fisher et al., 2006) and self-determination
theory (e.g., Williams et al., 2000), both of which have been applied specifically to cART adherence (e.g.,
Fisher et al., 2008; Kennedy, Goggin, & Nollen, 2004). In the IMB model, motivation to adhere is
thought to be driven by favorable attitudes about CART adherence, unfavorable attitudes about
nonadherence, and perceiving that others will support their adherence (e.g., Fisher et al., 2008). Along
with adherence information, or the accuracy and depth of medication- and adherence-related knowledge,
motivation is thought to be related to performance of behavioral skills, which incorporates both objective
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performance and perceived efficacy. Finally, behavioral skills are expected to be directly associated with
adherence, while the effects of information and motivation on adherence are thought to be mediated by
behavioral skills. In other words, the IMB model posits that an informed and/or motivated person who
lacks the objective skills necessary to complete adherence-related tasks, or does not perceive self-efficacy
to do so, will have difficulty maintaining optimal cCART adherence (Amico, Toro-Alfonso, & Fisher,
2005). This model has been supported by some prior data (for a review, see Fisher et al., 2008). In one
study using SEM, information and motivation were found to be independently associated with self-
reported behavioral skills, which in turn was independently associated with self-reported adherence.
Motivation and information were not significantly associated, and neither was directly associated with
self-reported adherence (Amico, Toro-Alfonso, & Fisher, 2005).

In self-determination theory (SDT), level of patient autonomy is thought to be a significant
predictor of health-related behaviors (William et al., 2000). Autonomous motivation is the crux of SDT,
and is described as the extent to which participants engage in specific health behaviors of their own
volition, because such behaviors are important to them, rather than because of external pressures. Like the
IMB model, autonomous motivation is thought to be related to autonomous support, or the perception that
one’s healthcare providers and family support adherence behaviors (Williams et al., 1998). Finally, the
relationship between autonomous motivation and health behavior is thought to be mediated by perceived
competence to execute the behavior.

Extending SDT to cART adherence, Kennedy, Goggin, and Nollen (2004) postulated that
seropositive individuals are more likely to have positive attitudes about adherence if they perceived they
chose freely to engage in CART because doing so was personally important, and not because of external
forces. To test the fit of these SDT concepts to adherence, Kennedy, Goggin, and Nollen (2004)
constructed an SEM model of the hypothesized relationships between autonomous support, autonomous
motivation, perceived competence, and adherence. Psychological distress, measured by three subscales of
the POMS, was also included in the model. Autonomous support significantly predicted autonomous
motivation, which in turn predicted perceived competence, which then predicted self-reported adherence.
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Autonomous motivation was also significantly associated with the depression/dejection scale of the
POMS (r=-.18), though the effect of this relationship on adherence was not directly assessed in the SEM
model (Kennedy, Goggin, & Nollen, 2004). It is worth noting that while fatigue was considered in the
previous study design, it was included as one of 26 somatic symptoms associated with HIV infection,
which likely confounded any putative effects of fatigue to the model. The POMS fatigue/inertia subscale
was not included in the study.

These prior findings have interesting conceptual implications for the current study. First, both
studies indicated a link between motivation and perceived efficacy. In the Amico (2005) study,
motivation was significantly associated with self-reported behavioral skills, a variable that was designed
to reflect both objective skill knowledge and perceived efficacy to use the skills effectively (e.g.,
participants responded to items like, “I have no problems taking my combination therapy medications
correctly, even when it’s difficult to work them into my schedule.”). Similarly, Kennedy and colleagues
(2004) reported a significant association between autonomous motivation and perceived competence to
execute adherence-related behaviors, which was “likened” to self-efficacy. Given our inclusion of
perceived efficacy in the adherence latent variable, these findings suggest that motivation could have a
significant effect on adherence in the Aim 1 final model. Second, given the well-established associations
between depression and fatigue, the significant relationship between depression and autonomous
motivation observed by Kennedy and colleagues (2004) may reflect a similar link between fatigue and
motivation.

Taken together, these data support the possibility that the effect of fatigue on adherence is at least
partly related to the effects of fatigue on motivation, and of motivation on adherence. To test this theory, a
future study could include adherence-related motivation as a mediator of the relationship of fatigue and
adherence in the final Aim 1 model. Investigations of the effect of fatigue on motivation to adhere might
be particularly relevant for individuals who conceptualize their experience of fatigue as a side effect of
CART. Participants sometimes report avoidance of adverse side effects as a reason for missing CART
doses (e.g., Waldrop-Valverde et al., 2006). Thus, participants who experience fatigue as a side effect of
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CcART may be even less motivated to maintain adherence to the medications that caused their fatigue. As
the current study did not ask participants about the perceived cause of their fatigue, an important future
study would be to examine whether individuals who attribute their experience of fatigue to medication
side effects show a stronger effect of fatigue on adherence than those who attribute fatigue to the disease
process. The findings of this future study would support new avenues for assessment and interventions of
fatigue-related interference to adherence. Specifically, if fatigue has a greater impact on motivation to
adhere for participants who perceive it as a CART side-effect, future treatment studies could adapt
existing IMB interventions (e.g., Wagner et al., 2006) and adherence-related motivational interviewing
approaches (e.g., Krummenacher et al., 2011) to address the effects of fatigue on motivation to adhere to
CART.

In summary, while these data indicated that the effect of fatigue on adherence was not driven by
depression, there remain myriad other factors that could be driving the effect of fatigue on adherence,
including low motivation, or other adverse medication side effects (e.g., diarrhea or insomnia).
Additionally, it is important to note that the current study assessed only acute fatigue; thus, the presence
of chronic fatigue may differentially impact adherence and the other variables in the Aim 1 final model.
Ultimately, fatigue remains a vague constitutional symptom that warrants further investigation of its
complex nature, its effects on adherence, and its predictors in seropositive populations.

Memory and Adherence

PM also directly affected adherence in the expected direction, with better performance on long-
delay PM tasks predicting better adherence. Specifically, participants who demonstrated better
performance on PM tasks over 15 minute and/or 24 hour delays were also more likely to have better rates
of observed adherence to CART, and/or better perceived efficacy to manage their medications. Post hoc
analyses revealed that the relationship between PM and adherence was driven by a significant relationship
between PM and perceived efficacy to manage medications (Figure 15). This finding is consistent with
that of Woods and colleagues (2008b), who found that time-based and 24-hour delay PM were significant
predictors of perceived efficacy. However, PM did not retain a significant relationship with objective
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medication-taking behavior in post hoc analyses, even when perceived efficacy was removed from the
model completely (Figure 15D). This finding contrasts with that of another study by Woods et al.
(2009a), who reported that PM significantly predicted medication-taking behaviors. However, the earlier
finding reflected a relationship between medication-taking behavior and loss-of-time errors on the MIST,
indicating that deficits in time-based PM specifically were linked to medication-taking behavior. In
contrast, long-delay PM in the current study reflected both time-based and event-based PM performance.
Together, these data suggest that time-based PM is more predictive of medication-taking behavior than
summary PM performance (i.e., both time-based and event-based) over longer delays, though both
elements of PM are strongly associated with perceived medication management efficacy.

Additionally, the relationship between PM and adherence appeared to be driven primarily by the
15-minute PM delay scores, but overall the data were fit best by inclusion of both delay intervals in the
model (Figure 16). The link between adherence and PM performance after a 15-minute delay is consistent
with the findings of Poquette and colleagues (2013), who observed that participant performance on the
15-minute, but not the 2-minute, PM subscale was associated with worse adherence. The current findings
also extend the literature by considering the effects of both the 15-minute delay and a longer delay
interval (i.e., 24 hours) on the relationship between PM performance and adherence. While the 24-hour
PM delay scores entered alone in the final model resulted in poor model fit, inclusion of the 24-hour PM
delay scores in the PM latent variable with the 15-minute PM delay scores produced a model with
significantly better fit indices than the model with the 15-minute PM delay scores alone. In other words,
while PM performance after a 15-minute delay was significantly related to adherence, inclusion of PM
performance after a 24-hour delay significantly improved the fit of the relationship between PM and
adherence. Together, these data support the utility of 15-minute PM delay performance for predicting
adherence, but also suggest that a more complete understanding of the relationship between PM and
adherence requires inclusion of PM performance over longer, and thus more naturalistic, delays.

It is somewhat surprising that inclusion of the 24-hour PM delay scores alone substantially
worsened the fit of the model, despite prior evidence of associations between 24-hour PM delay
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performance and perceived efficacy (Woods et al., 2008b), and given that naturalistic PM tasks,
particularly those related to adherence, can require delay intervals of days or weeks. Examples include
remembering to attend scheduled appointments, to call providers during business hours, and to refill
prescriptions on time. Thus, one might have expected 24-hour PM delay performance to fit the model as
well, or perhaps better than, the shorter PM delay performance. However, it is worth noting that unlike
the 15-minute PM delay scores, which were comprised of PM performances across four different tasks,
the 24-hour PM delay scores only reflected performance on one naturalistic task. As performance on one
naturalistic 24-hour task does not reflect how participants might perform on average across multiple long-
delay naturalistic tasks, one future study could be to re-apply the model to data that include a measure of
24-hour or longer PM delay performance that comprises multiple trials or multiple tasks. Such a study
would determine whether the 15-minute PM delay performance retains the relatively stronger relationship
with adherence when compared with a more comprehensive measure of 24-hour PM delay performance.
Results from this study would provide more information regarding the utility of 15-minute PM delay
scores for predicting adherence.

Unexpectedly, the best-fitting model did not include a direct effect of RM on adherence. Notably,
iterative model generation and respecification produced a model reflecting a significant direct effect of
RM on adherence, but only in the absence of a direct effect of PM on adherence (Figure 3G). While this
alternative model evidenced good model fit indices and was consistent with prior literature supporting a
link between adherence and RM performance (e.g., Ettenhofer et al., 2010; Hinkin et al., 2004), the fit of
the model to the data was noticeably weaker than that of the Aim 1 final model. Curiously, none of the
models evidenced a significant effect of either RM or PM on adherence when both direct effects were
included in the model. However, the results of best-fitting model analyses supported the inclusion of RM
as a covariate of the effect of PM on adherence. Specifically, the fit of the model to the data worsened
significantly when RM was removed from the model entirely (Figure 3H).

Together, these findings are consistent with the theoretical position that RM is a necessary but not
sufficient resource for successful PM performance (Gupta et al., 2010; Woods et al., 2006; Woods et al.,
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2008a) including adherence (Woods et al., 2009a). First, inclusion of a direct effect of PM, but not RM,
on adherence in the best-fitting model indicates that some aspect of PM was more directly related to
adherence than RM. Second, the improved fit of the model when RM was included as a covariate of PM
suggests that the availability of RM resources significantly affected the relationship between PM and
adherence. This finding supports prior data that intact RM resources are necessary for successful
execution of PM tasks (e.g., Carey et al., 2006). Specifically, RM resources are important for retention of
the cue-intention pairing during distractor tasks, and retrieval of the intention upon detection of the cue.
Without intact RM, PM is likely to fail at multiple stages, including failure to retain the cue or intention
during the distractor task, or failure to retrieve the intention upon cue detection. However, the status of
these RM resources does not account for the relationship between PM and adherence. One possible
explanation is the difference in the circumstances of retrieval between RM and PM tasks. On RM tasks,
the experimenter directs participants when to retrieve recently stored information, thus putting them into a
retrieval mode (Einstein et al., 2005). By contrast, PM tasks require participants to remember to put
themselves into a retrieval mode when they encounter the cue at some point in the future. Thus, the
availability of RM resources becomes moot if participants fail to remember to put themselves into
retrieval mode upon detection of the cue.

These conceptual differences between RM and PM have particular relevance for adherence.
Intuitively, adherence is a composite of successes or failures to execute daily medication-related PM
tasks, like remembering to take medications on time, or to fill prescriptions before running out. Most
seropositive adults must complete these tasks at least some of the time on their own, without relying on
reminders from family or friends to take their medications on time. In other words, they must retrieve
their intention to take their medications or refill their prescriptions on time without relying on an external
director to put them into retrieval mode. However, they require intact RM resources as well, as the ability
to put themselves into retrieval mode is moot if the information to be retrieved was not retained.

Clinically, these data underscore the importance of assessing PM when addressing referral
guestions related to adherence. However, these data also underscore the importance of assessing RM, as
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assessment of PM alone may not be sufficient to understand the full contribution of impaired episodic
memory on suboptimal adherence.

Hypothesis 2

Memory and Strategy Use

Notably, the final Aim 1 model was also largely inconsistent with our second hypothesis. We
predicted that compensatory strategy use (CSU) frequency would mediate the relationship between
memory and adherence, such that worse memory performance would predict more frequent CSU, which
in turn would be associated with better adherence than worse memory performance directly. In other
words, among participants with fewer memory resources, those who used adherence-related strategies
more frequently were expected to show better adherence than those who used strategies less frequently. In
contrast with these expectations, RM and PM were not significantly associated with CSU frequency in the
final model. Furthermore, models incorporating a mediating effect of CSU on the relationships between
RM, PM, and adherence evidenced very poor fit to the data (Figure 9). Together, these findings revealed
no significant relationship between memory resources and frequency of strategy use.

One possible explanation for this discrepancy is that CSU and PM were only related among older
adults. Age has significant links with frequency of strategy use (Blackstone et al., 2013), memory,
particularly PM (Weber et al., 2011), and adherence (Barclay et al., 2007). Older adults tend to show
impairments in laboratory-based measures of PM, but successfully manage PM tasks in daily life; for
example, they tend to be more adherent than younger adults. Strategy use is thought to account for this
paradox. Specifically, frequency of strategy use increases as participants age, and older adults tend to use
strategies more effectively than younger adults to manage PM tasks in their daily lives (Weber et al.,
2011). Taken together, younger adults are less likely to use strategies regardless of PM, while older adults
are more likely to show greater CSU and worse PM. Thus, controlling for age in the model could reveal a
relationship between CSU and PM among older adults, which was dampened in the final model by the

tendency of younger adults not to use strategies.
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To test this possibility, we included age as a covariate in the final model (Figure 13G). Consistent
with expectations and with the prior studies, older age was significantly associated with more frequent
strategy use and worse PM. However, controlling for age in the model did not reveal the expected
relationship between PM and CSU. One explanation is the relatively low proportion of older adults in the
current sample. In the prior studies, participants were dichotomized into groups of younger and older
adults, with mean ages ranging from 32 for the younger adults to 56 for the older adults (Weber et al.,
2011). In contrast, the current study was comprised of adults between those ranges (mean age=49), and
participant ages were normally distributed, indicating inclusion of a relatively small proportion of older
adults compared to the prior studies. Thus, controlling for age was not sufficient to reveal a relationship
between CSU and PM expected to be present only for a small percentage of the sample. Another
explanation for these data is that CSU and PM are not directly related. Rather, they are indirectly
associated though age, such that patterns of CSU and PM tend to change throughout the lifespan, but are
not related at any one stage of life. Future studies exploring the relationships between CSU, PM, and
adherence in samples of older adults are necessary to further investigate these possibilities.

Another explanation for the discrepancy between memory and CSU frequency is a difference in
the role of awareness for memory and CSU. Decisions about employment of compensatory strategies are
predicated on awareness of available resources. Specifically, participants are unlikely to use
compensatory strategies if they are not aware of a deficiency in resources for which they need to
compensate. Thus, the discrepancy between subjective assessment of strategy use and objective memory
performance observed in the current study could reflect a lack of awareness of objective memory deficits.

This explanation is partially supported by prior data demonstrating that perceptions of available
RM and PM resources are often discrepant from objective evidence of memory resource availability
among seropositive populations. In one study, up to 50 percent of the seropositive cohort (N=46) showed
a discrepancy between perceived and objective memory resources, and participants who denied cognitive
impairments also performed worse on memory measures (Hinkin et al., 1996). Another study compared
self-reported complaints of PM and RM in daily life with objective neuropsychological performance
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among 75 seropositive individuals and 60 seronegative controls (Woods et al., 2007). Seropositive
participants endorsed more frequent PM complaints compared to seronegatives, particularly on items
related to self-initiated cue detection and retrieval. On objective neuropsychological testing, the
seropositive group evidenced significantly worse PM and RM performance than the seronegative group;
however, objective performance on memory measures was not related to PM complaints in either group.

However, to our knowledge, no study to date has directly assessed the relationship between
memory complaints and frequency of strategy use in HIV-positive populations. Thus, one future study
would be to generate alternative models that either add subjective memory complaints to the final model,
or replace objective memory performance with subjective memory complaints altogether. RM and PM
complaints could be assessed by the Prospective and Retrospective Memory Questionnaire (PRMQ;
Smith et al., 2000), a self-report inventory that measures the frequency at which perceived memory
difficulties occur in daily life. These alternative models would be tested for significant relationships
between memory complaints and CSU frequency, as well as for relative fit of these models to the Aim 1
final model. These future analyses would provide further characterization of the relationships between
CSU frequency, objective memory performance, and subjective memory complaints, and extend the
literature by directly assessing the relationship between strategy use and memory complaints among
seropositive individuals.
Strategy Use and Adherence

Another unexpected finding was the nature of the link between CSU frequency and adherence in
the final model. We expected that more frequent strategy use would bolster adherence, consistent with
prior data demonstrating that use of external strategies, especially pill box organizers, were associated
with better adherence (e.g., Kalichman et al., 2005; Petersen et al., 2007). Instead, greater CSU frequency
was associated with worse adherence in the final model. Follow-up analyses revealed that this link was
driven by a significant negative relationship between CSU frequency and perceived efficacy to manage
medications (Figure 15B), and that CSU frequency was not significantly associated with objective
medication-taking behavior. In other words, individuals who reported more frequent use of strategies to
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support adherence were also more likely to report less efficacy regarding medication management, but
were not more likely to show better medication-taking behaviors than individuals who reported less
frequent strategy use.

While surprising in the context of the expected model, these findings are partially consistent with
prior data. First, the nonsignificant relationship between CSU frequency and objective medication-taking
behavior dovetails with prior findings from Woods and colleagues (2009a), who observed no significant
difference in PMMQ total strategy use between seropositive individuals characterized as either adherent
or non-adherent based on their MEMS scores. In contrast, Blackstone and colleagues (2013) reported that
greater total frequency of strategy use was associated with worse objective medication-taking behavior.
Second, the significant negative association between strategy use and perceived efficacy is consistent with
prior data from Woods et al. (2008b), who found that greater total frequency of strategy use, also
measured by the PMMQ, was associated with lower perceived efficacy to manage medications.

The discrepancy between the current findings and those of Blackstone et al. (2013) warrants
further consideration. One major difference between the current and prior studies is that the prior study
did not consider the effect of perceived efficacy on the relationship between CSU frequency and objective
medication-taking behavior. Integration of both findings suggests that greater CSU frequency may be
significantly related to poorer medication-taking behavior, as observed in the Blackstone et al. (2013)
study, but only when the relationship between greater CSU frequency and perceived efficacy to manage
medications is not considered, as suggested by the current study. To test this hypothesis, we reanalyzed
the Aim 1 final model with inclusion of medication-taking behavior but not perceived efficacy as the
endogenous variable (Figure 13D). Consistent with expectations, removal of perceived efficacy from the
model revealed a significant relationship between greater CSU frequency and worse medication-taking
behavior, consistent with the findings of the Blackstone et al. (2013). Thus, the current data extend the
literature by comparing the relative relationships between CSU frequency, perceived efficacy, and
objective medication-taking behavior, and by demonstrating that strategy use is much more strongly
related to perceived efficacy than to medication-taking behavior.
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Furthermore, these data have important conceptual implications. The first implication is the
nature of the link between strategy use and perceived efficacy. Individuals who reported more frequent
strategy use to support adherence were also more likely to perceive themselves as less effective at
managing medications. The role of awareness may also underlie these observed relationships. Participants
are more likely to use compensatory strategies if they are aware of a resource deficiency for which they
need to compensate. In turn, perception of reduced efficacy to manage medications may reflect perception
of a resource deficiency. Thus, participants become aware of a resource deficiency, which prompts
perception of themselves as less effective and increases the likelihood they will use more strategies more
frequently to compensate for their perceived lack of efficacy to manage their medications.

Additionally, while individuals who reported more frequent strategy use to support adherence
were also more likely to show poorer medication-taking behavior, this relationship disappeared when
their level of perceived efficacy was included in the model, suggesting that CSU frequency was more
strongly related to perceived efficacy than to medication-taking behavior. In other words, individuals who
reported more frequent strategy use were more likely to perceive themselves as less effective at managing
medications than to show worse medication-taking behavior. This discrepancy may also reflect the
differing roles of awareness inherent in assessments of perceived efficacy and objective medication-
taking behavior. Specifically, while participants self-assessed their CSU frequency and perceived
efficacy, which by nature measured their awareness of these behaviors/perceptions, medication-taking
behavior was assessed objectively using the MEMS. Additionally, self-reported adherence (i.e., ACTG)
was much higher in the current study than adherence reflected by the MEMS (Table 3), indicating a
discrepancy between participants’ perceived adherence and their actual medication-taking behavior.
These data are consistent with prior findings that self-report measures tend to overestimate adherence
(e.g., Arnsten et al., 2001), and support the hypothesis that CSU frequency is more strongly linked to
perceived efficacy than to medication-taking behavior because participants are more aware of their

strategy use and perceived efficacy than of their medication-taking behaviors.
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A final consideration of these data is the nature of the relationship between CSU frequency and
medication-taking behavior when perceived efficacy was removed in the model. We had expected that
increased use of strategies would be associated with better adherence, as individuals would be investing
more resources into adherence-related behaviors. Instead, participants who reported more frequent use of
strategies were also more likely to show worse medication-taking behaviors. One possibility is that
greater frequency of strategy use reflects maladaptive use of strategies. For example, while sparse, the
strongest support for strategy use as beneficial for adherence comes from pill box organizer studies (e.g.,
Kalichman et al., 2005; Petersen et al., 2007), which indicate that consistent use of pill boxes to organize
medications is associated with better adherence. In other words, these data indicate that consistent use of
one strategy improves adherence. Recall that in the current study, CSU frequency was measured by the
PMMQ, a self-report questionnaire comprised of 28 strategies, half of which are internal, or cognitively-
based strategies, and half are external, or behaviorally-based strategies. Participants are instructed to rate
the frequency at which they use each strategy from 0 (never) to 4 (always). Total frequency scores range
from 0 to 112, with higher scores reflecting both number of strategies and the frequency to which each
strategy is used. Thus, participants who relied most consistently on one or two strategies to manage
medications would produce relatively low scores on the PMMQ, even if they rated those strategies at the
frequency level of “always.” In contrast, participants who used multiple strategies less consistently would
produce much higher PMMQ scores, but this pattern of strategy use may be less effective for supporting
adherence. Further investigation of strategy use patterns is warranted to better understand the link
between strategy use and adherence, and to determine when to intervene to improve participant strategy
utilization.

Fatigue and Strategy Use

The last expectation of the second hypothesis was that fatigue would disrupt the mediating effect
of CSU frequency on the relationship between memory and adherence. As CSU frequency did not
mediate the relationship between memory and adherence, best fit analyses were used to explore the nature
of the relationship between CSU frequency and fatigue. The final Aim 1 model revealed a significant
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covarying relationship between the direct effects of fatigue and CSU frequency on adherence. In contrast,
models incorporating an interactive effect of fatigue and CSU frequency on adherence evidenced no
significant effect of the interaction terms on adherence (Figure 10). Additionally, while models reflecting
mediating relationships between fatigue and CSU frequency on adherence retained significant estimates
for all hypothesized paths (Figure 12), the fit of the mediation models was identical to the fit of the direct
model. As the model fit was not improved by the mediation models, the cross-sectional nature of the data
precluded formation of conclusions about causation, meaning that the current models could not be used to
determine whether fatigue or CSU frequency mediated the other factor’s relationship with adherence, or
whether the two factors covaried in their effects on adherence. Thus, the direct model reflecting a
covarying relationship between fatigue and CSU frequency was selected as the Aim 1 final model.

The significant relationship between the effects of fatigue and CSU frequency on adherence was
positive, suggesting that participants who reported greater awareness of diminished resources were also
more likely to employ a greater number of strategies, and use them more frequently, with the goal of
supporting adherence. One possible explanation for this relationship is that awareness of diminished
resources to adhere to medications prompts individuals to employ more strategies, and to employ them
more frequently, with the aim of compensating through multiple avenues for the perceived lack of
resources. An alternative explanation is that awareness of diminished resources prompts individuals to
switch strategies more frequently due to a perceived lack of resources to utilize their more commonly
employed strategies. One example might be failure to organize medications into a pill box due to a
perceived lack of the cognitive resources necessary to perform the strategically-demanding task, instead
relying on internally-based retrieval strategies to monitor whether they have taken their medications
correctly, a strategy they perceive to be less cognitively demanding. A third possibility is that more
frequent use of multiple strategies requires greater allocation of resources toward strategy implementation
and prompting awareness of fewer resources available for other tasks, which could be experienced as
increased fatigue. Ultimately, conclusions about the causality of the relationship between fatigue and
CSU are precluded by the cross-sectional nature of the data.
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An interesting future study would be to develop a self-report questionnaire that assesses
participant reactions to the experience of fatigue in the context of strategy use and adherence. Like the
PMMQ, the questionnaire would ask participants to rate the frequency at which they use different types
adherence-related strategies. Then, participants could be asked to rate the strategies again based additional
guestions assessing possible effects of fatigue on strategy use, and assessing possible effects of strategy
use on fatigue. Example questions include: (1) how likely are you to use each strategy when you are
feeling fatigued? and (2) How often does using this strategy make you feel fatigued? Responses to this
guestionnaire could be used to determine whether individuals consciously change their use of strategies in
response to fatigue, or whether the relationship between fatigue and strategy use occur outside of
participant awareness. It would then be interesting to compare participant responses on this questionnaire
to longitudinal data monitoring fatigue, strategy use, and adherence over time to better understand how
fatigue and CSU affect each other and adherence.

Comparison of the Original and Final Models

In the original model, we expected that fatigue and memory impairment were synergistically
associated with worse adherence, and that strategy use would account for this effect. Specifically,
impaired memory was expected to be associated with worse adherence, but participants with memory
impairments were expected to respond to their diminished memory resources by using adherence-related
strategies more frequently, thus partially compensating for the effect of their memory impairments on
adherence. Fatigue was thought to interfere with typical strategy employment, and thus further reduce
adherence for participants with impaired memory. Conceptually, awareness of diminished general
resources was expected to elicit perceptions that the resources necessary for strategy employment were
not available, thus resulting in decreased strategy use and worse adherence. In contrast, participants with
intact memory were expected to rely less heavily on strategy use to maintain adherence. Thus, in the
presence of fatigue, participants with intact memory were thought to show some reduced adherence, but

not to the degree evidenced by participants with impaired memory.
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Notably, few of these expectations were upheld by the final model. While fatigue and memory
evidenced the expected relationships with adherence, the effects of fatigue and memory on adherence
were not related. The role of strategy use in the final model was also completely unexpected; rather than
ameliorating the relationship between memory impairments and adherence, CSU frequency was unrelated
to memory, and was negatively related to adherence. Finally, the effects of fatigue and strategy use on
adherence were positively related, such that fatigue was associated with greater, rather than reduced, CSU
frequency, and both were associated with worse adherence.

Awareness emerged as a unifying explanation for many of the discrepancies between the original,
expected model and the Aim 1 final model. Intuitively, the decision to use compensatory strategies is
predicated on awareness of a resource deficiency for which to compensate. Thus, awareness of
diminished resources would be expected to be positively related to frequency of strategy use, which was
observed in the Aim 1 final model. Additionally, perceptions of reduced efficacy to manage medications
could be expected to reflect perceived deficiency in resources. Thus, lower perceived efficacy would be
associated with awareness of diminished resources and more frequent strategy use, which was also
observed in the Aim 1 final model. Given prior evidence of discrepancies between perceived memory
resources and objective memory performance (Woods et al., 2007), it follows that objective memory
performance would not be related to strategy use, which was observed in the final Aim 1 model. Finally,
given prior evidence of discrepancies between perceived level of adherence and objective medication-
taking behavior (Arnsten et al., 2001), awareness of diminished resources and strategy use would not be
expected to affect medication-taking behavior, which was also reflected in the final model.

Support for the underlying role of awareness in many of these observed relationships is reflected
in a recent study in our lab exploring the associations between pill burden, PM, CSU, and perceived
efficacy. Sheppard and colleagues (2016) observed that better time-based PM was related to better
adherence for younger adults (<50) with low pill burden (ARV and non-ARV, <7), but not for younger
adults with high pill burden. Post hoc analyses of possible explanatory factors revealed that younger
participants with high pill burden reported higher CSU frequency and significantly lower ratings of
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perceived efficacy to manage medications than younger individuals with low pill burden. Sheppard and
colleagues (2016) opined that the relationship between time-based PM and adherence in the low pill
burden group could be explained by underutilization of compensatory strategies by these younger adults,
which could have buffered the effects of impaired time-based PM on adherence.

In this study, high pill burden appeared to contribute to perceptions of a resource deficiency. In
turn, younger adults with high pill burden perceived themselves as less effective at managing
medications, and were likely to use strategies more frequently to compensate for the perceived lack of
efficacy. In contrast, younger adults with low pill burden perceived themselves to be more effective at
managing medications and were less likely to use adherence-related strategies. However, this latter group
was also more susceptible to effects of time-based PM performance on medication-taking behavior.
Together, these findings indicate two different levels of strategy use employment. First, awareness of a
resource deficiency (i.e., high pill burden), reflected by lower perceived efficacy, resulted in more
frequent strategy use. In contrast, lack of awareness of a resource deficiency (i.e., lower time-based PM),
was not associated with lower perceived efficacy and did not affect frequent strategy use, but did impact
medication-taking behavior.

Given the significant relationships between pill burden, CSU frequency, PM, and perceived
efficacy observed in the prior study, and some of the parallel findings between the prior and current
studies, post hoc analyses were conducted to determine whether pill burden was a significant covariate of
the final Aim 1 model. Best-fit analyses revealed that pill burden did not significantly affect adherence
when included in the Aim 1 final model, indicating that pill burden did not better explain the effects of
fatigue, CSU, and memory on adherence (Figure 13H). However, pill burden covaried significantly with
CSU frequency and PM, consistent with the prior study. Specifically, higher pill burden was associated
with greater CSU frequency, thus providing additional support that higher pill burden may prompt
participants to perceive a resource deficiency. Higher pill burden also covaried with PM, such that higher
pill burden was associated with worse PM. This finding was initially surprising, given the results of the
prior study that PM was more strongly related to adherence at lower pill burden (Sheppard et al., 2016).
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However, as pill burden includes both ART and non-ART burden, it is an indicator of participants’
general health as well as their HIV-related health. Thus, higher pill burden may also reflect greater
incidence of other common chronic health conditions (e.g., diabetes, hypertension, and hyperlipidemia),
many of which are associated with white matter disease, and many of which may independently
contribute to impairments in prospective memory (e.g., obesity; Gunstad et al., 2010).

Interestingly, pill burden was also related to fatigue, such that participants with higher pill burden
also reported greater levels of fatigue. This finding may reflect fatigue as a medication side effect, such
that more complex medication regimens are more likely to cause side effects like fatigue. Alternately,
participants with higher pill burden may report greater levels of fatigue because they expect to feel more
fatigued, because of their high pill burden. One reason is that if participants conceptualize fatigue as a
side effect of medications, they may be more sensitive to experiencing fatigue and thus more likely to
report fatigue at higher levels. Another, not necessarily mutually exclusive, possibility is that fatigue and
pill burden both contribute to perceptions of resource deficiency. For example, in the context of
awareness of diminished resources, higher pill burden contributes to the perception of further resource
diminishment.

However, the awareness discrepancy explanation does not address prior data reporting links
between strategy use and better performance on PM tasks in both seropositive (Weber et a., 2011) and
seronegative (Aronov et al., 2015) samples of older adults, which support the original model hypothesis
that increased strategy use would be associated with better adherence. Furthermore, this explanation does
not intuitively account for the significant relationship between PM and perceived efficacy revealed by
post hoc analyses (Figure 15B), and reflected by prior data (e.g., Woods et al., 2008b). Specifically, if
perceived efficacy is thought to be associated with awareness of a resource deficiency, and seropositive
adults often evidence discrepancies between their perceived and actual level of PM resources (Woods et
al., 2007), it is less clear why PM is significantly related to perceived efficacy.

Consideration of aging effects on PM resource awareness may account for both these divergent
observations, and for the discrepancies between the original model and the final model. Prior data in
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seronegative samples suggest that accurate awareness of PM resources increases over the lifespan. One
study observed that older adults more accurately predicted their performance on a naturalistic PM task
compared to younger adults (Schnitzpahn et al., 2011). Another study found that self-reported PM was
significantly related to objective PM performance among older adults who reporting fewer PM
complaints (Zeintl et al., 2006). More accurate awareness of PM resources among older adults has been
hypothesized to underlie the higher effectiveness of strategy employment by older adults in daily life
compared to younger adults, as noted by prior data (Weber et al., 2011). Specifically, Kliegel and
colleagues (2008b) argued that due to greater experience with naturalistic PM tasks, older adults evaluate
their PM performance more accurately, and thus select and employ strategies more effectively to achieve
optimal results. Together, these data suggest that at least some of the hypotheses of the original model,
particularly the expected relationships between PM, strategy use, and adherence, are more consistent with
patterns of performance observed in older, rather than younger adults, and may be upheld in samples of
older adults.

Returning to the Aim 1 final model, the lifespan view of PM resource awareness may also explain
the link between PM and perceived efficacy. While participants in their middle years may not be as aware
of their PM resources as older adults, nor as acutely aware of their PM resources in the moment as they
are of other factors like fatigue or strategy use, they may possess rough estimates of their typical PM
resources from repeated exposure to their performances on PM tasks over time. Given the role of PM for
adherence, it follows that rough estimates of PM resources would be incorporated into self-assessments of
efficacy to manage medications, thus producing the observed associations between PM and perceived
efficacy. In contrast, rough estimates of PM resources would not be informative enough to influence
moment-to-moment decisions about strategy employment, thus producing the non-significant relationship
between strategy use and memory observed in the final model. Finally, lack of consideration of PM
resources in decisions about strategy employment may contribute to the observed link between strategy
use and lower perceived efficacy. Together, this conceptualization suggests dynamic relationships
between fatigue, CSU, memory, and perceived efficacy, wherein evaluation of medication management
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efficacy involves ongoing assessments of resource availability related to estimates of PM and current
levels of fatigue and compensatory strategy deployment.
Summary

In summary, findings from the first aim indicated that fatigue and CSU frequency were associated
with each other and with worse adherence, while better PM, controlled for RM, was independently
associated with better adherence. These relationships were driven by associations with perceived efficacy
to manage medications, such that higher fatigue, greater CSU frequency, and worse PM were all
associated with lower perceived efficacy. Depression did not better explain the effects of fatigue in the
final model, and motivation was proposed as a putative link between fatigue and adherence. In contrast
with expectations of the original model, CSU was not related to memory, and fatigue was associated with
increased rather than decreased CSU frequency. Age and discrepant levels of awareness between
perceived and objective resource deficits were proposed as likely explanations for the lack of agreement
between the original model and the final aim 1 model.
Aim 2

The second aim of the current study was to investigate whether changes in fatigue, strategy use,
and memory impairment were associated with changes in perceived medication management efficacy
over a one-year period. We hypothesized that changes in fatigue, CSU, and PM (controlled by RM)
would each be independently associated with changes in perceived efficacy over the one-year period.
Specifically, increases in fatigue and CSU were expected to be associated with lower perceived efficacy,
while better PM would be associated with higher perceived efficacy. Finally, given the strong
interrelationships between fatigue, CSU, and perceived efficacy in the aim 1 final model, we
hypothesized that the aim 2 data would be best fit by a model incorporating the relationships between
changes in fatigue, CSU, and perceived efficacy over time. We addressed these hypotheses by
constructing latent variables of fatigue, PM, CSU, and perceived efficacy at baseline, and latent variables
of change in each factor over one year, and then testing the associations between the baseline latent
variables and between the change latent variables. Of note, we used CSU number instead of frequency to
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investigate whether changes in the number of strategies used (rather than both the change in CSU number
and frequency) were associated with the changes in perceived efficacy. The CSU number was calculated
by dividing the number of strategies used by the total number of strategies. This methodological
adjustment permitted us to address our aim 1 conceptualization that number, rather than frequency, of
strategies may underlie the negative relationship between CSU frequency and perceived efficacy.

Latent growth modeling revealed partial support of these hypotheses. First, independent models
of perceived efficacy and fatigue or CSU evidenced the expected relationships between changes in
perceived efficacy and changes in fatigue or CSU number over time. However, the model of fatigue and
perceived efficacy showed poor model fit, indicating that these hypothesized relationships did not
sufficiently reflect the data (Figure 18). Additionally, while the best-fitting model of PM and perceived
efficacy evidenced good model fit (Figure 20C), the model did not reveal a significant relationship
between changes in PM and perceived efficacy. Finally, the data were fit best by a model including
changes in fatigue, CSU, and perceived efficacy, as expected by our final hypothesis.

While a significant association between changes in fatigue and perceived efficacy was revealed
by the independent model as expected, the model evidenced poor fit indices. Thus, despite indicating that
changes in fatigue and perceived efficacy covary significantly across time, the finding also suggests that
the link between fatigue and perceived efficacy was not sufficient for capturing the underlying patterns in
the data. In contrast, the latent growth model reflecting independent associations between CSU number
and perceived efficacy evidenced excellent model fit (Figure 19). Furthermore, consistent with
expectations, the model revealed significant relationship between changes in CSU number and perceived
efficacy, such that increases in CSU number were significantly associated with decreases in perceived
efficacy. In other words, participants who reported increasing the number of adherence-related strategies
they used were also more likely to report decreases in perceived efficacy.

The best-fitting latent growth model reflecting independent associations between PM and
perceived efficacy also evidenced excellent model fit (Figure 20C). This model was constructed of
associations between 15-minute PM delay and perceived efficacy at baseline and in changes over time.
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RM was not included, as inclusion of RM resulted in significantly worse fit of the model to the data (e.g.,
Figure 20D), further underscoring the relatively stronger role of PM than RM for perceived efficacy
observed by prior data (e.g., Woods et al., 2008b). However, in contrast with our hypothesis, changes in
15-minute PM delay were not significantly associated with changes in perceived efficacy.

Finally, results of best-fit analysis supported our last hypothesis that the data would be best fit by
a model incorporating CSU number, fatigue, and perceived efficacy. The incorporated model showed
significantly improved fit of the model to the data compared to that of the independent model of fatigue
and perceived efficacy (Figure 21). Consistent with the independent aim 2 models, the incorporated
model revealed significant negative relationships between change in perceived efficacy and change in
CSU number, and between change in perceived efficacy and change in fatigue. Finally, the model
revealed a significant relationship between changes in fatigue and CSU number, such that increases in
fatigue over time were accompanied by increases in CSU number. Moreover, post hoc comparison of
nested models revealed that assumptions of nonsignificant relationships between fatigue and CSU number
produced a model with significantly worse fit to the data, providing further evidence that the data were
not best reflected by independent models of fatigue or CSU number with perceived efficacy. Together,
these findings indicated selection of the model incorporating fatigue, CSU number, and perceived
efficacy as the best-fitting aim 2 model, thus supporting our final hypothesis.

Another important finding was that across the aim 2 models, the relationships at baseline between
CSU, fatigue, and perceived efficacy, and between PM, RM, and perceived efficacy, mirrored those of the
aim 1 final model. While unsurprising given the overlapping sample data between aim 1 and aim 2 at
baseline, this finding indicates that the relationships observed in aim 1 were robust enough to retain
significance in the smaller aim 2 sample. This finding is more notable with regard to CSU number.
Specifically, the significant negative relationship between CSU number and perceived efficacy at baseline
supports our hypothesis that CSU number is a significant element of the relationship between CSU
frequency and perceived efficacy observed in the Aim 1 final model. While not conclusive, this finding
also supports our conceptualization that the number, rather than frequency, of strategies may drive the
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negative relationship between CSU frequency and perceived efficacy observed in aim 1. However, future
analyses comparing the effects of different patterns of strategy use (e.g., more strategies more frequently,
more strategies less frequently, fewer strategies more frequently, or fewer strategies less frequently) on
perceived efficacy are warranted to better understand these relationships.

Summary

Taken together, the aim 2 findings indicate that greater fatigue and CSU number are associated
with lower perceived efficacy at baseline; that increases in fatigue over time are associated with increases
in CSU number; and both of which are associated with decreases in perceived efficacy. In contrast, better
PM performance at 15-minute delays is associated with better perceived efficacy at baseline, but changes
in PM are not significantly related to changes in perceived efficacy over time. While a few prior studies
have employed longitudinal designs to investigate changes in fatigue (e.g., Barroso et al., 2015) or
memory over time (e.g., Sheppard et al., 2015) in seropositive individuals, the majority of prior studies of
the relationships between memory, fatigue, strategy use, and perceived efficacy in HIV disease have used
cross-sectional designs. Consequently, these data are among the first to investigate changes in the
relationships between these factors over time.

These data also provide additional support for the conceptualization that discrepancies in level of
awareness of fatigue and strategy use compared to awareness of PM resources contributes to the
independent effects of these variables on perceived efficacy. Specifically, the best-fitting model revealed
that fatigue, CSU number, and perceived efficacy all covary at baseline and across time points, reflecting
the dynamic interplay between these factors hypothesized during interpretation of aim 1 results. In
contrast, despite the significant link between PM and perceived efficacy at baseline, changes in PM were
not associated with changes in perceived efficacy over time, suggesting a relative lack of sensitivity of
perceived efficacy to changes in PM resources over time, which in turn is indicative of reduced awareness

of changes in PM resources compared to changes in fatigue and strategy employment over time.
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Summary and Conclusions

The current study revealed dynamic relationships between fatigue, strategy use, memory, and
adherence across both cross-sectional and longitudinal designs. At baseline, greater fatigue and strategy
employment were associated with each other and with lower adherence, while better PM (controlled by
RM) was associated with better adherence; and each of these relationships was driven by perceived
efficacy to manage medications. Covariate analyses revealed that these interrelationships were not better
explained by the effects of age, depression, or pill burden on adherence or on the other factors.
Longitudinal analyses demonstrated that the baseline interrelationships between fatigue, strategy use, and
perceived efficacy were replicated over time, such that increases in fatigue and strategy use over time
were associated with one another and with decreases in perceived efficacy. In contrast, changes in PM
were not associated with changes in perceived efficacy. Awareness discrepancies between perceived and
objective resource deficits were proposed as a likely explanation for the strength of the relationship
between fatigue and strategy use, and for the nonsignificant relationship between PM and strategy use.
Additionally, age and age-related changes in awareness discrepancies were proposed as likely
explanations for the lack of agreement between the original model and the final aim 1 model.

Clinically, these data underscore the importance of assessing RM, PM, and fatigue as part of
routine HIV-related care, particularly in cases of suspected nonadherence. Further investigations will be
necessary to determine the utility of these interrelationships for predicting later nonadherence, which
could inform cART regimen prescribing decisions to address nonadherence early in treatment. With
regard to generalizability of the current findings, ongoing changes in CART regimen recommendations
will necessitate follow-up studies with participants taking the newer regimens. For example, while only a
few participants in the current study were taking an integrase strand transfer inhibitor (INSTI; N=6),
INSTIs are now included in recommended cART regimens for most CART-naive patients (DHHS, 2016).
Future studies of participants on INSTIs are particularly important, as insomnia is a common adverse side

effect of these medications. Additionally, the current study sample consisted primarily of well-educated
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Caucasian men from an urban setting, so the external validity of these observed relationships in the
greater national and international settings remains to be assessed.

Finally, future research is warranted in other areas as well, including: (1) the relationship between
fatigue and motivation in adherence, and the effects of conceptualizing fatigue as a medication side-effect
on adherence; and (2) the roles of age and accurate awareness of PM resources on the relationships
between fatigue, PM, strategy use, perceived efficacy, and medication-taking behavior in seropositive

populations.
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TABLES AND FIGURES

Table 1. Clinicodemographic characteristics of the overall sample at baseline.

Characteristic (N=177) Mean (SD) # Missing (%)
Demographics
Age (years) 48.6 (11.2) 0
Education (years) 13.6 (2.6) 0
Estimated verbal 1Q (WTAR reading) 102.5 (11.8) 0
Sex (% male) 85.9% 0
Ethnicity (%) 0
Caucasian 62.7%
African-American 22.0%
Hispanic 14.7%
Native American 0.5%
HAND Diagnosis (%0)* 30.51% 0
Global Clinical Rating Scores 3.93 (1.5) 0
Neuropsychiatric Diagnoses (current or lifetime; %)b
Major Depressive Disorder 51.4% 0
Generalized Anxiety Disorder 11.9% 1 (0.6%)
Substance Use Disorders (lifetime only) 74.0% 0

b
Notes. *Determined using the global clinical rating scores (Woods et al., 2004). Based on the
Composite International Diagnostic Interview (CIDI version 2.1; World Health Organization,
1998). WTAR: Wechsler Test of Adult Reading (Psychological Corporation, 2001).
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Table 2. HIV disease and treatment characteristics of the overall sample at baseline.

HIV Disease Characteristics (N=177) Mean (SD) # Missing (%)
Estimated duration of infection (mos.) 182.0 (89.4) 15 (8.5%)
Nadir CD4 T-cell count (cells/pl) 178.1 (146.0) 1 (0.6%)
Current CD4 T-cell count (cells/pul) 543.3 (265.6) 2 (1.1%)
AIDS status (% AIDS) 66.7% 0
Plasma HIV RNA 1 (0.6%)
% Detectable 15.8%
% Undetectable 84.2%
Most common ARTSs 1 (0.6%)
Tenofovir (TDF) 139 (78.5%)
Emtricitabine (FTC) 117 (66.1%)
Ritonavir (RTV) 101 (57.1%)
Common elements of CART regimens: 1 (0.6%)
FTC/RTV/ TDF 66 (37.3%)
FTC/RTVITDF plus Atazanavir (ATV) 28 (15.8%)
FTC/RTV/TDF plus Lopinavir (LPV) 12 (6.8%)
Efavirenz (EFV)/FTC/TDF 29 (16.4%)
Nevirapine (NVP)/FTC/TDF 8 (4.5%)
Other elements: 82 (46.3%)
Other nucleoside reverse transcriptase inhibitors 53 (29.9%)
Other protease inhibitors 37 (20.9%)
Non-nucleoside reverse transcriptase inhibitors 12 (6.8%)
# ARV Medications 3.4 (0.9) 0
ARV Pill Burden (% High)? 41.2% 0
# Non-ARV Medications 4.3 (4.2) 0
Non-ARV Pill Burden (% High)? 48.6% 0
# All Medications 7.7 (4.4) 0
Total Med Burden (ARV + non-ARV)? 42.9% 0

Notes. *Based on a sample-based median split. Median for ARV medications = 3; median for Non-
ARV medications = 3; median for all medications = 7. Participants with more than the median
number of prescribed medications had “high” pill burden for each category. ARV: Antiretroviral.
ATV: atazanavir. EFV: efavirenz. FTC: emtricitabine. LPV: lopinavir. RTV: ritonavir. TDF:

tenofovir.
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Table 3. Experimental characteristics of the overall sample at baseline.

Characteristic (N=177) Mean (SD)  # Missing (%)
Adherence
CART Adherence (BERMA MMES)? 77.7 (13.4) 1 (0.6%)
CART Adherence (ACTG; %)"° 98.8 (5.1) 8 (4.5%)
Percent Adherent (>90; ACTG) 94.7% 8 (4.5%)
cART Adherence (MEMS; %)° 86.1 (21.6) 0
Percent Adherent (>90; MEMS) 66.1% 0
Memory
Retrospective Memory (CVLT-11)* 10.1 (3.9) 1 (0.6%)
Retrospective Memory (LM 11)? 24.7 (9.0) 0
Prospective Memory (MIST-15)? 5(1.8) 0
Prospective Memory (MIST-24) ¢ 0.6 (0.8) 0
Fatigue (POMS-FI)? 8.2 (6.7) 0
Compensatory Strategy Use (PMMQ)? 28.8 (16.3) 16 (9.0%)
Depression (POMS-DD)* 9.9 (10.8) 0

Notes. *Presented as raw scores. "Calculated by 1 — (#pills skipped per day/#pills
prescribed) averaged over four days and multiplied by 100. “Calculated by
dividing actual dosing events by the number of prescribed doses and multiplying
by 100. Data are presented as means and standard deviations or 95% confidence
intervals except where indicated. ACTG: NIAID AIDS Clinical Trials Group
Adherence to Anti-HIV Medications (4 days). BERMA MMES: Beliefs Related
to CART Adherence, Medication Management Efficiency Scale. CVLT-II:
California Verbal Learning Test — Second edition delayed free recall score. LM
I1: Logical Memory delayed free recall score from the Wechsler Memory Scale
I11. MEMS: Medication event monitoring system. MIST-15: Memory for
Intentions Screening Test, long delay trial. MIST-24: Memory for Intentions
Screening Test, 24-hour trial. PMMQ: Prospective Memory for Medications
Questionnaire. POMS-FI: The Profile of Mood States, Fatigue-Inertia subscale.
POMS-DD: The Profile of Mood States, Depression-Dejection subscale.

[122]



Table 4. Pre- and post-imputation means and standard deviations for variables with more than five
percent of missing variables.

Pre-Imputation Post-Imputation
#
Missin Mean Mean
Variable g (%) Percent (SD) Range Percent (SD) Range
16 28.78 28.64
PMMQ 9.0%) (16.33) 009 (15.78) 0799
AIM 1
(N = Duration
177) of HIV 15 181.96  10.26 — 180.95  10.26 —
Infection (8.5%) (89.43)  329.72 (86.7) 329.72
(mos.)
Current 3
AIM 2 | Substance (5.3%) 5.6% 0-1 5.3% -04-1
(N = Use T2
57) 3 98.1 50 — 98.2 50 —
ACTGTZ 5 30 (8.2) 100 80) 1025

Note. ACTG: NIAID AIDS Clinical Trials Group Adherence to Anti-HIV Medications (4 days). PMMQ:
Prospective Memory for Medications Questionnaire. T2: time 2.
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Table 5. Pattern of missing data for the overall sample at baseline.

# Duration Plasma Current MEMS
Columns of HIV Nadir Current HIV cART |BERMA Duration CVLT-
Count missing | GAD Infection CD4 CD4 RNA Regimen| MMES ACTG (days) PMMQ I
146 0 0 0 0 0 0 0 0 0 0 0 0
1 1 0 0 0 0 0 0 0 0 0 0 1
2 1 0 0 0 0 0 0 0 0 0 2 0
1 2 0 0 0 0 0 0 0 0 1 1 0
4 1 | o 0 o 0 o0 0 0 0 0 0
2 2 0 0 0 0 0 0 0 2 0 2 0
1 1 0 0 0 0 0 0 1 0 0 0 0
1 2 0 0 0 0 0 1 0 1 0 0 0
1 1 0 0 0 0 1 0 0 0 0 0 0
2 1 0 0 0 2 0 0 0 0 0 0 0
1 1 0 0 1 0 0 0 0 0 0 0 0
2 1 0 2 0 0 0 0 0 0 0 0 0
1m 2 |o 0o 0 0 0 0 0 0 0
1 2 0 1 0 0 0 0 0 1 0 0 0
1 2 1 1 0 0 0 0 0 0 0 0 0
Total: 11 1 15 1 2 1 1 1 8 1 16 1

Note. Light gray indicates 1-2 repeats of missing variable patterns, while dark gray indicates 4 or more
repeats of missing variable patterns. ACTG: NIAID AIDS Clinical Trials Group Adherence to Anti-HIV
Medications (4 days). GAD: generalized anxiety disorder (current or lifetime). BERMA MMES: Beliefs
Related to cART Adherence, Medication Management Efficiency Scale. CVLT-II: California Verbal
Learning Test — Il. MEMS: medication event monitoring system. PMMQ: Prospective Memory for
Medications Questionnaire.
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Table 6. Clinicodemographic characteristics of the longitudinal sample at baseline and at one-year

follow-up.
Baseline Follow-up
# Long. # Long. #
Characteristics thll\ll_SfYn;gle Missing| Sample |[Missing| Sample [Missing
_ (%0) (N=57) (%0) (N=57) (%0)
Time of Evaluation (days;
mean (SD)) 0 0 0 0 422.3 (65.4) 0
Demographics
Age (years; mean (SD)) 48.6 (11.2) 0 52.2 (10.7) 0 53.4 (10.7) 0
Education (years; mean
(SD)) 13.6 (2.6) 0 14.2 (2.7) 0
Estimated verbal 1Q
(WTAR reading; mean 102.5 (11.8) 0 101 (11.8) 0
(SD))
Sex (% male) 85.9% 0 82.5% 0
Ethnicity (%) 0 0
Caucasian 62.7% 63.1%
African-American 22.0% 21.1%
Hispanic 14.7% 14.0%
Native American 0.5% 1.8%
Neuropsychiatric Diagnoses
(current or lifetime; %)?
Major Depressive Disorder 51.4% 0 52.6% 0 63.2% 0
Generalized Anxiety 0 1 0 0
Disorder 11.9% (0.6%) 12.3% 0 21.1% 0
Sl_Jbs'_[ance Use Disorders 24.0% 0 71.9% 0 77 20 0
(lifetime only)
Substance Use Disorders 0 0 0 3
(current only) 0% 0 0% 0 5.6% (5.3%)
Positive Urine Toxicology 0% 0 0% 0 17.5% 0
Screen

Notes. *Based on the Composite International Diagnostic Interview (CIDI version 2.1; World Health
Organization, 1998). WTAR: Wechsler Test of Adult Reading (Psychological Corporation, 2001).
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Table 7. HIV disease characteristics of the longitudinal sample at baseline and at one-year follow-up.

Baseline Follow-up
Full # Long. # Long. #
HIV Disease Characteristics Sample [Missing| Sample Missing Sample Missing
(N=177) (%) (N=57) (%) (N=57) (%)
Estimated duration of 182.0 15 1721 0
infection (mos.; mean (SD)) (89.4) (8.5%) (90.9)
Nadir CD4 T-cell count 178.1 1 187.8 1 (1.7%) 172.6 0
(cells/pl; mean (SD)) (146.0) (0.6%) (133.1) ' (131.7)
Current CD4 T-cell count 543.3 2 546.2 1(1.7%) 580.5 0
(cells/pl; mean (SD)) (265.6) (1.1%) (261.8) ' (331.5)
AIDS status (% AIDS) 66.7% 0 59.6% 0 61.4% 0
1 0,
Plasma HIV RNA (0.6%) 0 1(1.7%)
% Detectable 15.8% 19.3% 8.9%
% Undetectable 84.2% 80.7% 91.1%

Most common ARTSs (N, 1 0
(%)) (0.6%) 0 3 (5.3%)
. 139 0 0

Tenofovir (TDF)) (78.5%) 41 (71.9%) 36 (63.2%)
L 117 0 0
Emtricitabine (FTC) (66.1%) 40 (70.2%) 36 (63.2%)
. . 101 0 0
Ritonavir (RTV) (57.1%) 32 (56.1%) 28 (49.1%)
g /?)""”ges In ARV Regimen N/A N/A 208% | 3(5.3%)
?Sg';)v Medications (mean | 509y | o | 37(L2) 0 3.6 (1.2) 0
ARV Pill Burden (% High)*? 41.2% 63.2% 56.1% 0
# Non-ARV Medications
(mean (SD)) 4.3 (4.2) 0 4.8 (3.9) 0
- i 0,
N(_)n A;RV Pill Burden (% 48.6% 57 9%
High)
# All Medications (mean
7.7 (4.4 0 8.5(4.2 0
(D)) (4.4) (42)
Total Med Burden (% High, 0 0
ARV + non-ARV)? 42.9% 54.4%

Notes. “Based on a sample-based median split, using the original sample (i.e., N=177) for ease of
comparison. Median for ARV medications = 3; median for Non-ARV medications = 3; median for all
medications = 7. Participants with number of prescribed medications greater than the median were
considered to have “high” pill burden for each category. ARV: Antiretroviral. FTC: emtricitabine.

RTV: ritonavir. TDF: tenofovir.
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Table 8. Experimental characteristics of the longitudinal sample at baseline and at follow-up.

Baseline Follow-up
Full # Long. # Long. #
Characteristics Sample* [Missing| Sample* [Missing| Sample* [Missing
(N=177) (%) (N=57) (%) (N=57) (%)

Adherence

CART Adherence 1

(BERMA MMES)* 77.7 (13.4) (0.6%) 76.3 (13.1) 0 75.6 (13.3) 0
Memory

Retrospective Memory 1 2

(CVLT-1Y* 10.1 (3.9) (0.6%) 9.9 (3.3) 0 9.5(3.7) (3.5%)

Retrospective Memory 1

(LM 1I)? 24.7 (9.0) 0 26.0 (7.1) 0 24.0 (7.8) (1.7%)

Prospective Memory

(MIST-15)° 5(1.8) 0 4.2 (1.7) 0 3.8(1.5) 0

E’,{/flss"ﬁ?éu")ea'\"emory 0.6 (0.8) 0 0.5 (0.7) 0 0.4 (0.7) (3.2% )
Fatigue (POMS-FI)? 8.2 (6.7) 0 8.1 (6.6) 0 8.6 (6.7) 0
Sggnﬁﬁrrﬁgg%ﬁﬁggy 42.3% 77 43.6% . 45.2% 1
%)° : (23.5%) | (43.5%)| (24.2%) (26.2%) (1.7%)

Notes.*Presented as [mean (SD)]. Presented as raw scores. "Calculated by 1 — (#pills skipped per
day/#pills prescribed) averaged over four days and multiplied by 100. “Percent of total number of
strategies. Data are presented as means and standard deviations or 95% confidence intervals except
where indicated. BERMA MMES: Beliefs Related to cART Adherence, Medication Management
Efficiency Scale. CVLT-II: California Verbal Learning Test — Second edition delayed free recall
score. LM II: Logical Memory delayed free recall score from the Wechsler Memory Scale 11l. MIST-

15: Memory for Intentions Screening Test, long delay trial. MIST-24: Memory for Intentions

Screening Test, 24-hour trial. PMMQ: Prospective Memory for Medications Questionnaire. POMS-
FI: The Profile of Mood States, Fatigue-Inertia subscale.
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Table 9. Pattern of missing data for the longitudinal sample.

- Plasma Current

Count Colfmnssggsrtraerrl](t:e NC%jAnggznt HIV CA.RT ACTG ACTG PMMQ 24:,841,-:{ LM CVLT-
missing| UseT2 T1 T1 R_IFIZA Reg_jllgnen T T2 #T1 “, T2 T2

40 0 0 0 0 0 0 0 0 0 0 0 0

2 1 0 0 0 0 0 0 0 0 0 0 1

1 1 0 0 0 0 0 0 0 0 0 1 0

1 1 0 0 0 0 0 0 0 0 1 0 0

1 1 0 0 0 0 0 0 0 1 0 0 0

2 1 0 0 0 0 0 1 0 0 0 0 0

3 2 0 0 0 0 1 0 1 0 0 0 0

1 1 0 0 0 1 0 0 0 0 0 0 0

1 1 0 0 1 0 0 0 0 0 0 0 0

1 1 0 1 0 0 0 0 0 0 0 0 0

2 1 1 0 0 0 0 0 0 0 0 0 0

1 2 1 0 0 0 0 0 0 0 1 0 0

Total: 20 3 1 1 1 3 2 3 1 2 1 2

Note. Light gray indicates 1-2 repeats of missing variable patterns. ACTG: NIAID AIDS Clinical Trials
Group Adherence to Anti-HIV Medications (4 days). GAD: generalized anxiety disorder (current or
lifetime). CVLT-II: California Verbal Learning Test — Il. LM 1I: Logical Memory delayed free recall
score from the Wechsler Memory Scale I1l. MIST-24: Memory for Intentions Screening Test, 24-hour
trial. PMMQ #: compensatory strategy use number from the Prospective Memory for Medications
Questionnaire. T1: time 1. T2: time 2.
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Table 10. Unstandardized estimates, covariances, and means for the Aim 1 final model.

Sample-based Bootstrapped
Unstandardized | e e | se | R | P SE | SE-SE | Mean | Bias |SE-Bias| P
Regression Weights
adh  <--- fat -0.426 0.143 -2.98 | 0.003 | 0.142 0.007 -0.406 0.02 0.01 0.0027
adh  <--- pml 10.575 4.17 2536 | 0.011 | 4.546 0.227 11.332 | 0.757 0.321 {0.02001
adh  <--- csu -0.168 0.058 | -2.917 | 0.004 | 0.065 0.003 -0.168 0 0.005 [0.00975
m <-- adh 1 0 0 1 0 0
b < adh 1.624 0.491 | 3.305 | <.001 | 0.687 0.034 1.821 0.197 0.049 (0.01808
<--- rml 1 0 0 1 0 0
| <em rml 2.422 0.42 5.767 | <.001 | 0.396 0.02 2415 | -0.006 | 0.028 <.001
24 <--- pml 1 0 0 1 0 0
15  <-- pml 3.235 0.836 | 3.869 | <.001 1.154 0.058 3.488 0.253 0.082 [0.00506
Covariances Estimate [ S.E. C.R. P SE SE-SE | Mean | Bias | SE-Bias P
pml <> rml 0.744 0.205 | 3.622 | <.001 | 0.206 0.01 0.732 | -0.013 | 0.015 | 0.0003
fat <--> csu 30.949 8.275 3.74 <.001 | 7.477 0.374 30.075 | -0.874 | 0.529 <.001
Unstandardized Means | Estimate | S.E. C.R. P SE SE-SE | Mean Bias | SE-Bias
fat 8.249 0.505 | 16.35 | <.001 0.51 0.025 8.196 | -0.053 | 0.036
csu 28.64 1.186 | 24.146 | <.001 1.12 0.056 28.642 | 0.002 0.079

Note. adh: adherence latent variable comprised of the Medication Management Efficiency Scale from the Beliefs Related to CART
Adherence (b) and the medication event monitoring system (m). csu: compensatory strategy use frequency from the Prospective
Memory for Medications Questionnaire. fat: fatigue from The Profile of Mood States Fatigue-Inertia subscale. pml: prospective
memory latent variable comprised of the Memory for Intentions Screening Test 15-minute (15) and 24-hour (24) delay trials. rml:
retrospective memory latent variable comprised of the California Verbal Learning Test — II (c) and Logical Memory II (1).
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Table 11. Unstandardized estimates and covariances for the Aim 2 final model.

Sample-based
Unstandardlzgd Regression Estimate| SE. CR. P
Weights
csutimel <--- I-csu 1
csutime 2  <--- S-csu 1
csutimel <--- S-csu 0
csutime 2  <--- I-csu 1
bmmes time 2 <---  S-bmmes 1
bmmes time 1 <---  I-bmmes 1
bmmes time 2 <--- I-bmmes 1
bmmestime 1 <---  S-bmmes 0
fattime 1 = <--- I-fat 1
fattime 2 = <--- S-fat 1
fattime 1 = <--- S-fat 0
fattime 2  <--- I-fat 1
Covariances Estimate| S.E. C.R. P

I-csu <-->  |-bmmes -1.546 0.434 -3.557 <.001

I-bmmes <--> I-fat -45.476 | 11.705 -3.885 <.001

S-fat <--> S-bmmes | -25.583 | 8.864 -2.886 0.004

S-csu <-->  S-bmmes -0.713 0.286 -2.488 0.013

S-fat <> S-csu 0.318 0.15 2.119 0.034

I-csu <--> I-fat 0.479 0.197 2.426 0.015

Note . bmmes: Medication Management Efficiency Scale from the Beliefs
Related to CART Adherence, Medication Management Efficiency Scale. csu:

compensatory strategy use number from the Prospective Memory for

Medications Questionnaire. fat: fatigue from The Profile of Mood States
Fatigue-Inertia subscale. I-intercept. S-slope.

[130]




Figure 1. The omnibus Aim 1 model.

0, 415.80 0, 56.84 0,24.71
8.25, 44.80 @ @ @
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fat 9473 Y 9154 Wo9.28
_15
-03 00, .76
maz
-30{ =« 00, 61
pmz
Model Fit
CMIN DF p CMIN/DF NFI TLI CFI RMSEA AIC
1 9.846 8 0.276 1.231 0.941 0.967 0.987 0.036 63.85

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good

model fit.

Fig.1. Single-headed arrows represent unstandardized path estimates. Double-headed arrows represent
covariances. Estimates and covariances with p values <.05 are indicated with *s. adh: adherence latent
variable comprised of the AIDS Clinical Trials Group Adherence to Anti-HIV Medications (ACTG)
questionnaire (ACTG; a), the Medication Management Efficiency Scale from the Beliefs Related to
CART Adherence (BERMA MMES; b), and the medication event monitoring system (MEMS; m). csu:
compensatory strategy use frequency from the Prospective Memory for Medications Questionnaire
(PMMQ). e: residual error. fat: fatigue from The Profile of Mood States Fatigue-Inertia subscale (POMS-
FI). pmz: prospective memory (PM) composite score. rmz: retrospective memory (RM) composite score.
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Figure 2. Determination of adherence variable.
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Figure 2. Determination of adherence variable (continued).

Model Fit
CMIN DF p CMIN/DF NFI TLI CFI RMSEA AIC
2A 9.846 8 0.276  1.231 0941 0.967 0987 0.036 63.85
2B 2.263 5 0.812  0.453 0987 1.076 1.000 0.000 62.26
2C 1.965 3 0.580  0.655 0.988 1.035 1.000 0.000  49.97

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good model
fit. Model C is outlined to emphasize best conceptual agreement with acceptable indices of fit.

Fig.2. 2A: ACTG included as a factor in the adherence latent variable. 2B: ACTG included as an
independent endogenous variable. 2C: ACTG removed from the model. Single-headed arrows represent
unstandardized path estimates. Double-headed arrows represent covariances. Estimates and covariances
with p values <.05 are indicated with *s. a: AIDS Clinical Trials Group Adherence to Anti-HIV
Medications (ACTG). adh: adherence latent variable comprised of the Medication Management
Efficiency Scale from the Beliefs Related to CART Adherence (b) and the medication event monitoring
system (m). csu: compensatory strategy use frequency from the Prospective Memory for Medications
Questionnaire (PMMQ). e: residual error. fat: fatigue from The Profile of Mood States Fatigue-Inertia
subscale (POMS-FI). pmz: prospective memory composite score. rmz: retrospective memory composite
score.
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Figure 3. Determination of memory variable.
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Figure 3. Determination of memory variable (continued).
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Figure 3. Determination of memory variable (continued).
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Figure 3. Determination of memory variable (continued).

0, 416.71 .
8.25,44.80 ! 0,5434

H. fat

0,228 0, 54
Model Fit
CMIN DF p CMIN/DF NFI TLI CFI RMSEA AIC
3A 1.965 3 0.580 0.655 0.988 1.035 1.000 0.000 49.97

3B 20.680 16 0.191 1.292 0.914 0.962 0978 0.041 76.68
3C 16.871 12 0.155 1.406 0.930 0.947 0.977  0.048 80.87
3D 16.833 14 0.265 1.202 0.932 0.974 0.987 0.034 76.83
3E 17.089 16 0.380 1.068 0.931 0.991 0.995 0.020 73.09
3F 17.594 17 0.415 1.035 0.929 0.996 0.997 0.014 71.594
3G 21.341 17 0.211 1.255 0.913 0.967 0.980 0.038 75.341

3H 11.217 7 0.129 1.602 0.918 0.925 0.965  0.059 51.217

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good model fit.
Model F is outlined to emphasize best conceptual agreement with acceptable indices of fit.

Fig.3. 3A: Memory as two composite scores. 3B: Memory as an aggregate latent variable. 3C: Memory
as two latent variables. 3D: Removal of nonsignificant estimates between memory and CSU. 3E:
Removal of nonsignificant covariances between memory and fatigue. 3F: Removal of nonsignificant
estimate between RM and adherence. 3G Removal of nonsignificant estimate between PM and adherence.
3H: Removal of RM from the model. Single-headed arrows represent unstandardized path estimates.
Double-headed arrows represent covariances. Estimates and covariances with p values <.05 are indicated
with *s. adh: adherence latent variable comprised of the Medication Management Efficiency Scale from
the Beliefs Related to cCART Adherence (b) and the medication event monitoring system (m). csu:
compensatory strategy use frequency from the Prospective Memory for Medications Questionnaire. e:
residual error. fat: fatigue from The Profile of Mood States Fatigue-Inertia subscale. pml: prospective
memory latent variable comprised of the Memory for Intentions Screening Test (MIST) 15-minute (15)
and 24-hour (24) delay trials. pmz: prospective memory composite score. rml: retrospective memory
latent variable comprised of the California Verbal Learning Test — Second edition delayed free recall
score (c¢) and the Logical Memory delayed free recall score (I) from the Wechsler Memory Scale Ill. rmz:
retrospective memory composite score.
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Figure 4. Assessing direct effects of fatigue and memory on adherence.
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Figure 4. Assessing direct effects of fatigue and memory on adherence (continued).

Model Fit
CMIN DF p CMIN/DF  NFI TLI CFI  RMSEA AIC
4A 7.992 11 0.714 0.727 0.959 1.033 1.000 0.000 55.992
4B 8.288 12 0.762 0.691 0.957 1.037 1.000 0.000 54.288
4C 11.63 12 0.476 0.969 0.94 1.004 1.000 0.000 57.63
Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good model fit.

Fig.4. 4A: Default model. 4B: Removal of nonsignificant estimate between RM and adherence. 4C:
Removal of nonsignificant estimate between PM and adherence. Single-headed arrows represent
unstandardized path estimates. Double-headed arrows represent covariances. Estimates and covariances
with p values <.05 are indicated with *s. adh: adherence latent variable comprised of the Medication
Management Efficiency Scale from the Beliefs Related to cART Adherence (b) and the medication event
monitoring system (m). e: residual error. fat: fatigue from The Profile of Mood States Fatigue-Inertia
subscale. pml: prospective memory latent variable comprised of the Memory for Intentions Screening
Test 15-minute (15) and 24-hour (24) delay trials. rml: retrospective memory latent variable comprised of
the California Verbal Learning Test — Il (c) and Logical Memory |1 (1).
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Figure 5. Assessing interactive effects between fatigue and memory on adherence.
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Figure 5. Assessing interactive effects between fatigue and memory on adherence (continued).
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Model Fit
CMIN DF p CMIN/DF NFI TLI CFI RMSEA AIC
5A 62.40 38 0.008 1.642 0.842 0.896 0.928 0.060 140.40
oB 65.21 40 0.007 1.630 0.835 0.898 0.926 0.060 139.21
5C 68.66 40 0.003 1.717 0.826 0.884 0.916 0.064 142.66

Note. Gray denotes significant chi-square results, one indicator of poor model fit.

Fig.5. 5A: Default model. 5B: Removal of nonsignificant estimates between RM/FRM and adherence.
5C: Removal of nonsignificant estimates between PM/FPM and adherence. Single-headed arrows
represent unstandardized path estimates. Double-headed arrows represent covariances. Estimates and
covariances with p values <.05 are indicated with *s. adh: adherence latent variable comprised of the
Medication Management Efficiency Scale from the Beliefs Related to cCART Adherence (b) and the
medication event monitoring system (m). e: residual error. fat: fatigue from The Profile of Mood States
Fatigue-Inertia subscale. FPM: latent variable of the interaction between fatigue and prospective memory
comprised of product constants for fatigue and the Memory for Intentions Screening Test 15-minute (F15)
and 24-hour (F24) delay trials. FRM: latent variable of the interaction between fatigue and retrospective
memory comprised of product constants for fatigue and the California Verbal Learning Test — Il (FC) and
Logical Memory (FL) from the Wechsler Memory Scale I11. pml: prospective memory latent variable
comprised of the MIST 15-minute (15) and 24-hour (24) delay trials. rml: retrospective memory latent
variable comprised of the California Verbal Learning Test — Il (c) and Logical Memory 11 (1).
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Figure 6. Assessing mediating effects of fatigue on memory and adherence.
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Figure 6. Assessing mediating effects of fatigue on memory and adherence (continued).

0,42607 0,2351

D.
E.
Model Fit
CMIN DF p CMIN/DF NFI TLI CFI RMSEA AIC
6A 7.688 9 0.566 0.854 0.961 1.018 1.000 0.000 59.688

6B 7.701 10 0.658 0.658 0.961 1.028 1.000 0.000 57.701
6C 7.996 11 0.714 0.727 0.959 1.016 1.000 0.000 55.996
6D 7.688 10 0.659 0.769 0.961 1.012 1.000 0.000 57.688
6E 11.382 11 0.412 1.035 0.942 0.996 0.998  0.014 59.382
Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good model fit.

Fig.6. 6A: Default model. 6B: Removal of nonsignificant estimate between RM and fatigue. 6C:
Removal of nonsignificant estimate between RM and adherence. 6D: Removal of nonsignificant estimate
between PM and fatigue. 6E: Removal of nonsignificant estimate between PM and adherence. Single-
headed arrows represent unstandardized path estimates. Double-headed arrows represent covariances.
Estimates and covariances with p values <.05 are indicated with *s. adh: adherence latent variable
comprised of the Medication Management Efficiency Scale from the Beliefs Related to CART Adherence
(b) and the medication event monitoring system (m). e: residual error. fat: fatigue from The Profile of
Mood States Fatigue-Inertia subscale. pml: prospective memory latent variable comprised of the MIST
15-minute (15) and 24-hour (24) delay trials. rml: retrospective memory latent variable comprised of the
California Verbal Learning Test — 11 (c) and Logical Memory 11 (1).
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Figure 7. Assessing mediating effects of memory on fatigue and adherence.
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Figure 7. Assessing mediating effects of memory on fatigue and adherence (continued).

Model Fit
CMIN DF p CMIN/DF  NFI TLI CFI  RMSEA AIC
7A 46.434 10 0.000 4.643 0.762 0.56 0.791  0.144 96.434
7B 1.392 3 0.707 0.464 0.984 1.070 1.000 0.000 35.392
7C 4.673 3 0.197 1.558 0.965 0.955 0986  0.056 38.673

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good model fit.
Gray denotes significant chi-square results, one indicator of poor model fit.

Fig.7. 7A: Default model. 7B: Removal of RM from the model. 7C: Removal of PM from the model.
Single-headed arrows represent unstandardized path estimates. Double-headed arrows represent
covariances. Estimates and covariances with p values <.05 are indicated with *s. adh: adherence latent
variable comprised of the Medication Management Efficiency Scale from the Beliefs Related to cCART
Adherence (b) and the medication event monitoring system (m). e: residual error. fat: fatigue from The
Profile of Mood States Fatigue-Inertia subscale. pml: PM latent variable comprised of the MIST 15-
minute (15) and 24-hour (24) delay trials. rml: RM latent variable comprised of the California Verbal
Learning Test — Il (c) and Logical Memory 11 (I).
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Figure 8. Assessing direct effects of fatigue, memory, and strategy use on adherence.
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Figure 8. Assessing direct effects of fatigue, memory, and strategy use on adherence (continued).

D.

0,41702  0,5351
895,44 .80

fat
! 9128
28,64, 247 62
k3095 .
: O
0,7.30

Model Fit
CMIN DF p CMIN/DF NFI TLI CFI RMSEA AlC

8A 16.731 12 0.160 1.394 0.932 0.949 0978  0.047 80.731
8B 17.089 16 0.380 1.068 0.931 0.991 0.995  0.020 73.089
8C 17.594 17 0.415 1.035 0.929 0.996 0.997 0.014 71.594

8D 21.341 17 0.211 1.255 0.913 0.967 0.980 0.038 75.341
Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good model fit.
Model 8C is outlined to emphasize best model fit.

Fig.8. 8A: Default model. 8B: Removal of nonsignificant covariances. 8C: Removal of nonsignificant
estimate between RM and adherence. 8D: Removal of nonsignificant estimate between PM and
adherence. Single-headed arrows represent unstandardized path estimates. Double-headed arrows
represent covariances. Estimates and covariances with p values <.05 are indicated with *s. adh: adherence
latent variable comprised of the Medication Management Efficiency Scale from the Beliefs Related to
CART Adherence (b) and the medication event monitoring system (m). csu: compensatory strategy use
frequency from the Prospective Memory for Medications Questionnaire. e: residual error. e: residual
error. fat: fatigue from The Profile of Mood States Fatigue-Inertia subscale. pml: PM latent variable
comprised of the MIST 15-minute (15) and 24-hour (24) delay trials. rml: RM latent variable comprised
of the California Verbal Learning Test — Il (¢) and Logical Memory 11 (1).
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Figure 9. Assessing mediating effects of strategy use on memory and adherence.
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Figure 9. Assessing mediating effects of strategy use on memory and adherence (continued).
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Figure 9. Assessing mediating effects of strategy use on memory and adherence (continued).

Model Fit
CMIN DF p CMIN/DF NFI TLI CFI RMSEA AIC

9A 32.929 15 0.005 2.195 0.866 0.847 0.918 0.082 90.929

9B 32.970 16 0.007 2.061 0.866 0.864 0.922 0.078 88.970

9C 33.480 17 0.010 1.969 0.864 0.876 0925 0.074 87.480

9D 32.977 16 0.007 2.061 0.866 0.864 0922 0.078 88.977

9E 37.222 17 0.003 2.190 0.849 0.847 0.907 0.082 91.222
Note. Gray denotes significant chi-square results, one indicator of poor model fit.

Fig.9. 9A: Default model. 9B: Removal of nonsignificant estimate between RM and CSU. 9C: Removal
of nonsignificant estimate between RM and adherence. 8D: Removal of nonsignificant estimate between
PM and CSU. 9E: Removal of nonsignificant estimate between PM and adherence. Single-headed arrows
represent unstandardized path estimates. Double-headed arrows represent covariances. Estimates and
covariances with p values <.05 are indicated with *s. adh: adherence latent variable comprised of the
Medication Management Efficiency Scale from the Beliefs Related to cCART Adherence (b) and the
medication event monitoring system (m). csu: compensatory strategy use frequency from the Prospective
Memory for Medications Questionnaire. e: residual error. e: residual error. fat: fatigue from The Profile of
Mood States Fatigue-Inertia subscale. pml: PM latent variable comprised of the MIST 15-minute (15) and
24-hour (24) delay trials. rml: RM latent variable comprised of the California Verbal Learning Test — Il
(c) and Logical Memory 11 (1).
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Figure 10. Assessing interactive effects between fatigue and strategy use on adherence.
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Figure 10. Assessing interactive effects between fatigue and strategy use on adherence (continued).

D 0,41619 0,5568
' 825, 44.80

fat

20.64, 24762
a0 9&»

csu

30.95, 8872.30

FCS

Model Fit
CMIN DF p CMIN/DF NFI TLI CFI RMSEA AIC

10A 20.330 15 0.160 1.36 0.920 0.941 0976  0.045 98.330
10B 24.574 23 0.373 1.068 0.903 0.989 0993 0.020 86.574
10C 25.072 24 0.402 1.045 0.901 0.993 0995 0.016 85.072
10D 28.841 24 0.226 1.202 0.886 0.967 0978 0.034 88.841
Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good model fit.

Fig.10. 10A: Default model. 10B: Removal of nonsignificant covariances. 10C: Removal of
nonsignificant estimate between RM and adherence. 10D: Removal of nonsignificant estimate between
PM and adherence. Single-headed arrows represent unstandardized path estimates. Double-headed arrows
represent covariances. Estimates and covariances with p values <.05 are indicated with *s. adh: adherence
latent variable comprised of the Medication Management Efficiency Scale from the Beliefs Related to
CART Adherence (b) and the medication event monitoring system (m). csu: compensatory strategy use
frequency from the Prospective Memory for Medications Questionnaire (PMMQ). e: residual error. fat:
fatigue from The Profile of Mood States Fatigue-Inertia subscale (POMS-FI). FCS: latent variable of the
interaction between fatigue and strategy use comprised of product constants for the POMS-FI and the
PMMQ. pml: PM latent variable comprised of the MIST 15-minute (15) and 24-hour (24) delay trials.
rml: RM latent variable comprised of the California VVerbal Learning Test — Il (c) and Logical Memory Il

(D).
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Figure 11. Assessing interactive effects between memory and strategy use on adherence.
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Figure 11. Assessing interactive effects between memory and strategy use on adherence (continued).
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Figure 11. Assessing interactive effects between memory and strategy use on adherence (continued).
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Figure 11. Assessing interactive effects between memory and strategy use on adherence (continued).

Model Fit
CMIN DF p CMIN/DF NFI TLI CFlI RMSEA  AIC

11A 37.91 35 0.338 1.083 0.902 0.983 0.991 0.022  147.910

11B 40.926 47 0.721 0.871 0.895 1.026 1.000 0.000 126.296
110 No text output- estimated variances of one variable failed to be positive, which interfered with
attempt to fit the model by computing a standardized regression weight
No text output- estimated variances of one variable failed to be positive, which interfered with
attempt to fit the model by computing a standardized regression weight
11E 28.719 31 0.584 0.926 0.895 1.015 1.000 0.000 96.719
11F 31.070 31 0.463 1.002 0.903 1.000 1.000 0.004  99.070

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good model fit.

11D

Fig.11. 11A: Default model. 11B: Removal of nonsignificant covariates. 11C: Removal of nonsignificant
estimates between RM/CSRM and adherence. 11D: Removal of nonsignificant estimates between
PM/CSPM and adherence. 11E: Removal of CSRM. 11F: Removal of CSPM. Single-headed arrows
represent unstandardized path estimates. Double-headed arrows represent covariances. Estimates and
covariances with p values <.05 are indicated with *s. adh: adherence latent variable comprised of the
Medication Management Efficiency Scale from the Beliefs Related to cCART Adherence (b) and the
medication event monitoring system (m). CSPM: latent variable of the interaction between strategy use
and prospective memory comprised of product constants for the PMMQ and the Memory for Intentions
Screening Test 15-minute (CS15) and 24-hour (CS24) delay trials. CSRM: latent variable of the
interaction between strategy use and retrospective memory comprised of product constants for the PMMQ
and the California Verbal Learning Test — Il (CSC) and Logical Memory (CSL) from the Wechsler
Memory Scale Il1. csu: compensatory strategy use frequency from the Prospective Memory for
Medications Questionnaire (PMMQ). e: residual error. fat: fatigue from The Profile of Mood States
Fatigue-Inertia subscale. pml: PM latent variable comprised of the MIST 15-minute (15) and 24-hour (24)
delay trials. rml: RM latent variable comprised of the California Verbal Learning Test — 11 (¢) and Logical
Memory 11 (1).
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Figure 12. Determination of the best-fitting model.
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Figure 12. Determination of the best-fitting model (continued).

Model Fit
CMIN DF P CMIN/DF NFI TLI CFI  RMSEA AIC
8C | 17.594 17 0.415 1.035 0.929 0.996 0.997 0.014 71.594
3F | 17.594 17 0.415 1.035 0.929 0.996 0.997 0.014 71594
12A | 17.594 17 0.415 1.035 0.929 0.996 0.997 0.014 71594
12B | N/A - the model is not recursive

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good
model fit. Model 8C is outlined to emphasize best model fit.

Fig.12. 12A: Assessment of mediating effects of strategy use on fatigue and adherence. 12B: Assessment

of the relative effects of fatigue and strategy use on one another. 8C and 3F refer to Figures 8 and 3
respectively, as candidates of the best-fitting Aim 1 model. Single-headed arrows represent

unstandardized path estimates. Double-headed arrows represent covariances. Estimates and covariances

with p values <.05 are indicated with *s. adh: adherence latent variable comprised of the Medication

Management Efficiency Scale from the Beliefs Related to cART Adherence (b) and the medication event

monitoring system (m). csu: compensatory strategy use frequency from the Prospective Memory for

Medications Questionnaire. e: residual error. fat: fatigue from The Profile of Mood States Fatigue-Inertia
subscale. pml: PM latent variable comprised of the MIST 15-minute (15) and 24-hour (24) delay trials.
rml: RM latent variable comprised of the California VVerbal Learning Test — Il (c) and Logical Memory Il

).
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Figure 13. Covariate analyses.
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Figure 13. Covariate analyses (continued).
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Figure 13. Covariate analyses (continued).
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Figure 13. Covariate analyses (continued).
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Figure 13. Covariate analyses (continued).
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Figure 13. Covariate analyses (continued).

Model Fit
CMIN DF P CMIN/DF  NFI TLI CFI  RMSEA AIC

13A/8C[ 17594 17 0.415  1.035 0929 0.996 0.997 0.014 71.594
13B | 34587 26 0.121 1.33 0924 0.955 0979 0.043 136.587
13C | 50.167 32 0.021  1.568 0.890 0.922 0955 0.057 140.167
13D | 32324 26 0.183 1.243 0919 0969 0982 0.037 110.324
13E [ 46.169 28 0017  1.649 0.879 0913 0946 0.061 120.169
13F | 26984 22 0.212 1.227 0921 0973 0984 0.036 90.984
13G | 30.023 21 0.092 1.430 0.894 0.938 0.964 0.049 96.023
13H | 24264 19 0.186 1.277 0920 0.963 0.980 0.040 94.264
131 |1 33.383 24 0.096 1.391 0.907 0.944 0970 0.047 115.383
13J | 20459 20 0430 1.023 0929 0.997 0998 0.011 88.459

13K ] 20.586 22 0.546  0.936 0929 1.009 1.000 0.000 84.586

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good
model fit. Gray denotes significant chi-square results, one indicator of poor model fit.

Fig.13. 13A: Best-fitting Aim 1 model. 13B: Default covariate model. 13C: Removal of nonsignificant
covariances. 13D: Removal of age. 13E: Removal of pill burden. 13F: Removal of age and pill burden.
13G: Removal of depression and pill burden. 13H: Removal of age and depression. 131: Removal of
depression. 13J: Inclusion of global clinical rating score (gcr). 13K: Removal of non-significant
estimates. Single-headed arrows represent unstandardized path estimates. Double-headed arrows
represent covariances. Estimates and covariances with p values <.05 are indicated with *s. adh: adherence
latent variable of the Medication Management Efficiency Scale from the Beliefs Related to CART
Adherence (b) and the medication event monitoring system (m). age: participant age. bur: total pill
burden. csu: compensatory strategy use frequency from the Prospective Memory for Medications
Questionnaire. dep: depression from The Profile of Mood States Depression-Dejection subscale. e:
residual error. fat: fatigue from The Profile of Mood States Fatigue-Inertia subscale. gcr: global clinical
rating score. pml: PM latent variable comprised of the MIST 15-minute (15) and 24-hour (24) delay trials.
rml: RM latent variable comprised of the California VVerbal Learning Test — Il (c) and Logical Memory Il

(.
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Figure 14. Depressive symptomatology as replacement for fatigue.
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Figure 14. Depressive symptomatology as replacement for fatigue (continued).

C 0,415.81 0, 56.66
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Ksar
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Model Fit
CMIN DF P CMIN/DF NFI TLI CFI RMSEA AlC

14A/8C| 17594 17 0.415 1.035 0929 0996 0.997 0.014 71.594
14B | 29.247 17 0.032 1.72 0.876  0.903 0.941 0.064 83.247

14C | 25.168 17 0.091 1.48 0.893 0.935 0.961 0.052 79.168

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good
model fit. Gray denotes significant chi-square results, one indicator of poor model fit.

Fig.14. 14A: Best-fitting Aim 1 model. 14B: Replacement of fatigue with depression. 14C: Adjustment
of covariances. Single-headed arrows represent unstandardized path estimates. Double-headed arrows
represent covariances. Estimates and covariances with p values <.05 are indicated with *s. adh: adherence
latent variable of the Medication Management Efficiency Scale from the Beliefs Related to cCART
Adherence (b) and the medication event monitoring system (m). csu: compensatory strategy use
frequency from the Prospective Memory for Medications Questionnaire. dep: depression from The Profile
of Mood States Depression-Dejection subscale. e: residual error. fat: fatigue from The Profile of Mood
States Fatigue-Inertia subscale. pml: PM latent variable comprised of the MIST 15-minute (15) and 24-
hour (24) delay trials. rml: RM latent variable comprised of the California Verbal Learning Test — 11 (c)
and Logical Memory 11 (1).
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Figure 15. Relationships between memory, fatigue, strategy use, perceived efficacy, and medication-
taking behavior.
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Figure 15. Relationships between memory, fatigue, strategy use, perceived efficacy, and medication-
taking behavior (continued).

825, 4480

2864, 24762

0,426.49

Model Fit
CMIN DF P CMIN/DF NFlI TLI CFI RMSEA AIC

15A/8C| 17.594 17 0.415 1.035 0929 099 0.997 0.014 71.594
15B | 15.710 15 0.402  1.047 0936 0994 0.997 0.016 73.710
15C | 15.247 12 0.228 1.271 0934 0973 0.984 0.039 61.247

15D | 14.672 12 0.260 1.223 0901 0.963 0.979 0.036 60.672

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good
model fit.

Fig.15. 15A: Best-fitting Aim 1 model. 15B: Separation of adherence contributors from the latent
variable. 15C: Perceived efficacy alone. 15D: Medication taking behavior alone. Single-headed arrows
represent unstandardized path estimates. Double-headed arrows represent covariances. Estimates and
covariances with p values <.05 are indicated with *s. adh: adherence latent variable of the Medication
Management Efficiency Scale from the Beliefs Related to cCART Adherence (bmmes) and the medication
event monitoring system (mems). csu: compensatory strategy use frequency from the Prospective
Memory for Medications Questionnaire. e: residual error. fat: fatigue from The Profile of Mood States
Fatigue-Inertia subscale. pml: PM latent variable comprised of the MIST 15-minute (15) and 24-hour (24)
delay trials. rml: RM latent variable comprised of the California Verbal Learning Test — Il (¢) and Logical
Memory 11 (1).
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Figure 16. Effects of PM delay interval on the final model.
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Model Fit
CMIN DF P CMIN/DF NFI TLI CFI  RMSEA AIC
16A/8C| 17594 17 0.415 1.035 0929 0.996 0.997 0.014 7159
16B | 19.175 12 0.084  1.598 0.912 0.936 0.963 0.058 65.175

16C | 29.273 12 0.004  2.439 0.856 0.834 0.905 0.090 75.273

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good
model fit. Gray denotes significant chi-square results, one indicator of poor model fit.

0,41500  0,5869

59, 64

MIST-24

Fig.16. 16A: Refers to the best-fitting Aim 1 model. 16B: MIST-15 alone. 16C: MIST-24 alone. Single-
headed arrows represent unstandardized path estimates. Double-headed arrows represent covariances.
Estimates and covariances with p values <.05 are indicated with *s. csu: compensatory strategy use
frequency from the Prospective Memory for Medications Questionnaire. e: residual error. fat: fatigue
from The Profile of Mood States Fatigue-Inertia subscale. MIST-15: Memory for Intentions Screening
Test 15-minute delay subscore. MIST-24: Memory for Intentions Screening Test 24-hour delay subscore.
rml: RM latent variable comprised of the California VVerbal Learning Test — Il (c) and Logical Memory Il

(D).

[169]



Figure 17. The aim 1 final model.
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Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good
model fit.

Fig.17. Best-fitting Aim 1 model. Single-headed arrows represent unstandardized path estimates. Double-
headed arrows represent covariances. Estimates and covariances with p values <.05 are indicated with *s.
adh: adherence latent variable of the Medication Management Efficiency Scale from the Beliefs Related
to cART Adherence (b) and the medication event monitoring system (m). csu: compensatory strategy use
frequency from the Prospective Memory for Medications Questionnaire. e: residual error. fat: fatigue
from The Profile of Mood States Fatigue-Inertia subscale. pml: PM latent variable comprised of the MIST
15-minute (15) and 24-hour (24) delay trials. rml: RM latent variable comprised of the California Verbal

Learning Test — Il (c) and Logical Memory 11 (I).
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Figure 18. Changes in fatigue and perceived efficacy.

fat time 1 fat time 2 bmmes time 2 bmmes time 1

O © -

Model Fit
CMIN DF P CMIN/DF NFI TLI CFI RMSEA AIC

18 | 5.615 2 0.060  2.807 0941 0878 0.959 0.180 21.615
Note. Gray denotes significant chi-square results, an indicator of poor model fit.

Fig.18. Single-headed arrows represent unstandardized path estimates. Double-headed arrows represent
covariances. Estimates and covariances with p values <.05 are indicated with *s. bmmes: perceived
efficacy from the Beliefs Related to cART Adherence Medication Management Efficiency Scale. e:
residual error. fat: fatigue from The Profile of Mood States Fatigue-Inertia subscale. I: intercept. S: slope.
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Figure 19. Changes in strategy use and perceived efficacy.

csu time 1 csu time 2 bmmes time 2 bmmes time 1

O G

Model Fit
CMIN DF P CMIN/DF NFI TLI CFI RMSEA AIC

19 | 1.429 2 0.489 0.714 0985 1.020 1.000 0.000 17.429
Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good
model fit.

Fig.19. Single-headed arrows represent unstandardized path estimates. Double-headed arrows represent
covariances. Estimates and covariances with p values <.05 are indicated with *s. bmmes: perceived
efficacy from the Beliefs Related to cCART Adherence Medication Management Efficiency Scale. csu:
compensatory strategy use frequency from the Prospective Memory for Medications Questionnaire. e:
residual error. I: intercept. S: slope.
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Figure 20. Changes in memory and perceived efficacy.
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Figure 20. Changes in memory and perceived efficacy (continued).
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Figure 20. Changes in memory and perceived efficacy (continued).

Model Fit
CMIN DF P CMIN/DF  NFlI TLI CFI  RMSEA AIC
20A | 26.225 9 0.002 2914 0.773 0.714 0.828 0.185 50.225
20B | 10.059 9 0.346  1.118 0.821  0.957 0974 0.046 34.059
20C | 0.037 2 0.982 0.018 0999 1.148 1.000 0.000 16.037

20D | 33.690 17 0.009  1.982 0.783 0.784 0.869 0.132 71.69

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good
model fit. Gray denotes significant chi-square results, an indicator of poor model fit.

Fig.20. 20A: RM and perceived efficacy. 20B: PM and perceived efficacy. 20C: MIST-15 and perceived
efficacy. 20D: RM, MIST-15, and perceived efficacy. Single-headed arrows represent unstandardized
path estimates. Double-headed arrows represent covariances. Estimates and covariances with p values
<.05 are indicated with *s. bmmes: perceived efficacy from the Beliefs Related to cCART Adherence
Medication Management Efficiency Scale. e: residual error. pml: PM latent variable comprised of the
MIST 15-minute (15) and 24-hour (24) delay trials. rml: RM latent variable comprised of the California
Verbal Learning Test — Il (c) and Logical Memory I1 (I). I: intercept. S: slope. t1: time 1. t2: time 2.
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Figure 21. The aim 2 final model.

fat time 1

fat time 2

csu time 1

csu time 2

bmmes time 2

O ©

bmmes time 1

Model Fit
CMIN DF P CMIN/DF NFI TLI CFI RMSEA AIC
18 | 5.615 2 0.060  2.807 0941 0878 0.959 0.180 21.615
19 | 1.429 2 0.489 0.714 0985 1.020 1.000 0.000 17.429
20A | 26.225 9 0.002 2914 0.773 0.714 0.828 0.185 50.225
20B | 10.059 9 0.346  1.118 0.821  0.957 0.974 0.046 34.059
20C | 0.037 2 0.982 0.018 0999 1.148 1.000 0.000 16.037
20D | 33.690 17 0.009  1.982 0.783 0.784 0.869 0.132 71.69
21 | 6.601 6 0.359  1.100 0958 0.990 0.996 0.042 36.601

Note. Bold denotes model fit scores above peer-reviewed thresholds, thus indicating good
model fit. Gray denotes significant chi-square results, an indicator of poor model fit. Model
21 is outline to indicate best model fit.

Fig.21. Other aim 2 model fit indices are presented for ease of best-fit comparisons. Single-headed arrows
represent unstandardized path estimates. Double-headed arrows represent covariances. Estimates and
covariances with p values <.05 are indicated with *s. bmmes: perceived efficacy from the Beliefs Related
to CART Adherence Medication Management Efficiency Scale. csu: compensatory strategy use frequency
from the Prospective Memory for Medications Questionnaire. e: residual error. fat: fatigue from The
Profile of Mood States Fatigue-Inertia subscale. I: intercept. S: slope.
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